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Abstract

Time-of-flight secondary ion mass spectrometry (BIMS) is a powerful technique for the
analysis of organic surfaces and interfaces forymamovative technologies. However, despite
recent developments, there are still many issudschallenges hindering the robust, validated
use of ToF-SIMS for quantitative measurement. Thaskide: the lack of metrology and
fundamental understanding for the use of noveltetusrimary ion beams such ag,C and
Ar,000; the need for validated and robust measuremeidqois for difficult samples, such as
those with significant micron scale surface toppbsa the lack of guidance on novel data
analysis methods including multivariate analysigciwhhave the potential to simplify many
time-consuming and intensive analyses in industng the need to establish best practice to
improve the accuracy of measurements. This thesisritbes research undertaken to address the
above challenges. Sample topography and field teffeere evaluated experimentally using
model conducting and insulating fibores and compavéd computer simulations to provide
recommendation to diagnose and reduce the eff@et®. popular multivariate methods,
principal component analysis (PCA) and multivarieteve resolution (MCR), were explored
using mixed organic systems consisting of a sinmalymer blend and complex hair fibres
treated with a multi-component formulation to ewdd different multivariate and data
preprocessing methods for the optimal identifiegtitocalisation and quantification of the
chemical components. Finally, cluster ion beangg Gind Aggo.2500 Were evaluated on an
inorganic surface and an organic delta layer raeferematerial respectively to elucidate the
fundamental metrology of cluster ion sputtering pade the way for their use in organic depth
profiling. These studies provide the essential alegjical foundation to address frontier issues

in surface and nanoanalysis and extend the measat@apabilities of TOF-SIMS.
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Chapter 1. Introduction

Chapter 1 — Introduction

1.1 Surfaces and interfaces for industry

Time-of-flight secondary ion mass spectrometry (RIMS) is a popular surface analytical
technique for characterisation and problem solimga wide range of industries whose
products are reliant on surface and interfacialnibal properties. Examples include

semiconductors and electronics, lacquers and pac#talysts, medical devices, paper,
pharmaceuticals, packaging and high performancéngsa For many of these products, the
product performance is driven strongly by surfaoce iaterfacial chemistry, which is crucially

related to important physical properties includimgttability, adhesion, interaction with the
external environment and product lifetime. Measwets of the surface or interfacial

chemistry can aid product development, processmigdtion, failure analysis and quality
control in these industries, providing key inputpimduct innovation and enhancing product
competitiveness. There continues to be a strongitgran the use of organic materials in
industry, including complex molecules and polymérkere are numerous products where

organic surfaces and interfaces are of importahiceee examples are given below.

* Medical devices and drug delivery systeiier example, drug-eluting coronary stents,
inserted into arteries during angioplasty, are edatith a drug polymer matrix layer. The
drug is released over a period of time and redutsgtances of the artery reblocking. A
detailed understanding of the surface and intaafatiemistry of the drug coating and the
accurate, three-dimensional localisation of thegdroolecules within the coating is
absolutely essential in developing high performasteats that will deliver a steady dose
over the required period of time. The surface clsénes of medical devices are crucial in
determining their biocompatibility and lifetime, rfexample affecting cell adhesion

properties and biofilm formation.
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Home and personal care produciche development of new formulations in the peaton
care industry for hair and laundry applicationsuiegs good understanding of surface
chemistry. The technologies behind such produatsfast changing, challenging and
increasingly reliant on microscale surface propsrof fibres. Measurements of surface
chemistry at the microscale can aid the understgndif chemical mechanisms that
influence product performance. For example, hainddmners modify the surface
friction of hairs as they slide against each otMEasurements and understanding of the
adsorption behaviour of active conditioning ingesds will lead to the production of

more efficient and environmentally friendly prodsict

Organic electronics Driven by the development of conducting and semilcicting

polymers and molecules, organic electronics sucbrganic photovoltaics (OPV) and
organic LEDs (OLEDs) have the potential to revanise the electronics industry due to
the potential for low cost fabrication, low powepevation and increased efficiency.
These devices rely on fabricating thin, nano-stmext organic films. A major concern is
the performance, lifetime and efficiency of theseides, which depends critically on the
nanoscale chemistry of interfaces. Chemical analyaee important to diagnose
compositional changes, phase separation, intermjixmigration, degradation, and to

identify, localise and quantify contaminants.

The robust measurement of surface and interfadi@mestry is key to these complex

technologies and developments in measurement tpobsiare urgently needed, with the

requirement to achieve more chemical informationeeen full chemical structure at ever

improving spatial and depth resolutions.

Requirements for surface analysis

The importance of surface and interfaces arises fiioe fact that surface and interfacial

atoms are responsible for the interaction betwea#areint materials and with the external

environment. Analysis of surfaces present uniqualehges as the number of surface atoms
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is extremely limited compared to the number of aamthe bulk. For example, a typical
silicon (100) wafer measuring 1 cml cmx 1 mm would contain % 10?* silicon atoms in
total, with fewer than % 10" atoms, or 0.00025%, on the surface. The challenfjesrface
analysis are exacerbated for organic materials. &ffigrts restrict the signal availability for
organic surfaces. Firstly, the number of intactamig entities (e.g. organic molecules) on the
outermost surface is comparatively lower becausehefr large size. This problem is
especially acute if analyses are required at higtiial resolution. Secondly, organic materials
are prone to damage during analysis. Surface adsalyerefore requires a shallow
information depth for ultimate surface sensitivign analytical probe that causes low

chemical damage and extremely sensitive deteaticmiques.

1.3 Time-of-flight secondary ion mass spectrometry

Time-of-flight secondary ion mass spectrometry (RIMS) is a powerful and widely used
technique for surface chemical analysiBoF-SIMS is useful for the identification of trace
elements, organic molecules and polymers on sigfaggh better than 1 ppm sensitivity for
some molecules and down to ppb sensitivity for satements. ToF-SIMS is extremely
surface sensitive, with information only comingrfrdhe top nanometres of the sample in
static SIMS mode. Current instrumentation is capaiflimaging with an ultimate imaging
resolution of around 200 nm for organic specieseWbombined with cluster ion sputtering,
ToF-SIMS is capable of obtaining 3-dimensional edatal or molecular information with

best depth resolution of around 10 nm.

1.3.1 Principles of sputtering

In ToF-SIMS, the sample surface is bombarded bgreergetic primary ion beam in an ultra-
high-vacuum (UHV) environment. This desorbs surfapecies through a physical process
called sputtering. A small fraction (typically Qo 10 of the desorbed species are ionised.

They are referred to as secondary ions and araaett via the application of an extraction
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Figure 1.1 Schematic diagram of a linear collisicascade, reproduced with permission from

http://upload.wikimedia.org/wikipedia/commons/9/Mitkarcollisioncascadesput.png (2011).

voltage and analysed in a time-of-flight mass gpectter. The mass spectra show the
elements, molecules and molecular fragments osutace, and reflect the surface chemistry

of the sample.

When an energetic ion hits a surface, it startelision cascade. A schematic diagram of a
collision cascade is shown in Figure 1.1. The tarascade’ refers to multiple quasi-elastic
collisions in the target sample induced by the bardimg ions. In a simple collision cascade,
the momentum exchange between the ions and atotihhe material results in a small fraction
of surface atoms acquiring momentum in a direcawray from the bulk. If the transferred
energy is greater than the surface binding enefgth® material, then the atoms can be

ejected from the surface i.e. sputtered.

SIMS traditionally employs atomic primary ions suah Ga, Ar*, CS, and Ad, with the
impact energy range of around 0.5 — 30 keV. In thgime, the sputtering events can be
successfully characterised by the linear cascaderyhof Sigmund:* The linear cascade
theory assumes a low density of moving atoms irtdhget and each recoil collides only with
target atoms at rest. From this theory, the spotgeyield (the number of sputtered atoms per

incident ion) can be calculated using the totakrgyeleposited near the surface, the number
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of low-energy recoil atoms in the target, the fiactof these recoil atoms that come to the
surface, and the fraction that have sufficient gnéo overcome surface binding forces. Since
typically only atoms nearest to the surface cam@sche bulk, sputtering in the linear

cascade regime results in the ultrahigh surfacsiteéty seen in ToF-SIMS.

Over the last decade, there has been a signifroane towards using cluster ions, such as
Bin', Au,", SK", Cs0"" as primary projectiles in SIMS. Cluster primary soare associated
with massive enhancements in the sputter yield meywhat is expected from Sigmund’s
linear cascade theory. This means the sputterigld wif cluster ionX,, consisting oh atoms

of X impacting a target with enerdy is significantly higher than times the sputtering yield
of X each with a fraction of the total impact energy¥di. In many cases, the enhancements
in the yield can be as much as two orders of madeR® This enhancement arises from
higher energy densities deposited in the near seinfagion and the overlap of the collision
cascades generated by individual constituent atintse cluster primary ion. This forms a

dense collision cascade that does not satisfystenaptions for linear cascade theory.

A molecular dynamics simulation of a cluster iorpamt is shown in Figure 1.2, reproduced
from Postawaet al® Whilst the mechanism for cluster ion sputteringni yet precisely
understood, the general consensus is that atorim@pyr ions, such as Gaimplant deep into
the target causing substantial sub-surface damagedisplaced atoms), whilst only a small
amount of material is sputtered. SIMS analysestbyn& primary ions are therefore limited
by ion induced damage and restricted to the coiweaitstatic limit (of ~ 18 ions/nf). On
the other hand, cluster primary ions, such g Cdeposit their energy closer to the surface
and form a large impact crater from where a sigaift amount of material is sputtered.
Importantly, Go" causes less damage and displacements to the abesiayers and the
volume of displaced materials is comparable togjattering yield. This allows the sputter
removal of the material layer-by-layer without exdive build up of damage or mixing™
Compositional depth profiles can therefore be otegiunder prolongedee” bombardment,
even for delicate organic materials, and this hhasiged a major step change in the analytical

capability of SIMS.
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Figure 1.2 A cross-sectional view of the tempenadlution of a typical collision cascade in an Agl(1)
surface due to 15 keV Ga and;o?f bombardment at normal incidence. Reproduced wéimssion from

Reference 9. Copyright 2004 American Chemical Sgcie

1.3.2 Instrumentation

Figure 1.3 shows a schematic diagram of a typiaaF-$IMS instrument, of the pulsed
primary ion beam and single stage reflectron aealgesign? Typically, the primary ion

beam is accelerated by around 20 — 30 kV, pulsddaviypical pulse width of 25 ns and then
further bunched so that it arrives at the samptéiwi~ 1 ns. The primary ion pulse contains

several hundred primary ions which sputter seconuars from the sample. Thggimary
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Figure 1.3 Schematic diagram of the ION-ToF ToMSIIV mass spectrometer, provided by ION-TOF

GmbH (Muenster, Germany). Four major aspects oftémhnique are explored in this thesis and theee ar

labelled 1 — 4 on the diagram.

ion pulse provides a reference tor O for the time-of-flight measurement of the sedary
ions. The secondary ions are extracted into the-bfrflight mass analyser via the application
of an extraction voltage (typically —2000 V for jfoge secondary ions and +2000 V for
negative secondary ions). The extraction voltagerdenes the energy of the secondary ions
as they drift through the analyser along a fliglatthp which is roughly 2 m in length.
Secondary ions are separated by their mass simsgehéons have lower velocity than lighter
ions with the same kinetic energy. Some distante time flight path, the secondary ions are
reflected by an ion mirror which provides first erdenergy compensation. Since secondary
ions are typically emitted with a small spread @fekic energies of several é¥* the
reflectron analyser provides improved time-focuthatdetector for different ions of the same
species. At the end of the flight path, the seconaans are detected by a single ion counting
detector, consisting of a microchannel plate (MQR}ector coupled to time-to-digital
convertor (TDC) electronics. The spectrum obtaiwgti each primary ion pulse is collected

and summed over many pulses (typically 2A.0). Finally, the spectrum is converted from a
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‘time-of-flight’ scale into a mass scale via masdilration using a number of known
secondary ion§’ For insulating samples, charge compensation isssacy using an electron
flood gun during analysis. This delivers low ene(g\20 eV) electrons to the sample surface

to neutralise any charging by the positive primarybeam.

ToF-SIMS is a highly versatile technique capablegeherating mass spectra, images and
depth profiles of the sampt& ToF-SIMS images are obtained by rastering the amjnion
beam across the sample and collecting a mass gpeeatr each pixel. The resulting image
resolution depends on the primary ion beam focukanwell as the availability of signal.
Using a liquid metal ion gun (LMIG), a typical fogwf 3 — 5um is readily achievable with a
bunched pulse width of 1 ns in high mass resolutitode, but the beam focus can be
improved to around 100 nm by utilising longer prignaon pulses and compromising on the
mass resolution of the spectrdfrFor organic materials, the availability of moleausignal,
rather than beam focus, is a major limitation toe tlltimate spatial resolution
achievablé”*®1°ToF-SIMS depth profiles are obtained by alterrgtimass spectrometry or
imaging using a pulsed LMIG primary ion beam witle sputter removal of the sample layer-
by-layer using a cluster ion beam such gg CThis allows chemical species to be analysed
as a function of sputter depth. This ‘dual beanprapch has the advantage of combining the
high imaging resolution of the LMIG with the highutering rate and low damage af&.%°
The caveat is that the ion dose delivered by the@G.Nhust be at least two orders of
magnitude lower than the dose 0§C, to ensure that 4" is able to sputter away any

damage to the organic samples caused by the LI#6.

Currently, pulsed primary ion beam ToF-SIMS instems, such as the one illustrated in
Figure 1.3 and described above, are the most comimstrument design. Recently, an
alternative design utilising a DC cluster primaoy ibeam and pulsed analyser have become
available?® This new instrument design is specifically optietisor organic depth profiling.

By collecting and analysing all secondary ions tgyatl by the DC cluster primary ion beam,
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made possible by decoupling the sputtering evemn fthe secondary ion time-of-flight

measurement, improved sensitivities may be achievedyanic depth profiles.

Figure 1.3 also marks four major aspects of thartiggie which are explored in this thesis.

These will be discussed in the subsequent sections.

1.4 Recent developments and challenges

ToF-SIMS have been in continual development siree d@arly work of Professor Alfred
Benninghoven’s group at the University of Miinster the 19808*%* From its early
applications to the surface mass spectrometry mplsi organic and polymer surfac8s’
ToF-SIMS has evolved into a hugely powerful techiidor the analysis of complex organic
and biological structuréd:?® Figure 1.4 summarises some of these developmentshé
analysis of organic samples since 1990. In thedastde, the development of the technique
and applications has been largely driven by advancen beam technologies, shown in blue
on the figure. Whilst TOF-SIMS has been used foaging since its early day$the advent
of small cluster primary ions such as;Aand Bg' led to an explosion imolecularimaging
due to the orders-of-magnitude increase in molesdaondary ion yields using metal cluster
primary ions compared to their atomic counterpart§&a.° The introduction of S, Cgo™
and the recent argon cluster primary ion beamsppmew capabilities in molecular depth
profiling.3** As a result, 3D organic analyses are not only iptesdut are fast becoming
routine. The increase in imaging and 3D depth ingfianalyses (shown in green on
Figure 1.4) is also fuelled by the strong growthcomputing and data storage capabilities
which allows the raw data, consisting of a full TBAMMS mass spectrum at every pixel and
sputter time, to be recorded and retrospectiveyarsabf the data to be carried out efficiently.
These developments are timely as they coincide Whéhrequirement to study ever more
complex organic samples, from organic multilayerg).( packaging) to organic devices (e.qg.
organic electronics or drug delivery systems) aimdobical systems (e.g. cells or tissues),

shown in pink on Figure 1.4.
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Figure 1.4 A diagram illustrating the developmehtime-of-flight secondary ion mass spectrometry fo

organic samples since 1990. Developments in thieumgntation (blue) led to new types of analysesdn) and

applications (pink), which in turn result in newadytical challenges (yellow boxes).

The developments outlined above lead to significeaw challenges for ToF-SIMS analyses,

some of which are highlighted in the yellow boxesriagure 1.4. These include,

* Fundamental metrology for cluster ignsequired for the optimum use and future

development of novel cluster ion primary beams saglGo" and large argon clusters

+.
Ars00-2500;

e High ion yields and detector saturatiovaused by the enhanced secondary ion yields for

cluster primary ions as well as increased beanentuachievable with modern ion guns;

e Large volumes of datgenerated by ToF-SIMS imaging and 3D depth prafiliwhich

necessitates new methodologies for data analysyeniethe traditional ‘stare-and-

compare’ approach;
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e Complex samples with topographgspecially for samples relevant to industry and
emerging technologies such as the fibres, partiai@srofabricated devices such as

microfluidics and organic electronics.

In the growing field of organic SIMS, the abovet I developments and challenges is, of
course, far from exhaustive. Significant efforte aurrently underway to improve ionisation
efficiencies, for example using water vapour i@t water soft landing® matrix
enhancemeft and metal-assisted SIMS;to understand fragmentation of organic and
biomolecules®*to develop novel instrumentation, including newsmapectrometefs high
brightness large cluster sourf®® and event-by-event detectiéh;to explore new
applications from organic photovoltaics, nanopéetanalysis to biomaterials discovéiy*
and to compare SIMS with other bio- and nano-ar@lytmethods such as ambient mass
spectrometries and MALDF ™ These efforts are complemented by the developmwietite
metrology base for SIMS to ensure robust and viddlaneasurements, via a series of
interlaboratory studies leading to internationadnstards on repeatability, constancy and

accurate mass calibratidh.

1.5 Overview of the thesis

This research project aims to address growing mmeasant requirements in industry by
tackling the analytical challenges for ToF-SIMS cdissed above. The objectives are to
provide the essential metrological foundation tdrads frontier issues in surface and nano-
analysis and extend the measurement capabiliti@oBfSIMS. The research section of the
thesis is divided into seven chapters which areamisgpd around three themes covering the
aspects labelled on Figure 1.Bach chapter forms a self-contained study with sgpa

introduction, conclusion and references. An outbhéhe thesis is provided below.

1. Sample topography and field effects
In Chapter 2 and Chapter 3, a systematic study aslemof the effects of surface

topography and the resulting field effects in TdMS, combining an experimental
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approach using simple model systems with computerulations. This aims to

understand and quantify the key factors that gse to unwanted topographical artefacts
in ToF-SIMS images, and provide guidance to ansalyst diagnose, identify and

minimise topographic effects in practical analysthapter 2 covers the analysis of
conducting samples, using gold wires mounted oiliitos wafers as a model system.
Improvements are demonstrated on an anisotropiedtliged silicon device. Chapter 3
covers the analysis of insulating samples, usifg(ethylene terephthalate) (PET) fibres
as a model system. In particular, the influencetagography on effective charge

compensation is investigated.

Multivariate data analysis

Chapter 4 to Chapter 6 deal with multivariate asialywhich tackles the large volumes of
data generated in ToF-SIMS by using statisticahriéques to aid quantification and
identification. In Chapter 4, an overview is giveihmultivariate analysis followed by the
theory and concepts behind two popular methodscipal component analysis (PCA)
and multivariate curve resolution (MCR). In Chapbera ToF-SIMS image of a simple
immiscible polymer blend is used to evaluate PCAl aiCR for the accurate
identification, localisation and quantification tfe phase-separated polymer domains.
This highlights significant issues, including theadimination of chemical features from
noise, the resolution of weak chemical contribwgiamd the potential bias introduced by
data preprocessing. In Chapter 6, the study isvdetto a complex real-life sample from
industry, consisting of hair fibres pre-treatedhaat multi-component formulation. This is
challenging because of extreme topography, detectotinearity and a large number of
unknown chemical components. Recommendations asepted for the optimum use of
multivariate analysis by analysts, and guidangaravided to select the most appropriate

multivariate method and data preprocessing.
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3. Cluster primary ions
Chapter 7 and Chapter 8 cover two fundamental esudn cluster ion sputtering. In
Chapter 7, the basic issues ofC sputtering are explored using inorganic samples.
Sputtering yields are measured as a function ofashenergy, and the importance of
carbon deposition at low energies, carbon implaraand unusual sputter induced
topography are investigated. In Chapter 8, thentiateof organic depth profiling using
novel argon cluster ions &g to Arge are explored using an organic delta layer
reference sample. This shows superior performamee @™, including a constant and
high sputtering yield, an extremely low sputteruoed roughness and the potential to
achieve high depth resolution. The results indit¢htd argon cluster ions will have a

major role to play in the depth profiling of orgamnaterials.

Finally, in Chapter 9, a critical evaluation is @ivon the benefits and limitations of the
approaches taken in this study. Suggestions asndor future work that will further address

the challenges and extend the measurement capsbdit ToF-SIMS.

References

1 J. C. Vickerman and D. BriggepF-SIMS Surface Analysis by Mass Spectrometry
(IM Publications & Surface Spectra, Manchester,1300

2 P. Sigmund, Physical Reviel4,383 (1969).

3 M. P. Seah, C. A. Clifford, F. M. Green, and .|Glmore, Surface and Interface
Analysis37,444 (2005).

4 M. P. Seah, Nuclear Instruments & Methods in RisyResearch Section B-Beam
Interactions with Materials and Ator@9, 348 (2005).

5 D. Weibel, S. Wong, N. Lockyer, P. BlenkinsoppHRl, and J. C. Vickerman,
Analytical Chemistryr5, 1754 (2003).

6 R. Kersting, B. Hagenhoff, F. Kollmer, R. Molleend E. Niehuis, Applied Surface
Science231,261 (2004).

13



Chapter 1. Introduction

10

11

12

13

14

15

16

17

18

19

20

21

22

23

S. Bouneau, A. Brunelle, S. Della-Negra, J. Depdl Jacquet, Y. Le Beyec, M.
Pautrat, M. Fallavier, J. C. Poizat, and H. H. Asda, Physical Review 85,144106
(2002).

A. V. Samartsev, A. Duvenbeck, and A. Wucher,drtal Review Br2,115417
(2005).

Z. Postawa, B. Czerwinski, M. Szewczyk, E. J.18miN. Winograd, and B. J.
Garrison, The Journal of Physical Chemistry@,7831 (2004).

J. Cheng, A. Wucher, and N. Winograd, Journ&hofsical Chemistry B10,8329
(2006).

A. G. Shard, F. M. Green, P. J. Brewer, M. RibSand I. S. Gilmore, Journal of
Physical Chemistry B12,2596 (2008).

J. Schwieters, H. G. Cramer, T. Heller, U. Jnsgé&. Niehuis, J. Zehnpfenning, and
A. Benninghoven, Journal of Vacuum Science & Tetbappa-Vacuum Surfaces and
Films 9, 2864 (1991).

A. Delcorte and P. Bertrand, Surface Scieti® 413,97 (1998).

A. Delcorte, C. Poleunis, and P. Bertrand, Aggplsurface Scien@b2,6542 (2006).
F. M. Green, I. S. Gilmore, and M. P. Seah, Jalusf the American Society for Mass
Spectrometry 7,514 (2006).

R. N. S. Sodhi, Analydi29,483 (2004).

B. Hagenhoff, Mikrochimica Acta32,259 (2000).

F. Kollmer, Applied Surface Sciengadl,153 (2004).

T. L. Salter, J. L. S. Lee, I. S. Gilmore, M.S@ah, and A. G. Shard, presented at 17th
International Conference on Secondary lon Masst&pwetry, Toronto, Canada
(2009)

K. litgen, C. Bendel, A. Benninghoven, and EeiNiis, Journal of Vacuum Science &
Technology A: Vacuum, Surfaces, and Filtis 460 (1997).

C. Szakal, S. M. Hues, J. Bennett, and G. Gillére Journal of Physical Chemistry C
114,5338 (2009).

J. Brison, S. Muramoto, and D. G. Castner, Thenhl of Physical Chemistry Cl4,
5565 (2010).

J. S. Fletcher, S. Rabbani, A. Henderson, fkBisopp, S. P. Thompson, N. P.
Lockyer, and J. C. Vickerman, Analytical Chemisdfy; 9058 (2008).

14



Chapter 1. Introduction

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

P. Steffens, E. Niehuis, T. Friese, D. Greifehdd A. Benninghoven, Journal of
Vacuum Science & Technology A: Vacuum, Surfaced, flms3, 1322 (1985).

A. Benninghoven, Surface and Interface Anal§8i (2011).

D. Briggs, British Polymer Journ2l, 3 (1989).

M. C. Davies and R. A. P. Lynn, Clinical Maté¢si&, 97 (1990).

G. Gillen, A. Fahey, M. Wagner, and C. Mahorigyplied Surface Scien@52,6537
(2006).

D. Breitenstein, C. E. Rommel, R. Mollers, J.g&teer, and B. Hagenhoff,
Angewandte Chemie-International Editidé6, 5332 (2007).

D. Briggs and M. J. Hearn, Surface and Interfacalysis13,181 (1988).

G. Gillen, D. S. Simons, and P. Williams, Analgt Chemistry62,2122 (1990).

C. Szakal, S. Sun, A. Wucher, and N. Winogrampli&d Surface Scien@81,183
(2004).

S. Ninomiya, K. Ichiki, H. Yamada, Y. Nakata,Seki, T. Aoki, and J. Matsuo, Rapid
Communications in Mass Spectrome2d;, 1601 (2009).

T. Mouhib, A. Delcorte, C. Poleunis, and P. Bertl, Journal of the American Society
for Mass Spectrometr31, 2005 (2010).

G. Li, J. Cyriac, L. Gao, and R. Graham Cooksfd&ge and Interface AnalysAs,

498 (2011).

J. J. D. Fitzgerald, P. Kunnath, and A. V. Waglkaalytical Chemistry82,4413
(2010).

O. Restrepo, A. Prabhakaran, K. Hamraoui, N. MgeB. Yunus, P. Bertrand, and A.
Delcorte, Surface and Interface Analy$is 1030 (2010).

F. M. Green, E. J. Dell, I. S. Gilmore, and MSRah, International Journal of Mass
Spectrometry72,38 (2008).

M. P. Seah, F. V. Green, and I. S. Gilmore, Jalusf Physical Chemistry €14,5351
(2010).

C. Guillermier, S. Della Negra, R. D. Rickman,Rinnick, and E. A. Schweikert,
Applied Surface Scienc@s2,6529 (2006).

Y. Fujiwara, N. Saito, H. Nonaka, T. Nakanagal §. Ichimura, Nuclear Instruments
& Methods in Physics Research Section B-Beam Iotienas with Materials and
Atoms268,1938 (2010).

15



Chapter 1. Introduction

42

43

44

45

46

47

48

49

V. Pinnick, S. Rajagopalachary, S. V. Verkhotyila Kaledin, and E. A. Schweikert,
Analytical Chemistry80, 9052 (2008).

B.-Y. Yu, C.-H. Kuo, W.-B. Wang, G.-J. Yen, Slida, S.-Z. Chen, W.-C. Lin, S.-H.
Lee, W.-L. Kao, C.-Y. Liu, H.-Y. Chang, Y.-W. Yo(@,.-J. Chang, C.-P. Liu, J.-H.
Jou, and J.-J. Shyue, Analyis6,716 (2011).

D. Baer, D. Gaspar, P. Nachimuthu, S. TecharePa Castner, Analytical and
Bioanalytical Chemistr96,983 (2010).

A. L. Hook, D. G. Anderson, R. Langer, P. Witlig, M. C. Davies, and M. R.
Alexander, Biomaterial81, 187 (2010).

L. A. McDonnell and R. M. A. Heeren, Mass Spewctetry Review£6, 606 (2007).
J. C. Vickerman, Analy4i36,2199 (2011).

T. L. Salter, F. M. Green, I. S. Gilmore, M.S&ah, and P. Stokes, Surface and
Interface Analysigl3,294 (2011).

I. S. Gilmore, Journal of Surface Analys# 376 (2008).

16



Chapter 2. Topography effects: Conducting samples

Chapter 2 — Topography and field effects in SIMS: @nducting

samples

2.1 Introduction

Many technological devices possess significantaserftopography, including microfluidic
systems, MEMS, composite materials, catalystsreleics, sensors and biomedical devices.
The functionality and activity of these componergsoften critically dependent on their
nanoscale surface chemistry and molecular intenagtiand considerable effort is made to
study and characterise them. An example is theysisabf microfluidic channels for wetting
and other properties. Secondary ion mass spectrprif®&iMS) is a promising technique for
the study of surfaces due to its chemical sensitishd specificity. However, significant
topographic features in the scale of tens or evendteds of microns are commonly
encountered on these samples. This can cause mamanted artefacts in SIMS spectra and
images:™ which significantly hinder data interpretation andantification. As a result,
chemical characterisation of surfaces with micrtessd@pography remains a significant

challenge due to the lack of systematic and vaidlabteasurement methods.

The analysis of topographic sample is differenthte analysis of flat uniform surfaces in
many aspects and these are discussed in detdisithiapter. These issues broadly fall into

four categories:

1. Practical issues: Appropriate sample mountingdpographic samples is essential to
minimise field effects, to optimise the sample aoef potential (for insulating

samples) or to reduce sample charging.

2. Simple geometry effects: Due to the differentéhie angle of the primary ion beam

and the analyser with respect to the sample, tlagentoordinates can be distorted,
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and geometrical shadowing can occur when an aré@easample is not accessible to

the primary ion beam.

3. Sputtering behaviour: Many sputtering parameseesa function of the primary ion
incidence angle, which varies across samples wibodgraphy. This includes
sputtering yieldSand the energy and angular distribution of emigiecondary ion&®
For organic samples, changes to the spectra sutiealative intensity of organic

fragments have been observed at different incidangées:

4. Instrumental response: This arises from theaetn and mass analysis of secondary
ions from a sample with topography. For exampleosdary ions entering the
analyser at large angles may be lost because dafetinanalyser acceptance. For
instruments with pulsed primary ions, the time-gjkt for secondary ions originating
from different heights or positions may be shiftéehding to poorer overall mass
resolution. It has been shown for samples with metdetopography that the resulting
time-of-flight shift can be used to estimate thealoheight and partly restore the mass

resolution®®

This study primarily concerns time-of-flight SIMSTdF-SIMS) instruments. There are
essentially two types of instrument design — puls@ahary ion source (currently covers most
instruments) and DC primary ion source and pulseyser (a recent new desidfi)Here,
the effects 1 to 4 above, which apply generallpath instrument designs, are studied. One
important difference between the two designs i$ ithahe pulsed primary ion type, the ion
pulse is used to trigger the time-of-flight measweats for secondary ions, and the mass
resolution depends on, amongst other parameterspitead of flight times of the secondary
ions. This gives rise to poorer mass resolutiontépographic samples since higher sample
features may have shorter flight times. In the @dilanalyser design the secondary ions pass
continuously into the analyser (like conventionalquid chromatography mass
spectrometersy. The secondary ions are subsequently bunched &dimd then pulsed into a

time-of-flight analyser. Consequently, the masstmsand mass resolution are expected to
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be approximately independent of the topography. M/parts of this study are not relevant to

this instrument type, it is noted in the text.

The topographic effects described in this chapteradso relevant to SIMS instruments with
non time-of-flight analyser designs, such as quaalaior magnetic sector instruments, which
are expected to be affected similarly by samplemting, geometry, sputtering behaviour and
the distortion of the ion extraction field. Althdugnuch of this work will be applicable to

these instruments, they will not be discussed imedetail.

In this chapter, the effects of topography for amtohg samples are reported. The study is
extended to insulating samples using poly(ethytenephthalate) (PET) fibres in Chapter 3.
The aim of this study is to understand and quartié/key factors that give rise to unwanted
topographical artefacts in ToF-SIMS, and to proviggdance to recognise and reduce these
artefacts. This is done by combining an experimempa@roach using simple model systems
with computer modelling using ion trajectory sintidas in SIMION. The model systems
consist of conducting gold wires, with nominal deters of 33um, 60um and 125um. These
are chosen since gold is a model conductor exhgai few clear mass peaks, and gold wires
have well-controlled geometries and are easy taiobh a range of diameters. This allows
the variation of topographic field effects as adion of feature size to be studied at a scale
that is relevant to many real devices. For sampligs sub-micron topography, the field
effects are minimal and they are not studied hémgprovements after instrumental
optimisation are demonstrated on an anisotropicalghed silicon sample. To help with
practical analysis, the benefits of a simple sanmglieler with a V-shaped groove to reduce
topographic field effects are investigated. Elsewwhim Chapter 6, using hair fibres with
multi-component coatings, the rapid processing ighesolution ToF-SIMS images for
samples with topography using multivariate methsdsh as principal component analysis

(PCA) and multivariate curve resolution (MCR) avaleated.
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Figure 2.1 Method for mounting the wire sampledisethis study.

2.2 Experimental

Gold wires (with nominal diameters of @&, 60um and 125um) are obtained from
Goodfellow (Goodfellow Cambridge Ltd., HuntingdddK) and used as received, without
additional cleaning. The wires are mounted flataoelean silicon substrate using the method
shown in Figure 2.1. As we shall see later, itnpaortant that the wire is mounted in good
contact with the substrate. To do this, a sectibthe wire is first held under tension and
mounted onto the substrate by the applicationleéisdag (Agar Scientific) at each end. Two
additional wires are then held perpendicular tofite¢ wire and mounted on top, roughly a
quarter of the distance from the ends of the firse perpendicular wires hold down the first
wire such that the central area for analysis (ndhidke Figure 2.1) is in good contact with the
substrate. Naturally, the wire cannot be in perfemitact with the substrate, so the gap
between the wire and the substrate is estimatex) @i optical microscope. This is done by
measuring the difference in the stage height betwbe positions where the centre of the
wire and the substrate come into optical focus, et subtracting from this the nominal
diameter of the wire. It is found that good surfaocatact can be achieved between the wire

and the substrate using this mounting method, laad&p can be kept to less thamb.

The anisotropically etched silicon sample is kinglpvided by Professor Martin Prutton

(University of York). The full details of the sanepare provided in Reference 11. It consists
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of a Si(001) surface, where the oxide surface hetgithographically patterned and the
exposed areas are etched in ethylene diamene pscbch to a depth of 40m. This
produces multiple polyhedra with eight (331) faaed four (111) faces.

SIMS analyses are conducted using an ION-TOF IY#unsent (ION-TOF GmbH, Germany)
of single-stage reflectron desidfnFor all experiments, the analyser reflector vatagset to
+20 V and an extraction gap of 1.5 mm between #mepée and the extraction cone is used.
For extraction voltage experiments, the sampleeigt kat ground potential and a constant
extraction voltage (variable between —500 V and0620@) applied to the analyser extraction
cone to extract positive secondary ions. This mhlesian extraction field which roughly
covers the regime used in most ToF-SIMS instrumdfas extraction delay experiments, the
extraction voltage (set at —2000 V) is pulsed st thswitches on several tens of ns after the
pulsed primary ions hit the sample. Standard araliens and reflector settings are used
without further optimisation. For each analysetisgt a positive ion image is obtained for
each wire diameter using a focused Bjuid metal ion gun at 25 keV, incident @t 45 to

the sample normal for a flat sample. Images areised using an ion beam raster of 256 x
256 pixels. All secondary ion images are presemtdtie traditional manner with theandy
coordinates in the plane of a flat sample surfaoage analysis is conducted in Matlab v7.3
(The MathWorks, Inc., Natwick, MA, USA) using custaoutines. The intensities are first
summed over the observed length of the wire fongroved signal to noise ratio. Since the
wire radius and the image field of view are knoapriori, the originating positions of the
ions (expressed as an angl®n the wire with respect to the extraction direa}iis calculated
for each pixel using simple geometry, and theseuaesl to generate an angular intensity

profile for each wire image.

Computer modelling is carried out to calculate #draction field and secondary ion
trajectories, as follows. Models are set up in@mnaptics simulation software, SIMION 8.0
(Scientific Instrument Services Inc., Ringoes, N\BA), by placing cylinders of specified

diameters on a flat conductive substrate (bothratirgd potential). A flat extraction plate is
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placed 1.5 mm above the substrate to approximatentrance of the analyser cone. Unless
otherwise stated, the extraction voltage is kept28100 V and positive secondary ions are
emitted from the wire and the substrate surfacé wait initial energy of 2 eV at a direction
normal to the surface. The velocities and trajeesoof the secondary ions as they accelerate
towards the analyser entrance are recorded angisadalA simple assumption is made that
the angular acceptance of the analyser jsadd that secondary ions travelling with an angle
of more than 4° to the extraction plate normaltes/ tenter the analyser are unavailable for
detection. SIMION enables visualisation and ex@aime essential topographic field effects
observed experimentally but does not provide qtetite results, since the simple model
does not take into account the secondary ion opfitise analyser system, including focusing
lens, apertures and the use of dynamic emittan¢ehing® which have an effect on the ion

trajectories and acceptance of the system.

2.3 Results for a gold wire

2.3.1 Topographic field effects

The total secondary ion images of a gold wire, vatldiameter of 12hm, are shown in
Figure 2.2. The wire is orientated with its axehedi parallel to the azimuth of the incoming
primary ion beam direction (‘parallel alignment’y perpendicular to it (‘perpendicular
alignment’), and the total ion intensities are shaw both linear and logarithmic scales. It is
clear that the topography critically limits the i@gs from which sputtered secondary ions
may be detected, and chemical analysis over théewdrea is difficult. We first focus on the
results for parallel alignment. Only a thin centragion of the wire can be detected with
significant intensity, and signals from the sulistrare ‘shadowed’ in the vicinity of the wire.
The loss of ion intensities is caused by the sedg®ortion of the extraction field in the
presence of the conducting wire, and can be siedilasing SIMION. Figure 2.3a shows the
SIMION results along the cross-section of the witleis shows the equipotential lines (pink)

and example ion trajectories (red / blue) from adteting wire and the surrounding substrate
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Figure 2.2 Total ion images of a gold wire withamieter 125um using 25 keV Bi primary ions.
(a) Parallel alignment, linear intensity scale. Titedd of view on the substrate surface is %00 x 500um

(b) Parallel alignment, logarithmic intensity scdield of view 500um x 500um (c) Perpendicular alignment,
linear intensity scale, field of view 62Bn x 625um (d) Perpendicular alignment, logarithmic intepstale,
field of view 625um x 625um. In perpendicular alignment, the observed pasitd the wire in the SIMS
image (O), actual position of the wire if viewedrr above (A) and the shadow region (S) are marked b

arrows.

for secondary ions emitted normal to thefem@s with kinetic energy of 2eV. The
equipotential lines are curved around the condggample, and the secondary ions acquire a
large transverse velocity component as they arela@ted towards the mass analyser
extraction cone. Secondary ions from the sideshefwire and the adjacent substrate, with
trajectories shown by red lines, are lost due ®olimited angular acceptance of the single
reflectron analysetwhich is approximately 4 Because of the significant topography of this
example, the field effects completely dominate otrer increase in the sputtering yields
expected at grazing angles of incidence. Theref@ealo not see a strong enhancement of

secondary ion intensities at the sides of the wirdgich is observed sometimes for smaller
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Figure 2.3 (a) SIMION simulation of a conductingreyi with a diameter of 12mm, on a conducting
substrate, showing the equipotential lines of tkaetion field (pink lines) and the trajectory sputtered
secondary ions from the substrate and the wireus®y an analyser angular acceptance of 4°, thetlat are
detected are shown in blue, and the ions thataatealre shown in red. The extraction gap is 1.5 ameh the
extraction voltage is —2000 V. (b) Experimentaltessusing 25 keV Biprimary ions for gold wires of different
diameters (D) and mounting gap from the siliconssiatte (G), as a function of the extraction voltégen —-500
to —2000 V, showing the size of the substrate sa#for zero extraction voltage, the shadow is takelbe the
wire diameter. (c) Experimental results showing dbhservable width of the gold wiresim as a function of

the extraction voltage.

wires or for insulating fibres where topographieldi effects are much less significant.
Here these topographic effects are studied in ldietgprovide recommendations to analysts

for their reduction.
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2.3.2 Observable width of wire and shadow size

The extent of topographic effects for gold wiresr flifferent diameters and extraction
voltages, can be quantified using the total seagnda images obtained experimentally.
Figure 2.3b shows the size of the substrate shad@fimed by the position where the
substrate secondary ion intensity has fallen to %he plateau value for large distances
from the wire, for experimental data from gold wire@ith diameters of 3@m, 60um and
125um. For wires that are in good contact with the sals (solid lines), the shadow size
follows a power law for the wire diameter with arpenent of ~ 1.2 for each extraction
voltage, i.e. it is disproportionately more pronoed for larger wires. The shadow size also
increases sharply for poorly mounted wires thatraiged from the substrate (dotted lines).
This can be explained by the increased curvatutbeextraction field, as the equipotential
lines must contour around the raised samples. &igLdc shows the observable width of the
wires, defined as the full width half maximum ofetlthin central region in the total ion
images. Poor mounting (dotted lines) drasticalty@ases the topographic effects and reduces
the observable width. Typically, for well-mountedngples (solid lines) only 1Ljom of the
wires may be observed regardless of the wire demEkpressed in terms of the angleon

the wire with respect to the extraction direction]y ions from §{ < 26°, 13° and 7° can be
detected from the 38m, 60um and 125%um wires, respectively. Since the area available to
the primary ion beam ig/| < 9(°, this represents a severe limitation to the chah@nalysis

of the wire surface. The topographic features oleskhere are in good qualitative agreement
with those reported using a PHI nanoTOF instrum&htt differences in the magnitudes of
these effects arise from the different extractiottage, extraction gap and analyser design of

the nanoTOF instrument.

From Figure 2.3b and Figure 2.3c, it is clear ga@mhple mounting is crucial for the analysis
of topographic samples, and it is recommendeddbatiucting samples are in good contact
with a flat conductive substrate, which minimiske distortion in the extraction field. For

wires or fibres this can be achieved, for examp#eng the method shown in Figure 2.1. For
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all samples, topographic effects can be reducethbyuse of a smaller extraction voltage.

This will be discussed in more detalil later.

2.3.3 Effect of sample alignment

We now return to the images of the 126 gold wire acquired in perpendicular alignment,
shown in Figure 2.2c and Figure 2.2d in the lingard logarithmic intensity scale,
respectively. Due to geometry, the images are apatilistorted along the direction of the
primary ion beam, which is incident from the ridtgnd side. For angles of incidence other
than normal (typically@= 45° is used), the coordinates of the image aresmoply thexy
spatial coordinate on the sample, but are deperatetite heighkz. Features with a heiglat
are projected by a distanak=z/tané to the left of the true position, as illustrated i
Figure 1 in Reference 1. The effect for the wirepgrpendicular alignment is marked on
Figure 2.2d. The substrate shadow is marked byvai®o on the figure. The wire should be
in the middle of the shadow region if viewed frotmoge (marked by arrow ‘A’), but it is
recorded to the left instead (marked by arrow ‘OHe perceived diameter of the wire is also
increased bw2 to around 17@m. Careful analysis of the data shows that thengtst
intensities, which appear on the left hand sid¢éhefobserved position of the wire, actually
occur at the centre of the wirgg € 0°). Little intensity enhancement is observed am It
hand side of this bright area, despite the largengry ion angle of incidence compared to the
right hand side. Therefore, as in the horizontaginamhent, the topographic field effect
dominates the intensities in this image rather tth@nangle of incidence. Later, a method
using an extraction delay to reduce field effestpriesented so that the intensity changes due
to the angle of incidence could be observed. Ireganthe extent of geometric distortions,
angle of incidence effects and field effects aretniwial to predict, especially for a sample
without well-characterised topography. It is recoemaled that samples should be analysed in
an orientation that minimises geometrical distorsioif possible. For the remainder of this

thesis, | will focus only on wires in the paralédignment.
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Figure 2.4 The angular intensity profile of secaydans acquired from a 60m gold wire using 25 keV

Bi* primary ions with an extraction voltage of —2000s¢aled to their respective ion intensity at thate of

the wire,( = 0°. The inset diagram shows the anglen the wire with respect to the extraction direwti

2.3.4 Effects for different secondary ions

So far only the total ion intensities have beenm@rad. The study of individual ion images
show that the extent of topographic effects alstesdor different secondary ions. Figure 2.4
shows the scaled secondary ion intensities of r@iffespecies (at around unit mass resolution)
as a function of their originating position (angleon the wire) for a 6@m gold wire. The
data are scaled to the intensity at the centréefatire, = 0°. In the intense central region
| < 15°, all secondary ions shown vary in unison with tb&l ion intensity, with the
exception of All, which has a larger observable width. To an amallys spectrum ap= 15°
may be mistaken for ‘cleaner’ wire material, withuch weaker organic peaks, than the
spectrum at the centre of the wireyat 0°. For larger angleg/| = 30, the scaled intensity of
Au® is more than an order of magnitude larger than"Alithe strong enhancement of
secondary ions 5", CH," and Si are unrelated to this and will be discussed later
Section 2.3.5. The significant difference betweearl And Au” intensities is due to sputtered

monatomic ions (e.g. Al having, on average, higher kinetic energies tirganic or cluster
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Figure 2.5 The results of Monte-Carlo simulatioringsSIMION, showing the secondary ions emitted

from the wire surface that are likely to be detdctanalyser entry angle < 4°), plotted as a fumctid their
originating positions on the wire (angf® and their angle of emission (in degrees) witlpees to the normal of
the wire surface. The simulations are carried outsecondary ion kinetic energies on emission (E) eV or

7 eV, and for extraction voltages (EV) of —500 V2000 V. These parameters are shown on the tdp rig

corner of each figure. The wire diameter and eXtvagap are 125m and 1.5 mm, respectively.

ions (e.g. GHs" or Aus").'® To understand this, Monte Carlo simulations weaeied out
using SIMION on the trajectory of secondary ionsiteed from the wire surface with
different kinetic energies (2 eV or 7 eV), overaamge of emission angles with respect to the
normal of the wire surface. The results are showligure 2.5. The simple assumption is that
the analyser has an angular acceptance angle §f so4that ions travelling at a direction
larger than 4° to the analyser axis at the poinerdfy are not detected. It is found that for

larger anglegyon the wire, the strong topographic field effectame that detection is not
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possible except for ions emitted with a largeriahienergy in the direction of the extractor.
Thus, the observable width is larger for atomicselary ions with higher kinetic energies, in
agreement with the experimental data. Similarlyyl®IN predicts that the substrate shadow

is smaller for atomic secondary ions, which is abeerved.

2.3.5 Scattering of the primary ions

Figure 2.4 also shows that for many secondary inogbly at nominal mass 28 u (covering
Si* and GH4'), a large enhancement effect which peakg/at57° can be observed. The
complete absence of the enhancement forad Au' ions characteristic of the wire shows
that it is not simply owing to an increased sputtgryield at grazing incidence angles. It is
found that the enhancement is caused by the doattef the Bf primary ions from the gold
surface at large angles of incidence, which has lseggested previousfyScattering results

in a delayed and broadened secondary ion intecsitiribution to the time-of-flight spectra.

This is shown in Figure 2.6 for the" feak from different regions of a 1am gold wire,
before and after in-situ sputter cleaning to remosonaceous contamination’ idns (from
adsorbed surface contaminants) emitted from thérecesf the wire (red) arrive a few ns
before those emitted from the substrate (bluegesthey are produced closer to the extractor.
Before sputter cleaning (Figure 2.6a), at the sidine wire where the enhancement effect is
observed, the regional spectrum (green) revealsdistonct contributions, one from the wire
surface and one delayed, broadened contributioa.bftadened contribution is also observed
on other secondary ions and is not limited fo After sputter cleaning (Figure 2.6b), most of
the H are removed from the wire surface, and the sigediices by two orders of magnitude
at the centre of the wire, although there is stiflignificant amount remaining on the silicon
substrate. However, at the side of the wire, tloadened contribution is still significant and
has the same intensity ratio to the substrate kigrtee broadened contribution can be
explained by a fraction of the scattered primamsititting the substrate at a location away
from the shadow region, emitting secondary ions #na recorded by the instrument at the

location of the wire after a delay of several nseJe data show that primary ion scattering is
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Figure 2.6 Regional time-of-flight spectra for" ldeak, from a 12Gm gold wire using 25 keV Bi

primary ions (a) before sputter cleaning and (grafputter cleaning of the wire and substrate.

important for a primary ion incidence angle »65° to the surface normal, and chemical
components identified as localised to these aremsimfact originate from the surrounding
regions. To diagnose these effects, a high mastutes) image using a bunched primary ion
beam is useful to provide necessary mass resoltadentify the broadened contribution

caused by scattering.

2.4  Optimising parameters

2.4.1 Extraction voltage

Figure 2.3 shows that using a smaller extractidtage can reduce the extent of topographic
effects in TOF-SIMS images of conducting samples.dxample, the observable width of the
gold wire is improved by ~ 35% when the extractimitage is reduced from —2000 V to

=500 V. As shown by the Monte Carlo simulationgy(ffe 2.5b and Figure 2.5d), at a smaller
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extraction voltage, the maximum angleon the wire from which ions can be detected is
increased. However, at the centre of the wige=(0°), only secondary ions emitted with a
narrower range of emission angles can be detettad.is because the ions that are emitted
with an initial direction off-normal to the analysaxis receive less “pull” towards the
analyser at smaller extraction voltages, and ansaxquently more likely to be lost due to the
limited angular acceptance. Thus, using a smakgaetion voltage improves the intensities
at the wire sides at a cost of reducing the inteyssat the centre of the wire and from the
substrate. For many analyser systems where tih@céigh voltage determines the ion energy
during time-of-flight, using a smaller extractionltage increases the data acquisition time,
since the flight time required for measuring miassgsing extraction voltage is proportional

to (M/E)™ For these systems, using a smaller extractiomagel may reduce the mass
resolution as the natural spread in the kineticgtas of sputtered secondary ions becomes a
larger fraction of the total ion energy. Thus, anpoomise has to be reached about the

optimal reduction of topographic effects and theaetion voltage for each application.

2.4.2 Extraction delay

Topographic field effects can also be reduced Wia tise of an extraction delay, for
instrument designs with pulsed primary ions. Hehe extraction voltage is switched on
several tens of nanoseconds after the sputteriegtewhen the sputtered secondary ions have
drifted away from the sample surface into a regiudrere the extraction field would be less
distorted by the topographic sample. The use oéxraction delay in SIMS has a similar
effect as in secondary neutral mass spectrometdME, where sputtered neutrals drift
freely until they are post-ionised by a pulsed ldssam and extracted. It has been shown that
field effects are considerably reduced in SNMS carag to SIMS for the analysis of

microparticles’
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Figure 2.7 The use of extraction delay for the otida of topographic field effects. This appliedyto

pulsed primary ion design instruments. (a) SIMIOMdation of the effects of 50 ns extraction detaya gold
wire with a diameter of 12pm. This shows the curved equipotential lines of ek&raction field (pink lines),
and the trajectory of sputtered secondary ions lbeflore the extraction voltage is switched on (gyesnd
afterwards (blue). All ions are detected assumim@alyser angular acceptance of 4°. (b) Experiateasults
for a 60um gold wire using 25 keV Biprimary ions, showing the total ion images in ldignic intensity scale,
for extraction delays of 0 ns, 50 ns, 90 ns and rib0The field of view on the substrate surfac®09pum

x 500um. (c) The observable width of the wire (red), #iee of the substrate shadow (orange), the integrat
intensity of the Al peak (green) and the full width half maximum peskith (blue), as a function of the
extraction delay, shown by their % change with eesfo the value at zero extraction delay. (d) Tihe-of-

flight and peak shape of Asecondary ions for an extraction delay of 0 "8ams.

In the following, the use of extraction delay talwee topographic field effects in SIMS is
studied using an extraction voltage of —2000 V atahdard analyser lens and reflector
settings. Figure 2.7a shows the SIMION simulatiesutts for an extraction delay of 50 ns.

For comparison, the wire diameter, extraction \g#taand extraction gap are the same as
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those used in Figure 2.3a. The secondary ions idrifi straight trajectory away from the
surface (green lines), until the extraction voltagewitched on some time later and they are
quickly accelerated towards the analyser (blues)in€ompared to Figure 2.3a, the flight
paths towards the analyser are less affected bygtaphy, and the detection of the ions
emitted from the sides of the wire and the subsiraproves substantially, with all secondary
ions travelling within the analyser acceptance argl 4°. Figure 2.7b shows the total ion
images of a 6Qum gold wire for a range of extraction delays. Thservable width of the
wire (red) and the shadow size (orange) are plotiddgure 2.7c by their percentage change
with respect to the value at zero extraction del&jth an extraction delay of 70 ns, the
observable width of Alis increased by 26%, and the substrate shadoedisced by 42%.
However, the use of an extraction delay has a laffget on secondary ion intensities, mass
resolution and the ability to identify high mas®sies. These effects are now studied in more

detail.

Figure 2.7d shows the time-of-flight spectra of & secondary ion signals from a Gt
gold wire, for different extraction delays. Fromisththe integrated intensities (green) and
peak widths (blue) of the Apeak are plotted in Figure 2.7c. Firstly, the effef extraction
delay on the secondary ion intensity is considefed.a flat sample, an extraction delay
always causes a loss in intensity, which dropsdig@s the secondary ions eventually drift
out of the extraction region. For a topographic gl@m owing to improved analyser
acceptance due to the reduction of topographicisifehe integrated intensity of Adons
increases by more than 40% with an extraction defa0 ns before dropping at larger
extraction delays. Secondly, the effect on the tofalight and mass resolution is considered.
As the extraction delay is increased, the timelight of Au* reduces and reaches a minimum
at 70 ns before increasing rapidly again. This bseoved for all secondary ions, and the
extraction delay to achieve the minimum flight timedependent on the ion mass and kinetic
energy. This can be explained as follows. If thgaetion voltage is switched on when the
secondary ions are at a heighdbove the sample, then they will only acquireagtion of the

extraction energy. For a flat conducting sample,ftaction would be * h/d, whered is the
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extraction gap. As a consequence, extraction dekgs to secondary ions having a reduced
speed as they enter the analyser, and this affestsflight paths and their final flight times to
the detector. At large extraction delays (e.gAaf ions beyond 90 ns), the drift distarites
large, and the low ion velocity means that theses ibave a long flight time compared to
those extracted normally. However, at smaller etiva delays (e.g. for Auions at 50 ns),
the moderate reduction in ion velocity is more tikampensated by the reduced penetration
of these lower energy ions into the ion mirrorhe teflectron analyser. Thus these ions have
a shorter flight path than ions at full energy, e¥hresults in an overall reduced time-of-flight
to the detector. This behaviour is by design andnatly employed to improve the time focus
at the detector by compensating for different sdaoyion energies on emission. Here it has
important consequences on the practical use chexn delay. It is observed in Figure 2.7d
that the minimum time-of-flight typically signifiethe extraction delay beyond which the
energy compensation of the analyser becomes itiefe@nd the mass resolution degrades
rapidly. With a high extraction delay, the peakmh#hus becomes asymmetric with a large
tail. Further SIMION simulations were carried out @ model of a complete reflectron
instrument, provided by Greet al. and described in Reference 17. This shows tbag flat
sample, the minimum time-of-flight occurs when #econdary ions are extracted from a
certain height above the surface, regardless aof thass and kinetic energies on emission.
Using experimental data from a flat silicon wafitie height is estimated to be aboutu®®
above the surface, equivalent to a loss of 80 e\éxtraction energy. Note that it is not
straightforward to compensate for this by optingsthe spectrometer, since secondary ions
with different masses and energies will drift tdfetient heights under an extraction delay,
thus the optimisation of the energy compensatiorof® ion will generally lead to the loss of
mass resolution for another. The loss in signal mads resolution is particularly acute for
low mass secondary ions, since the drift distameeaf particular extraction delay and ion

energy is proportional tor /2
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Figure 2.8 Recommendation plot for the optimal agextraction delay for organic or cluster secogdar

ions, with an extraction voltage of —2000 V. Thipbes only to pulsed primary ion design instrunse@urve A
shows the extraction delat, required to obtain minimum time-of-flight, andree B shows the upper limit
extraction delayt,, beyond which the peak shape ceases to be usé&ielC shows the maximum extraction
delay required for the mass calibration of the datee recommended analysis region lies below cBrvEhe
estimated sizes of topographic features, whosetsfimay be minimised by the chosen extraction qelagy

shown in brackets.

The effects described above represent limitatianghe use of extraction delay for the

reduction of topographic effects. The optimal esticn delay for a sample depends on the
size of the topographic features, the mass of étersdary ions of interest, their kinetic

energies on sputtering and the compromise betweess mesolution, signal intensity and the
extent of topographic effects. Using data fromad flilicon wafer, the recommendations are
presented in Figure 2.8 for the extraction delaguned for an organic or cluster secondary
ion with massn. Curve A shows the extraction delay,required to obtain minimum time-of-

flight for the ion under study. The mass resolutior signal intensity begin to degrade from
this point. Curve B shows the upper limit extractidelay,t,, where the peak has severely
broadened but the peak shape is still fairly symicedtand Gaussian, acceptable for basic
identification. At this point, the secondary ioriansity has degraded by typically a factor of

two. The recommended analysis region lies belowecd8. Often a large extraction delay
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required for high mass and slow moving secondarg leads to the loss of low mass and fast
moving secondary ions, which are required for tlessncalibration of the data. Line C shows
the maximum extraction delay that retains suffitisignal for CH peaks for basic mass

calibration. Beyond this, it is necessary to coregle spectra obtained using a low extraction

delay for the identification of high mass peaks.

It is possible to estimate the size of topograpéatures whose effects may be minimised by a
particular extraction delay, using the distancé tha secondary ions have drifted away from
the surface. Assuming the emitted ions have a ikinetergy of 2 eV, the upper limit
extraction delayt, occurs at a drift distance of 24t. For minimum time-of-flightf,, this
distance is 6@um. From Figure 2.3a, we can see that the drifadi=st generally needs to be 3
to 4 times the size of topographic features forefiective removal of field curvature caused
by sample topography. To help analysts, the sugdesie of topographic features for each
extraction delay is labelled in Figure 2.8. Thimpgle estimate is in good agreement with
experimental data obtained for Ausecondary ions (mass 591 u) from au@® gold wire,
which shows no improvements in the observable wadtar an extraction delay of 250 ns,
approximately equivalent to a drift distance of 200. Using Figure 2.8, an extraction delay
may be quickly selected, depending on the desimdpcomise between mass resolution,

signal intensity and topographic effects.

Finally, it is noted that an extraction delay idyounseful for short primary ion pulse widths,
where the pulse width is much smaller than theaexitvn delay. An extraction delay can also
cause a shift of the image along the primary ioanb@zimuth direction, as the beam ceases
to be deflected by the extraction field. On somstruments, the setting at which the
extraction delay is 0 ns may not be well defined amalysts should increase the delay

incrementally until a change in the spectra is plesk

36



Chapter 2. Topography effects: Conducting samples

Figure 2.9 The use of a V-groove sample holdeetluce topographic field effects for conducting wire
The angle of the groove is 30° to the horizontal te groove depth is 450n. (a) SIMION simulation of the
secondary ions emitted from a 12% wire. This shows the curved equipotential linéshe extraction field
(pink lines), and the trajectory of sputtered seleop ions (blue lines). All ions are detected assgman
analyser angular acceptance of 4°. (b) Experimeaallts using 25 keV Biprimary ions for a 12&m gold
wire mounted on the V-groove sample holder, fieldview 500um x 500um, acquired using a primary ion
beam raster of 128 x 128 pixels, showing the tatalimage in linear intensity scale for comparisgith
Figure 2.2a. (c) Experimental results as above sigpithe total ion image in logarithmic intensityate, for
comparison with Figure 2.2b.

2.4.3 Improved sample mounting

Where possible, topographic field effects can disoreduced significantly using special
sample mounting methods to minimise the distortibthe extraction field. Whilst the simple

method shown in Figure 2.1 produces good resultghie® analysis of a single conducting
wire, and is relatively quick to implement, topagjnec field effects can be strongly reduced if
a number of wires are mounted adjacent to eaclr oitee parallel close-packed fashion. The
disadvantages of this method are that it is redhtiime consuming and that signal from the

sides of the wires may not be available due tatbge proximity of another sample.

To address these issues, SIMION is used to desigpeaial sample holder which could
effectively counteract the distortion of the extraw field arising from a conducting wire. The
criteria are that the holder must be easy to uskeb&napplicable to wires with a range of
diameters. It is found that a single V-shaped geoowt into a sample block, with the wire

mounted such that it is laying flat at the bottgmvides good results. The simulation and
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experimental results for the sample holder are shiowFigure 2.9. The SIMION simulation
(Figure 2.9a) shows an optimal design with the amjlthe groove at 30° to the horizontal
and a groove depth of 4%n. Secondary ions emitted from the side of the areedeflected

by the groove towards the analyser, and the gremte as a simple focusing lens for the
secondary ions. All ions arrive at the analyserarde with an angle of less than < 2° and are
therefore available for detection. Figure 2.9b &mglire 2.9¢c show such a device in practice
using a 125um gold wire. The total ion image is shown in lingard logarithmic intensity
scale, for comparison with Figure 2.2a and Figudb 2respectively. Although it is clear that
topographic field effects are still important, tbemple holder substantially reduces this and
the observable width of the wire is increased t® 8in, equivalent togf < 15° on the wire.
This represents a ~ 115% improvement over previesiglts achieved with the wire mounted
on a flat silicon wafer. The sample holder alsm#igantly reduces shadow regions on the
substrate, although the substrate intensities @aneumeven because of the surface roughness
of the sample holder. This very simple prototype&icke significantly reduces topographic

field effects with the benefit that the mass resotuis not strongly affected.

2.5 Application example — Antisotropically etchediicon surface

In this section, the practical application of egtran delay for the reduction of topographic
field effects is demonstrated on a more complexpbanSIMS analysis is carried out on an

anisotropically etched silicon sample, obtainedrfrBruttonet al!

This sample has been
previously used to evaluate topographical effectduger electron spectroscopyAn SEM

image of the sample is shown in Figure 2.10a. Shsws a typical polyhedron with a height
of 40um and multiple sloping surfaces that are inclined&5° or 54.7° to the horizontal
plane as calculated from the crystal structure. Ttal ion image obtained from SIMS
without an extraction delay, obtained using & @imary ion beam incident &t= 45 to the

horizontal from the right hand side of the image,shown in Figure 2.10b. Note that in

Figure 2.10b-c the sample is rotated approxima4@&lywith respect to Figure 2.10a as this
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Figure 2.10 (a) SEM image of an anisotropicallyhett Si sample, showing a typical polyhedron on the
surface, field of view 30Qim x 300um. (b) SIMS total ion images of the same samplagi86 keV Bl primary
ions, with no extraction delay, and with (c) 110exdraction delay. The intensities are shown iratdgmic
scale and the field of view assuming a flat sangpidace is 50@m x 500um. (d) Total ion image acquired
using 25 keV Bi primary ions with 130 ns extraction delay (loglegafield of view 290um x 290um, showing
the regions of interest on different faces. (e)alte ion yields of PDMS characteristic peakHGOSL") as a
function of primary ion angles of incidence, usBi§ and Bi" primary ions with 130 ns extraction delay, for the

regions of interest defined in (d). The intensites normalised to their values at 72.3°.

allows the topographic effects to be shown morarbe Clear contrast is observed due to
topography. Firstly, few secondary ions can beaetkefrom the sloping surfaces because of
strong topographic field effects, except at logaiavhere a sloping surface is immediately
adjacent to another near the bottom of the polyhedln example of this is marked on the
figure by arrow A. Here, the extraction equipotahtines form a ‘V’ shape as they must
curve around the conducting surface, and this fogmtly improves the acceptance of
secondary ions from the sloping surfaces, simiathe V-groove device discussed earlier.

Secondly, a large increase of intensities at ggaginidence angles can be observed, marked
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on the figure by arrow B. The increase is approxatya3 times compared to the top surface
of the polyhedra, despite the strong field effestghese sloping surfaces. It is clear that field
effects and primary ion angles of incidence aré Isagnificant mechanisms of topographical

contrast in this image.

To reduce topographic field effects and investighte variations in secondary ion yields at
different primary ion angles of incidence, Figut@@® shows the total ion image obtained on
the same area when an extraction delay of 110 ayspked. The overall topographic contrasts
are reduced significantly and it is possible toedetsecondary ions originating from the
entirety of the sample surface. The increase iorsdary ion intensities at grazing angles of
incidence is now more than 5 times due to the gtreduction of field effects. To investigate
further, Figure 2.10d shows the total ion imageawi#d using an extraction delay of 130 ns,
with the primary ion beam azimuth aligned with #dges of the polyhedra. The differences
in the ion yields on the different sloping surfaees now clear. Five regions of interest are
specified and these are marked A to E on the fighrem these regions of interest, the
relative ion yields as a function of the anglesnmidence (calculated from the geometry of
the sample) are plotted in Figure 2.10e, for imaamgiired using Biand Bg" primary ions.
This uses the #£H:s0Shb" peak (nominal mass 147 u), characteristic of the
polydimethylsiloxane (PDMS), a mobile surface comtaant that is fairly evenly distributed
on the surface. The extraction delay chosen isvoéh@ upper limit of 150 ns (curve B on
Figure 2.8) for this ion. The intensities are nolisea to their values at the maximum
incidence angle of 72.3°. It is found that the joelds using Bi" have a weaker dependence
on the angle of incidence compared té. Bihis is expected from the non-linear enhancement
of cluster ion sputtering. Although it is not pddsito completely eliminate the field effects,
for example, the angle of incidence dependencéefdn yields for Bi does not follow the
expected sé@ distribution, it is clear that useful semi-quaatiite SIMS intensities can still
be obtained from highly topographic samples usheg gimple recommendations presented
here. Notwithstanding the reduction in mass resmiuand the loss of intensities for lower

mass ions, an extraction delay can be extremelpfiliefor analysts trying to localise
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molecular components on a highly topographic serfadhere they are not interested in the
behaviour of smaller fragment peaks. The resulte aliggest that cluster ion beams further
reduce the dependence of secondary ion yieldseoprtmary ion angle of incidence, thus can
be used to reduce topographic contrast in ToF-SiEges. This is expected to be especially
beneficial for samples with much smaller topograptaatures, where the image contrast
becomes dominated by the different primary ion argfl incidence rather than topographic

field effects, for example the analysis of surfasith sub-micron topography.

2.6 Conclusions and recommendations

This chapter presents a detailed study of the &etpfs that give rise to topographic artefacts
in ToF-SIMS images of conducting samples. Asidemfrgimple geometry effects, the
majority of unwanted topographical contrast carabeounted for by topographic field effects
(where the distortion of the extraction field bytpresence of the sample cause the loss of
secondary ion signals) or by variations in the pryrion incidence angle. Using these results,

the following recommendations are given for conohgcsamples:

1. If possible, topographic samples should be @ealyn an orientation that minimises
geometrical distortions, for example, by aligninges or fibres parallel to the primary

ion beam azimuth.

2. Samples should be mounted in such a way as minmse the distortions of the
extraction field, if possible. Wires or fibres shaibe mounted in good contact with a
flat conductive substrate (following Figure 2.1)ounted parallel to each other in a
close-packed fashion, or in a V-groove sample ho(#fégure 2.9) to reduce field

effects.

3. The field effects caused by topography may ldeced by using a smaller extraction
voltage or an extraction delay. An extraction vp#teof —500 V for positive ions is
found to be useful for the instrument used in ttigdy. Extraction delay is only

applicable to pulsed primary ion design instrumeartd has a significant effect on
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mass resolution and signal intensity. Figure 2.8vigles a simple guide for the
extraction delay suitable for a given size of tapgdic features and secondary ion

species.

4. The variation of secondary ion yields with themary ion incidence angle is also a
significant cause of topographic contrast. This lsameduced using a cluster ion beam

such as B instead of Bi.

5. At large angles of incidence, primary ions ma&ydgattered from one region of the
sample to another. Scattering may be diagnosed) @simgh mass resolution image

acquired with a bunched primary ion beam.

Complementary recommendations for insulating sasple presented in Chapter 3. In the
future, improved mass spectrometer designs wouldrbeal to further reduce topographic

effects and enable the applications of SIMS to @ewrange of industrial samples. This could
be achieved, for example, by increasing the angatareptance of the analyser, or by
extending the usefulness of extraction delay usimoge sophisticated energy compensation

and methods to restore mass resolution.
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Chapter 3 — Topography and field effects in SIMS: tsulating

samples

3.1 Introduction

Sample topography is a significant issue in surfeltemical analysis using secondary ion
mass spectrometry (SIMSY. In the previous chapter, a detailed analysis pbgpaphic
effects for conducting samples was given, covetfiegfollowing issues:
1. The mounting of topographic samples;
2. Geometrical effects, including the alignmentwafes or fibres either parallel or
perpendicular to the primary ion beam azimuth;
3. Sputtering behaviour, for example the variatbsecondary ion yields with the local
primary ion angle of incidence, and primary iontsrang effects at grazing incidence;
4. Topographic field effects, caused by the digiartof the extraction field in the
presence of the sample, which cause significastddson intensities and shadowing.
Since these effects are also generally applicablimgulating samples, to avoid repetition,
points 1 to 3 will not be specifically covered Ims chapter. Instead, | will focus on aspects
where the topographic effects are significantlyedént for insulating samples compared with
conducting samples. This includes the penetratiothe extraction field into the sample
(which affects the extent of topographic field et and charge compensation using a low

energy electron flood gun.

In this study, a simple experimental model systemsed in combination with finite element
modelling of the extraction field using COMSOL toderstand the key factors that give rise
to unwanted topographical artefacts in ToF-SIMSgesof insulating samples, and provide
guidance to analysts for their reduction. The mosdgstem consists of poly(ethylene

terephthalate) (PET) fibres (nominal diameters 16%) mounted on a flat substrate. The
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approach here is similar to that in Chapter 2 wilig direct comparisons to be made on the

relative extent of topographic effects for condougtand insulating samples.

Most of the discussions in this chapter are spetifian ION-TOF ToF-SIMS 1V instrument

of a single stage reflectron design, where the $ameld at ground potential and a standard
voltage is applied at the extraction cone to extssmrondary ions. In these systems, the
reflector voltage determines the energy acceptahdbe analyser and must be adjusted for
insulating samples. The correct setting of theed@ir voltage is discussed in Section 3.3.1. It
is worth noting that the situation is different wiPHI TRIFT instruments, where the extractor
is kept at ground potential and secondary ionseateacted via the application of a sample
bias. For these instruments, the sample bias detesnboth the energy of the secondary ions
and their acceptance, and this is optimised farlatsig samples. This will not be discussed
here. A detailed study of the sample bias voltagetlfe analysis of insulating fibres in PHI

TRIFT instruments can be found in Reference 5.

3.2 Experimental

Polyethylene terephthalate (PET) fibres with norhidiameters of 100m were obtained
from Goodfellow (Goodfellow Cambridge Ltd., Huntohmn, UK) and used as received,
without additional cleaning. The fibre is mountedma clean substrate (either a silicon wafer

or a glass slide) using the method shown in Figute

SIMS analyses are conducted using an ION-TOF IYunsent (ION-TOF GmbH, Germany)
of single-stage reflectron desigriThe extraction gap is fixed to 1.5 mm. For positiv
secondary ions, an extraction voltage between ¥5@hd —2000 V is used. The correct
setting of the reflector voltage is described ictiem 3.3.1, although the reflector voltage is
kept at +20 V for the majority of the experiments the reasons stated in Section 3.3.2. For
negative secondary ions, the polarities of theaetivn and reflector voltages are reversed.
Charge compensation is effected by low-energy &lest (variable energy between 10 —

25 eV) provided by a flood gun mounted at an argjlé7° to the sample normal. The
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analyser is operated in pulsed extraction modeh \he voltage of the extraction cone
alternating between the extraction voltage (whes ghimary ions hit the sample) and the
extraction bias voltage (when the electron flooah ggiactive). The extraction bias prevents
the flood gun electrons from entering the analys®t is normally set to —30 V. Positive and
negative ion images are obtained using a focusédid@iid metal ion gun at 25 keV energy,
incident atd = 45 to the sample normal for a flat sample. Unlesgwtise stated, images are
obtained using a digital primary ion raster in dlam’ mode to minimise sample charging
effects. All secondary ion images are presentethéntraditional manner with the andy

coordinates in the plane of a flat sample surfabe. ion beam is incident from the right with

its azimuth parallel to theaxis.

Computer modelling was carried out to calculatedlsetric field around the insulating fibre
and secondary ion trajectories. Models are setru@ ifinite element analysis program
COMSOL Multiphysics 3.4 (COMSOL Inc., Burlington, M USA), by placing an insulating
cylinder with a diameter 100m and dielectric constart = 3 on a conducting plane that is
kept at ground potential. A flat extraction plasethen placed 1.5 mm from the substrate to
approximate the entrance of the analyser cone.ddrdeherwise stated, an extraction voltage
of —2000 V for positive ions and +2000 V for negations are used. COMSOL calculates the
trajectories of secondary ions emitted from theefibnd the substrate, assuming secondary
ions have a mass of 28 u and zero kinetic energgmission. To simulate the effect of
sample charging by either the primary ions or tha&ge compensation electrons, electrostatic
charges are added to the top surface of the fibedladle to the primary ion beam. For
simplicity, the charges are assumed to be disgtbuiniformly. The charge density is
determined using the value where the surface pateatt the top of the fibre is =20 V (for
electron charging) and +50 V or +100V (for primaon charging) when the extraction

voltage is zero. Secondary ion trajectories are ttadculated as before for comparison.
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3.3 Results and discussion

3.3.1 Surface potential and reflector voltage

First, the effect of sample topography on the etima field is discussed. In Chapter 2, it is
shown that for conducting samples with topograpghg, extraction equipotential lines curve
around the sample, which is kept at ground potenflze situation is different for insulating
samples, where the extraction field penetratesdmeple depending on its dielectric constant
and thickness. This results in a non-zero surfatenpial and a potential gradient within the
sample. A COMSOL simulation was carried out to sassehether the use of a pulsed
extraction would result in time-dependency in theface potential of insulating samples. It
was found that the surface potential reachesetsdst state value almost instantaneously once
the extraction voltage is switched on and dynarfiieces are negligible for the purpose of

SIMS analyses. Therefore, static COMSOL modelsiseel for all the subsequent simulations.

Figure 3.1a shows a COMSOL simulation of a PETEefifdiameter 10@m), mounted in
contact with a flat conducting substrate at gropatential, with an extraction voltage of
—2000 V to extract positive secondary ions. Thapagantial lines for the extraction field are
shown in pink with a spacing of 20 V. For insulgtisamples with topography, the surface
potential varies spatially across the sample andoistrivial to predict. This causes two
important effects. First, the achievable mass tggwol for fibore secondary ions is affected.
Figure 3.1a shows that the ions emitted from tde sif the fibre are accelerated by a larger
potential difference than ions emitted from the.tbpthis example, there will be a 34 eV
kinetic energy difference between the secondary @nitted from the top and the side by the
time they enter the analyser. Although the reftattanalyser provides first order energy
compensation, it is not optimised for such a laegergy spread. Therefore the same ion
species from different locations will arrive at thme-of-flight detector at different times,
resulting in poor mass resolution in the overddrdi spectra. Second, the varying surface

potential affects the correct setting of the raflecvoltage, which determines the energy
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Figure 3.1 Topographic field effects on a PET fibsith diameter 100um, mounted onto a flat

conducting substrate. (a) COMSOL modelling of thiraction field and the surface potential on therdialong
the cross-section direction. The extraction voltege2000 V and the extraction gap is 1.5 mm. Tiededtric
constant of the fibre is assumed toge 3.0. The equipotential lines of the extracti@idf are shown in pink
with a spacing of 20 V. The surface potentialshattbp and the side of the fibre are labelled wéith dots. (b)
The total ion image of the PET fibre obtained ekpentally for positive ions. The intensities arewsin on a
linear intensity scale. The field of view is 50éh x 500um. (c) The COMSOL simulation as in (a) but with
secondary ion trajectories shown in blue, for zsrergy secondary ions emitted from the fibre serfand from

the substrate adjacent to the fibre. The equipiatdirtes of the extraction field are shown in pink

acceptance of the reflectron analyser. For ION-TI®@Hnstruments, the optimal reflector
voltage is +20 V relative to the sample surfaceeptial for positive ions, which provides an
energy acceptance of up to 20 eV. For an insuldiiong, the ions emitted from the side have
a higher kinetic energy than those from the topmwiey enter the analyser, and may be lost
if the reflector voltage is too low. It is thereéorecommended that the reflector voltage
should be at least +20 V higher than the potemtiathe side of the fibre for the optimal
acceptance of all fibore secondary ions (the pgladtreversed for negative ions). This is
applicable regardless of how the fibre is mountedhe example in Figure 3.1a, a reflector

voltage of —28 V should be used.
For the convenience of analysts, Equation 3.1 shavesmple empirical formula for the

potential at the side of a fibrés, mounted on a flat conducting substrate, with ~&%uracy

to the values calculated from COMSOL, fox@; < 20.
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Figure 3.2 A graph showing the surface potentiathat side of the fibresys, for fibres with different

dielectric constants and diameters, mounted flabaronducting substrate as shown in Figure 3.1leBtigc
constant values are obtained from Kaye and L'aBp. extraction voltage of —2000 V and extractiorp gzt
1.5 mm is used for the COMSOL calculation. It isamended that the reflector voltage should beeadt!
+20 V higher than the potential at the side offibes for the optimal acceptance of fibre secondans. The
polarity is shown for positive secondary ions ahdwd be reversed for negative secondary ionsréference,
the value ofVs at & = 1 is the same as the potential above the sudatiee same vertical position but with no

fibre present.

Vi =V25d (0.5787log(£,) -1 (3.1)
g

Here, Vg is the signed extractor voltage in Volgsis the extraction gap ardlis the diameter
of the fibre, both in the same units, ands the dielectric constant of the fibre. This istfed

in Figure 3.2 for fibres of different diametersngpia typical extraction voltage of —2000 V
and an extraction gap of 1.5 mm. Provided the etitia gap is much larger than the fibre
diameter, the surface potential of the top surfageand at the side of the fibr¥s, scale
linearly with extractor voltage, fibre diameter,daroughly scale with the logarithm of the

dielectric constant.

In practical analyses, the surface potential maybeoreadily measured on the side of fibres,
due to the availability of the signal and topogtiap#tfects. In this case, for fibres mounted in

good contact with a flat substrate (whether coridgatr insulating), analysts can measure the
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surface potentials at the top of the fibre andnendubstrate away from the sample, and set the
reflector voltage to be +20 V higher than the ageraalue of the two for positive ions (the
polarity is reversed for negative ions). This pd®s8 a conservative value that satisfies the

energy acceptance consideration for all fibre séapnions.

3.3.2  Topographic field effects

In Sections 3.3.2 and 3.3.3, the SIMS images ofEd Rbre mounted on a flat silicon
substrate is studied. To allow the detection ofseltfondary ions including those originating
from the substrate, a reflector voltage+a20 V is used in the analyses. The use of a larger
reflector voltage degrades the mass resolutiomaask accuracy of the ions originating from
the fibre, as it increases the spread of the weaime-of-flight of secondary ions emitted
with different kinetic energiesHowever, this is found to have an insignificarfeef on the

integrated intensities of the fibre peaks.

Figure 3.1b shows the total ion image acquired &?EAQ fibre & ~ 3) with a diameter of
100um, mounted onto a flat silicon substrate. The filremounted with its axis roughly
parallel to the primary ion beam azimuth, whichnisident from the right hand side of the
image. The topographic field effects are qualigyvsimilar to those observed on a
conducting gold wire. Secondary ions are strongfedted only on a thin central area of the
fibre, and there is little signal from the sidekisTis caused by the distortion of the extraction
field by the dielectric sample. Figure 3.1c shohe simulated trajectories for secondary ions
emitted from the fibre surface and from the sulbstradjacent to the fibre, using the
COMSOL model in Figure 3.1a. Because of the cureatf the extraction field, secondary
ions are deflected laterally as they acceleratatdsithe analyser, and they are lost due to the
limited angular acceptance of the analyser, whsobstimated to be around 4°. In Figure 3.1c,
only the first two trajectories to the right of th&ial emission is thus detected. To quantify
this experimentally, the observable width of theTHbre (defined as the full width at half
maximum of the central bright region in the totahiimage) is calculated. This gives an

observable width of 2dm. Expressed in terms of the ang}e,on the fibre with respect to the
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extraction direction, only ions frongj< 13° can be detected with significant intensity. Since
the area available to the primary ion beam/ix|90°, this is a significant limitation to the
chemical analysis of the fibre surface. Figure 3also shows that the substrate secondary
ions emitted close to the fibre are deflected $ljgtue to field effects. For the PET fibre
studied here, this is not sufficient to cause aseolable loss of ion intensity. This is in
contrast to conducting wires, where the topografieid effects are much more severe. In
Chapter 2, it is shown that for a gold wire witldiameter of 12m, the observable width is
only |4 < 7°, and a large substrate shadow can be seerfemiteecondary ions detected over
a 365um area (around 12@m on either side of the wire). In general, topogrefield effects

for insulating samples are much less severe thadumting samples of the same dimensions,
due to the penetration of the extraction field itlie sample which reduces the distortion of
the field. The lower the dielectric constant, tlieager the penetration of the field (as seen in
Figure 3.2) and the less severe the topograpHut diects, but with larger extraction energy
difference between ions emitted from different hésgon the sample. Thus, cotton fibres
(& ~ 1.3) would show much lower topographic fieldeets than nylon fibresg(~ 4.5) of the

same diameter in the ion images, but with greasssypeak broadening in the spectra.

3.3.3  The effect of topography on charge compensati

Charge compensation using a low energy electravdfigun is typically employed for the
analysis of insulating samples. This prevents tbeumulation of positive charges on the
surface as the sample is bombarded by a positolelyged primary ion beam. The charge
compensation needs to be effective without intratyiexcess electron fluence to the surface,
which may damage sensitive organic samples. Gueddac the optimisation of charge
compensation for polymer samples is given in Refee9. In this section | discuss how
sample topography influences effective charge cosg®on. Under typical operating
conditions, insulating samples are found to be teglg charged by the incident flood gun
electrons. The effects depend on the secondarpatarity and they are covered separately

below.
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Figure 3.3 The effect of the electron current fharge compensation in the positive ion mode, using
PET fibre (diameter 100m) mounted on a conducting silicon substrate. gk} show the total ion images as
the electron current is reduced. The images arei@ctover the same area of the sample, with actrele
energy of 20 eV and field of view of 5@n x 500um. (d) to (f) show the corresponding COMSOL simiolas
along the vertical cross-section of the fibre, simguthe equipotential lines of the extraction fighdpink with a

spacing of 20 V, and the trajectories of the seaonibns in blue.

Positive ion mode

For the PET fibre, the effect of charge compensatio the total ion images acquired in the
positive ion mode is shown in Figure 3.3a—c. Thages obtained are strongly dependent on
the level of charge compensation used. First, weccempare Figure 3.3a with Figure 3.3b.
Figure 3.3a is acquired using a high electron cuirtgpically used in routine image analysis
(around 1uA), whilst Figure 3.3b (which is also shown as Fey8.1b) is acquired using a
lower but sufficient electron current of approxiglgit70 nA. Note that the currents given here
are for reference only, since the amount of actilrge compensation delivered to the
sample surface is dependent on the alignment afldwdron gun and the achievable focus and

differ between different instruments. With a higleatron current (Figure 3.3a), a strong
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intensity enhancement is observed on one sideedilthe, and the regional SIMS spectrum at
this location shows strong characteristic PET sdapnions. The enhancement is caused by
the charging of the sample by the electron gunckvig incident from the bottom right of the
image (the direction is shown by the blue arrowkigure 3.3a). In these experiments the
electron energy is 20 eV, so electron charging reduce the surface potential on the fibre by
20 V at most. The effects of charging on the exiwadield and secondary ion trajectories are
illustrated by COMSOL simulations in Figure 3.3dFigure 3.3e (also shown as Figure 3.1¢)
shows the simulated trajectories of the secondary {blue) when the sample surface is not
charged by either the primary ions or flood gurcetns. Figure 3.3d shows the same model
but with accumulated negative charges on the sairffiamn electron charging, such that the
surface potential at the top of the fibre is —2th\the absence of an external extraction field.
For topographic samples in positive ion mode, COMSDhows that electron charging
reduces the distortion of the extraction field amciteases the acceptance of secondary ions
from the sides of the fibre. It is worth noting thdOMSOL only provides qualitative
comparison with the experimental data, rather thgaantitative results, since the precise
extent of charging at each electron current catmeoknown. Experimentally, the intensity
enhancement observed in Figure 3.3a is very strong,to the high secondary ion yield at
these locations where the primary ions are incidénear grazing incidence angles. Since the
electrons are incident from the bottom right dicactof the image, the enhancement is
observed only on this side of the fibre where tharging is more prominent. If the electron
current is increased further, eventually the otfige of the fibre becomes charged sufficiently
and the strong intensity enhancements can thenbbenaed on both sides of the fibre.
Clearly, for samples with topography it would bevatageous for electrons to be incident
from above the sample so that localised electramgthg does not occur. Such configurations

have previously been develop&d.
We can also examine the effect of not using a gefit electron current and allowing the

sample to become positively charged from the pyman beam. The total ion image is

shown in Figure 3.3c and the COMSOL simulationpuaseg a charging of +50 V, is shown
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in Figure 3.3f. In the positive ion mode, primaonicharging increases the curvature of the
extraction field, which strongly deflects the sedary ions from the sides of the fibre and
from the substrate. The observable fibre widtheduced from¢j < 13 (for Figure 3.3b) to
|¢4 < 10°. Primary ion charging severely affects the analgdiinsulating samples and this is
shown clearly in COMSOL. It is interesting to obserthat, in Figure 3.3c, the substrate
shadow is absent on the far left of the image. T$hia geometric effect due to the primary
ions being incident from the right &t= 45° to the substrate normal. Features with a heght
are projected by a distanab=z/tané to the left of the true position, as explained in
Chapter 2. The edge of the shadow on the subgtyegen triangle on Figure 3.3c) is in fact
physically adjacent to the edge of the fibre sectinalysed (red triangle on Figure 3.3c), and
the triangles would line up if viewed from above ttample (i.e. along the direction of the
substrate normal). Since the substrate to theldfie green triangle is adjacent to a section of
the fibre that is not analysed by the primary i@ain, charging is not important in this region

and the substrate shadow is therefore absent.

Negative ion mode

The experiment above is repeated in negative iodemand the changes in the total ion
images as the electron current is varied are obderThe total ion images acquired
experimentally are shown in Figure 3.4a—d and satir results are shown in Figure 3.4e—h.
Here, the polarity of the extraction voltage iseeed, and the effects caused by sample
charging are also reversed. First, the effect ftebn charging is studied. In the negative ion
mode, electron charging increases the distortiothef extraction field and the associated
topographic field effects. The total ion image dcegh with a large electron current of
~ 1.4uA (Figure 3.4a) shows a large substrate shadovcenido the fibre, in agreement with
the COMSOL simulation (Figure 3.4e). As the electourrent is reduced (Figure 3.4b and
Figure 3.4f), the sample surface ceases to be imebyatharged, and the substrate shadow
disappears, although the signals from the sid@efibre are still lost. The total ion image is

now similar to the one obtained in the positive made under a reduced electron current
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Figure 3.4 The effect of the electron current fharge compensation in the negative ion mode, using
PET fibre (diameter 100m) mounted on a conducting silicon substrate. gy} show the total ion images as
the electron current is reduced. The images areit@ttover the same area of the sample, with actrele
energy of 20 eV and field of view of 5@@n x 500um. (f) to (h) show the corresponding COMSOL simiolas
along the vertical cross-section of the fibre, singuthe equipotential lines of the extraction fighdpink with a

spacing of 20 V, and the trajectories of the seaonibns in blue.

(Figure 3.4b). The feature in the far left of theage is again caused by the geometric effect
as described previously. Reducing the electroneatirfurther causes the sample to be
positively charged from the primary ion beam (Feg8r4c and Figure 3.4g). In the negative
ion mode, this reduces the distortion of the exiwacfield significantly and allows the
detection of secondary ions originating from thdesi of the fibre, causing very strong
intensities at these regions where the sputterielg ys high. However, if the electron current
is reduced even further (Figure 3.4d and Figurén)3.the fibre eventually becomes so
severely charged that field effects dominate agasuillting in significant loss of secondary

ion intensities. The intensities on the fibre resagnificantly towards the edges of the image
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in Figure 3.4d due to the large difference in chraydpetween the analysed and non-analysed

sections of the fibre.

Although Figure 3.4c appears to minimise the fidistortion and allow the whole available
fibre surface to be studied, in practice, it isrextely difficult to adjust the level of primary
ion charging precisely. The level of charging isenfa function of analysis time and it may
not be possible to achieve an equilibrium levels Ihot therefore recommended for analysts
to use this method to reduce topography field ¢gfdtis also worth noting that, for the same
extent of field effects, the observable fibre widftpears to be larger in the negative ion mode
compared to the positive ion mode. This can be se®en we compare Figure 3.3b and
Figure 3.4b. The reason is that the negative i@ttspm is strongly dominated by atomic
secondary ions, such as &hd O, whereas the positive ion spectrum is dominatedrggnic
secondary ions characteristic of PET, for exampleyG,". In Chapter 2, it was found that the
observable width is larger for atomic secondarysjamhich have higher kinetic energies than

organic or cluster secondary ions, which expldimesdbservation here.

The important result from this study is that theeleof charge compensation significantly
affects the image obtained during the SIMS analyktepographic insulating samples. Under
typical operating conditions, insulating samples aegatively charged by the incident flood
gun electrons. This reduces topographic field ¢ffecthe positive ion mode but increases the
topographic field effects in the negative ion mo&rong field effects also occur if the
sample is allowed to be positively charged by thienary ion beam. It is also observed that, at
very high electron currents, the flood gun electrane deflected by the negatively charged
insulating sample causing strong electron damagewlere. From these results, it is clear
that for insulating samples with topography, a ttdreontrol of the electron current is needed
for adequate charge compensation, repeatable imaggsto minimise electron damage.
Analysts should note that it may not be possibladguire repeatable images and keep to the

recommended electron dose limit of 6 ¥®l€lectrons/mfor low damagé.
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Figure 3.5 The effect of changing the electron gynédor charge compensation, for a PET fibre (diamet

100um) mounted onto a conducting silicon wafer. (a) @yydshow the total ion images in the positive inode,
(c) and (d) show the total ion images in the negaibn mode. The field of view is 5Q0n x 500pum and the

images are acquired over the same area of the sampl

3.4 Optimising parameters

In this section several methods to reduce topogeapield effects and obtain more

reproducible images for insulating samples ararmedl

3.4.1 Reducing the effect of charging

In Section 3.3.3, sample charging by the flood glectrons is discussed. The poor
reproducibility of the total ion images is causeadtive changing surface potential difference
between the charged insulating surface (fibre) @ne grounded conducting surface
(substrate). This effect has been explored foatsflrface in a separate study by Stedral**

Fortunately, the extent of electron charging cardigrolled easily using the electron energy.
Figure 3.5 shows the total ion images for the Pifiefusing different electron energies, for

positive ions (Figure 3.5a-b) and negative iongyf@ 3.5c—d). The electron current is
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approximately JuA for both electron energies. In the positive iond®, electron charging
reduces the extent of the topographic field effeatsl strong intensities can be observed at
the sides of the fibre with an electron energy b6fe¥ (Figure 3.5a). The bright sides
disappear at a lower electron energy of 15 eV (f&igB.5b). In the negative ion mode,
electron charging increases the extent of the t@migc field effects, and a large substrate
shadow is observed (Figure 3.5c¢). The shadow sizeduced using a lower electron energy
of 15 eV (Figure 3.5d). A lower electron energyréiere reduces the discrepancies between
positive and the negative ion images by reducing differential charging between the
insulating and the conducting surfaces. It is tfugee recommended that a lower flood
electron energy should be used when analysing atisgl samples adjacent to conducting
surfaces, for example for insulating fibores mourndatb a conducting substrate, in agreement

with Reference 11.

Differential electron charging can also be redubgdnounting an insulating sample onto a
flat, insulating substrate, so that both the samaple the substrate acquire a similar negative
surface charge under electron flood gun bombardnkégire 3.6 shows the total ion images
obtained for the PET fibre mounted onto a clearsglaubstrate. Again, the images are
acquired using electron energies of 25 or 15 e\hwt electron current of ~A. The
COMSOL simulation of this experimental configuratis given in Figure 3.7a and discussed
later. Figure 3.6 shows that repeatable seconaerymages are now obtained regardless of
the electron energy or the secondary ion polaltitig. therefore recommended that if possible,
insulating samples should be mounted onto insyagurbstrates to improve repeatability of

the images for different charge compensation ggtin

Sometimes differential charging can also occur witin insulating sample, causing different
field effects on different areas of the surfacesTdan be a consequence of the position of the
electron flood gun. For the fibre sample, more teters reach one side of the fibre compared
to the other, resulting, in our arrangement, ilm@down asymmetry in the ion images. The

effect is observed in Figure 3.3a. The asymmetrsigsificantly worse when a ‘sawtooth’
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Figure 3.6 The effect of changing the electron gnéor charge compensation, for a PET fibre (dianet

100 um) mounted onto an insulating glass slide. (a) @dhow the total ion images in the positive iood®,
(c) and (d) shows the total ion images in the rieggabn mode. The field of view is 5Q0n x 500um and the

images are acquired over the same area of the sampl

primary ion raster is used — the primary ion chaggbecomes severe and the far side of the
fibre cannot be charge compensated adequatelyndom primary ion raster is therefore

recommended if it is available. This type of diffetial charging may also be reduced by
configuring the instrument so that the flood guecalons are incident from directly above the

sample'°

3.4.2 Reducing field effects in the absence of clang

So far the discussions have focused on the eftd@ctharging for fibores mounted onto flat
substrates. However, even in the absence of sacthplging by electrons or primary ions, the
extraction field is distorted by the presence & Hample (as discussed in Section 3.3.2),
resulting in the loss of signal from the sidesla# fibres due to the deflection of secondary
ions. In Chapter 2, the use of a lower extractiolbage or an extraction delay has been shown
to considerably reduce the extent of field effdoisconducting wires, resulting in a larger

observable width and reduced substrate shadow. Yowiese are found not to be generally
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applicable to insulating samples. A lower extrattoltage is found to exacerbate the effects
of electron charging, since a charge build-up d ¥2is more significant for an extraction
voltage of 500 V compared to 2000 V. Furthermat#de limprovement can be made using an
extraction delay, where the extraction voltagengched on several tens of nanoseconds after
the sputtering event, so that the secondary ionsdnt away from the sample surface into a
region where the extraction field would be lessatied by the topographic sample. For
insulating samples, the secondary ions do not fleétly during extraction delay. Rather, they
are under the effect of an unspecified electrild feaused by surface charges on the insulating
sample, as well as a bias of —30 V applied to ti@yaer extraction cone to repel the entry of
flood gun electrons. This results in a significkogs of secondary ion signals, especially for
negative ions which are repelled from the analyseme. Extraction delay is therefore

unsuitable for insulating samples.

Another method to reduce the curvature of the etitm field is to use alternative sample
mounting methods. Here, COMSOL is used to compdfereint sample mounting schemes
for insulating fibres in the absence of sample gimgy. Figure 3.7a shows the fibre mounted
onto a thick glass substrate. The curvature oetteaction field around the fibre surface and
the resulting ion trajectories are very similarRgure 3.1c, which shows the same fibre
mounted on a conducting substrate. Little improwvam@ topographic field effects is
therefore expected from such a configuration. Fegui7b shows fibres mounted in a close
packed fashion on a conducting substrate. Thistaaotislly reduces topographic field effects,
and an additional benefit is that the analysis a¢ complicated by the presence of the
substrate. The disadvantages are that this methdiché consuming practically, requires a
number of fibre sections and the availability ofr&l from the sides of the fibre may be
limited due to close proximity of another samplgure 3.7c shows fibres suspended in space
using an aperture which is grounded, above a gedibdckplane at infinite distance. This is
a simple method and there is a good improvemetitedopographic field effects. Again, the
analysis is not complicated by the substraitee disadvantage is that the extraction field and

surface potential cannot easily be predicted, depends on the size and placement of the
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Figure 3.7 COMSOL simulations of the effect of aitive sample mounting methods on the trajectories

of secondary ions emitted from the fibre surface,d fibre with diameter 100m and dielectric constant of
& = 3.0. The extraction voltage is —2000 V and tReragtion gap is 1.5 mm. The equipotential linesthud
extraction field are shown in pink with a spacirf@6 V and the trajectories of the secondary iamsshown in
blue. (a) Fibre mounted onto a flat insulating $taie with a dielectric constant gf = 5.0 (similar to glass).
(b) Fibres mounted in a close packed fashion oaraecting substrate. (¢) Fibre mounted suspendapace
using an aperture. (d) Fibre mounted onto a comiystample holder with a V-shaped groove as desdrib

Chapter 2.

fibre with respect to the aperture, and field é8emay vary along the length of the fibre.
Therefore repeatability and reproducibility may ae issue using this method. Finally,
Figure 3.7d shows the fibre mounted on a simplalaoting sample holder with a V-shaped
groove, which was shown to be helpful for condugtvires. The simulation shows the same
design used in Chapter 2, where the angle of tbewgris 30° to the horizontal and the
groove depth is 450m. The groove distorts the local electric field ttat secondary ions
emitted from the side of the fibre are deflectedaals the analyser, thus it acts like a simple
focusing lens for the ions. The method also resnltie smallest surface potential difference
between the top and sides of the fibre, which imgsahe mass resolution for fibre secondary
ions. Using these COMSOL simulations, the V-grosample holder is recommended for the
best reduction of topographic field effects foréb combined with simple mounting and easy
reproducibility. If such a configuration is not #lahle, then the analysts will need to make a

compromise depending on the aim of the analysie. dilbse packed method is expected to
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give good reproducibility and performance but isdi consuming. Mounting on a flat

substrate gives the best reproducibility but th@twaphic field effects are worse, and using

an open aperture is very quick but the reprodutylishn be poor.

3.5

Conclusions and recommendations

Using a fibre model system, a detailed study isdooted focusing on two key issues for the

analysis of insulating samples with topography potgraphic field effects caused by the

penetration of the extraction field into the samped the effect of charge compensation.

From this, the following recommendations are gif@mpractical analysis.

=

A larger reflector voltage (or acceptance engrgdyuld be used to maximise the
acceptance of secondary ions from different ardashe sample surface, since
topographic samples have a non-uniform surfacenpiate Guidance for this is given

in Section 3.3.1.

Careful control of the electron current and etatenergy for charge compensation is
required to obtain repeatable images and to miriraisctron damageUnder typical

conditions, insulating samples are charged by flgoth electrons. This reduces
topographic field effects for positive secondamysdut exacerbates topographic field

effects for negative secondary ions, resultingaorgeproducibility of images.

The effects of electron charging can be redingedsing a lower electron energy or by
mounting insulating samples adjacent to insulatingaces. For example, fibres can
be mounted in good contact with a flat insulatindbsrate using the method in

Figure 2.1.

Differential charging of the sample can be redlgsing a ‘random’ primary ion raster
and by configuring the instrument so that the flagnoh electrons are incident from

directly above the sample.
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5. Alternative sample mounting strategies may beleyed to reduce topographic field

effects. Some methods for fibres are discusse@atich 3.4.2, for example, mounting
fibres in a close packed fashion or in a V-grooaengle holder (Figure 3.7) is

expected to give improved results.
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Chapter 4 — Introduction to multivariate data analysis

4.1 Introduction

Multivariate analysis was developed in the 1950thwvis roots founded in the study of
behavioural science in the 1930s. It is now wideded in analytical chemistry to provide
identification and quantification for a range ofesposcopic techniquésMultivariate
analysis involves the use of simultaneous stasispoocedures for two or more variables in a
data set. An essential aspect of multivariate amsig the statistical study of the dependence
(covariance) between different variables. By sumsiag the data using a small number of
statistical variables, the interpretation of compliata sets involving a large number of
dependent variables can quickly be simplified. Maltiate analysis has numerous advantages
over traditional (manual) analysis. It provides @bjective and statistically valid approach
using all available information in a data set. Heed for manual identification and selection
of key peaks and features for analysis is elimohatesignificantly reduced, thereby reducing
the need foa priori knowledge about the system under study and mimmike potential for
bias. By correlating data across a humber of veesalan improved signal to noise ratio can
be obtained. Multivariate analysis can also be &t automated. A typical analysis takes
only a few minutes on a modern desktop computet,tharefore it has potential for on-line

analysis of real-time processes.

Multivariate analysis has been used for a numbeeafs in surface analysis, most notably in
the techniques of secondary ion mass spectromels), X-ray photoelectron spectroscopy
(XPS) and Raman spectroscopy, as the raw datanedtairom these techniques are
intrinsically multivariate in nature. For exampla, XPS, the intensities on more than one
variable (i.e. binding energy) are recorded durgagh measurement, whereas in time-of-
flight SIMS (ToF-SIMS) a complete and detailed mapgctrum, containing detected ion

intensities over a million mass channels, can bmiokd. Multivariate methods have been
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applied successfully to the characterisation andntfication of a variety of materials
including inorganic materiafs? polymers>® polymer additived, organic thin filmg™*°
proteins™'*® self-assembled monolayéfsind bacteria samplé$Various studies have also
been carried out on the comparison of differenttivariate analysis methot’¢° and the
effect of data preprocessing, such as mean cegtaimd normalisatiof’ % Recently,
Keenaret al proposed a new data preprocessing method thaitdpsogcaling for data whose
noise is dominated by Poisson counting statisficEhis has been shown to improve noise
rejection and chemical characterisation when agptigor to principal component analysis
(PCA) and multivariate curve resolution (MCEY® The dramatic growth in the use of
multivariate analysis in SIMS in recent years retflethe increased power and throughput of
modern instruments, and the increasing requirenfentast, robust methods of data analysis.
This chapter provides an introduction to the redeaescribed in Chapters 5 and 6 of this
thesis. A brief overview is given on multivariateetmods for the analysis of SIMS data,

followed by the theory and concepts behind two epdactor analysis methods for

exploratory analysis — PCA and MCR, which form liasis of the research.

4.2 Overview of multivariate methods

A review of the 9 most popular multivariate methdéaisthe identification, quantification and
classification of SIMS data, highlighting the oljjees, assumptions and validity of each
method, can be found in Reference 27. Figuleshows the typical questions an analyst may
ask when confronted with a data set. Before unkiegaany data analysis, it is crucial to have
a clear aim and hypothesis so that an appropriatBvariate method may be chosen. Broadly
speaking, multivariate analysis methods fall irtte following three categories: exploratory

analysis and identification, calibration and quiadtion, and classification and clustering.

4.2.1  Exploratory analysis and identification

Multivariate methods are used to examine the dath identify or highlight important

features, withou& priori knowledge of what the analyst is searching forcdse of SIMS, the
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Calibration /
Quantification

Identification

, Experimental
What chemicals
are on the surface? How is it related to known

roperties?
Where are they prop

located? Can we predict these
properties?
Classification
Which group does Is there an outlier
it belong to? in the data?
Figure4.1 Typical questions involved in the analysis afadobtained from surface analysis. These can be

broadly split into three categories.

typical questions are: what chemicals are on tinese and what are the main similarities and
differences between different samples? Factor arsalyethods, including PCA, MCR and
maximum autocorrelation factors (MAF), are the mustlely used for the exploratory
analysis of SIMS data. The principles behind factoalysis will be discussed in Section 4.3.
A popular application of PCA is the characterisatiaf proteins on surfacé$™® Since all
proteins consist of identical amino acids arranigedifferent sequences, the SIMS spectra of
different proteins are similar, with main differ&scbeing the relative intensities of amino
acid related fragment peaks. Combined with theeaxér surface sensitivity of SIMS, PCA
has been shown to discern small but important afgmmg spectra which reflect changes of
protein conformation and orientation in vacutfMCR is most commonly applied to the
analysis of SIMS images for the identification dodalisation of chemical components on

surfaceg?®26:28-30

4.2.2  Calibration and quantification

Multivariate methods also can be used to analysedlationship between two or more sets of
independent measurements made on the same samiles. predictive model can be

computed which allows specific surface propertiesbé predicted using only the SIMS
spectra, provided that a suitable calibration datas available. Calibration and quantification
methods include multivariate regression methodsh sas principal component regression

(PCR) and partial least squares regression (PLUSJ. ias been applied to correlate SIMS
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spectra with data from other surface analysis tiegctes, including XP&M’ PLS is also
useful in studying the relation between surfacenuby and resulting surface property, for

example, to predict water contact angles of mdgetsing their TOF-SIMS spectfa>®

4.2.3 Classification and clustering

Multivariate methods can be used to classify a $ammpo one of a number of possible groups
of materials that exhibit similar characteristikiiltivariate methods provide a powerful route
to this type of classification and interpretatidrnspectral information from surface analytical
techniques, either using predetermined groupsaursupervised clustering. Methods in this
category include discriminant function analysis A)Fhierarchical cluster analysis (HCA)

and artificial neural networks (ANN). Although céfscation and clustering methods have
not been yet widely applied to SIMS data, theresaneeral successful applications including
the discrimination of similar strains of bacterising DFA®*® and the use of an ANN for

pattern recognition of static SIMS spectra andsifastion using library datd.

4.3 Factor analysis

In this section, a brief overview will be given tire theory and concepts behind two popular
factor analysis methods for exploratory analysifGA and MCR. It is worth noting that

multivariate analysis should not be treated aslackobox’ approach to data analysis. An
understanding of the theory, assumption and valioiteach method is vital in obtaining a

valid, physical interpretation of analysis results.

Factor analysisis a broad field that has been in continual dgwelent for over 70 years, and
today has an extensive range of applications ifddiesuch as spectroscopyremote
sensing® social sciencé8 and economic$' It is a technique for reducing matrices of data to
their lowest meaningful dimensionality by descripithem using a small number of factors,

which are directions in the data space that reflsetful properties of the data set. This is
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equivalent to a transformation so that the newsb@si ‘factors’) used to describe the data are

a linear combination of the original variables.

4.3.1 The factor analysis model

A typical factor analytical model containidgfactors can be written in matrix notation as
N N
X=TP'+E o X=)1tp +E < X =)t P+ (4.1)
n=1 n=1

where letters in upper case, bold font, denoteicestrand letters in the lower case, bold font,
denote vectors. Letters in unbold, italic font, oienscalars. The matrix transpose is denoted
by an apostrophe. All indices are taken to run fime to their capital versions, eig= 1, 2,

... I. X is the ‘data matrix’ and is adnx K matrix containing experimental data obtainedIfor
samples oveK variables, after suitable data preprocessihgs the ‘loadings matrix’, with
dimensionK x N, whose rows are the projection of the factors d¢ihéovariablesT is called

the ‘scores matrix’ and is drx N matrix whose rows are the projections of the sasphto
the factorsE is the error between the factor analysis modelthadexperimental data and is
called the ‘residuals matrix’. It has the dimensiafl x K, and is usually assumed to contain

noise only.

Different factor analysis techniques differ in they in which the factors are extracted.
Rotational and scaling ambiguities mean that tla@eeno unique solutions to Equation 4.1.

By keeping onlyN factors in the model, we can subtract the resglostrix from the data

and construct a ‘reproduced data matd; such that
X=TP' =X (4.2)

Using this, we can gauge the success of diffef@rtbf analytical models based on its ability
to reproduce interesting features in the data uiegfewest number of factors. A detailed

explanation of factor analysis may be found in Refee 1.
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Term Symbol Definition Term commonly Term commonly
used here Y used in PCA used in MCR

Axis in the data space of a factor analysis model,
representing an underlying dimension that .
Factor — ; o ) Principal component Pure component

contributes to summarising or accounting for the

original data set

Loadings p Projection of a factor onto the variables I__oadmgs, Pure component
Eigenvector spectra
o _— Pure component
Scores t Projection of the samples onto a factor Scores, Projections concentration
Table 4.1 The factor analysis terminology adoptedhis work in relation to those commonly used in

literature for different multivariate factor analysechniques, adapted from ISO 18115-1:2%10.

4.3.2  Terminology

A well-defined terminology is essential for ideasdgpractices to be communicated clearly
and accurately. As a result of its history and s¢dpctor analysis is laden with confusing
terminology, with different names given to similar equivalent terms depending on the
technique and the field of application. For examptePCA the loading®, and scoreg,
associated with a particular factor are sometimes called, collectively, a ‘principal
component’, whereas in other cases ‘principal camept is used synonymously with
‘loadings’ and ‘eigenvector’. In MCR, ‘pure companespectra’ and ‘pure component
concentration’ are often used in place of ‘loadiragsl ‘scores’, reflecting the background of
the technique in spectroscopic mixture analysis.pblem may arise as the term
‘components’, when referred to the factors extrdceteathematically in factor analysis, may
be confused with real chemical components of th&tesy. Here, the terminologies are
clarified in order to ensure clarity and consisiemgthin this thesis, and to emphasise the
relationship between different multivariate anayschniques. Only factors, loadings and
scores will be referred to in this work. Table 4Hows the definitions of these terms, and
conversion between these and the various termiredagpmmonly used in the literature. In

close consultation with international experts, éhefinitions (along with other terms on
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X,

PCA Factor 1
PCA Factor 2

Figure 4.2 A two dimensional graphical represéoadf principal component analysis (PCA).

multivariate analysis) has now been incorporatew K5O standard ISO 18115-1:2010
Surface chemical analysis — Vocabulary — Part 1neGd terms and terms used in

spectroscopy’

4.3.3  Principal component analysis

PCA is a multivariate technique for reducing masiof data to their lowest dimensionality
by describing them using a small number of orthagdactors®® The goal of PCA is to
extract factors, or ‘principal components’, thapttae the largest amount of variance within
the multi-dimensional data set. PCA is perhapsrbst popular and widely used multivariate
analysis method, with applications ranging fromefaecognitiofi* to behavioural sciencés.
Often, PCA is used as a first step for data reduacprior to other methods of statistical

analysis.

Basic principles

A two dimensional graphical representation of P@pplied after mean centering of the data,
is shown in Figure 4.2. This shows data for 28 dammeasured over two variableg,and

Xo. The first PCA factor describes the direction loé targest variance, or spread, of data
points in the data set. The second PCA factoragdirection orthogonal (i.e. at a right angle)

to the first that captures the largest remaininggatian. It is obvious that PCA factors can be
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interpreted as rotated axes in the data spaceopitahally describe the variance within the
data. Using PCA, we have transformed the correlatathblesx; and x; into a new basis
which is uncorrelated. At this stage, two factoesaibe all features in the data set. However,
it may be useful to assume thatvaries linearly withx,, and the scatter in the data set arises
only from experimental noise. It is then benefi¢@mldiscard information in PCA factor 2, so
that all the relevant chemical information woulddrevided by the projection of the data onto
PCA factor 1. In doing so, we have achieved theedisionality reduction desired in factor
analysis, and the data set, originally containivg wariables, can now be described solely
using one factor. This ability for PCA to transfowariables into an optimal basis and achieve
dimensionality reduction is extremely importaneitarge data set with many variables which

are highly correlated, as is the case for manytjgal@analyses.

Mathematical formulation

PCA follows the factor analysis equation (Equa#ioh). The main steps of PCA are shown in
a schematic diagram in Figure 4.3. PCA factors emenputed using the eigenvector

decomposition of matriX, where

Z = X'X (4.3)

HereX is the data matrix containing experimental dafi@r suitable data preprocessingXIf
is mean centered, théhis called the covariance matrix and often denat&f.... If X is auto
scaled, thenZ is referred to as the correlation matrix and oftlemoted asZ.,;. An

eigenanalysis of gives

Zq, =Aq, (4.4)

whereq; is therth eigenvector oZ andA, is its associated eigenvalue. Due to the progertie
of eigenvalue decomposition of a symmetric matting eigenvectors are orthonormal (i.e.
orthogonal and normalised), and the eigenvalue®nbnhave positive or zero values. At this

stage the total number of non-zero eigenvectorseagehvalues obtained is equalRpthe
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Principal component ) o
matrix multiplication

analysis 2. Data matrix X > 3.Z=X'X
data selection and comparison decomposition
pretreatment
start i I

comparison 7. PCA reproduced reproduction 4. Eigenvectors

1. Raw data data matrix and eigenvalues

reproduction sort by eigenvalues

factor compression
6. PCA factors x N < 5. PCA factors x R
Figure 4.3 A schematic diagram illustrating typisé¢ps in principal component analysis (PCA), after
Malinowski.!

rank of the data matrix. BecauBecontains information about the variances of tha eathin
the data set, the eigenvectors are special directio the data space that are optimal in
describing the variance of the data. The amouragance accounted for by each eigenvector

is given by the eigenvalues.

PCA factors consist of the eigenvectorsZofsorted in descending order by their associated
eigenvalues, such that PCA factor 1 describesitleetobn of the largest variance and has the

largest associated eigenvalue. The eigenvectorsniais given by

Q:(ql q, - qR) (4-5)

whereq, are column vectors of the sorted eigenvectors $hiabhq; is associated with the
largest eigenvalu@;. To rewrite the data using the PCA factors as hewis, the scores
matrix T iS calculated to give the projections of the datéo all the factors. This can be

written in matrix notation

T =XQ (4.6)

72



Chapter 4. Introduction to multivariate analysis

Equation 4.6 can now be manipulated to obtain gmression for data matriX by post

multiplying the equation b@™, which is the matrix inverse 6. This gives,
X=T,Q™" (4.7)

By comparison of Equation 4.7 with Equation 4.k factor analysis equation is satisfied if
we set the transpose of the loadings matfl,, to be equal t@™". However, sinc& is a

symmetrical matrix in PCA, the columns @fare orthogonal an® ™ is simply equivalent to

Q'. This gives the PCA solution to the factor ana\ysjuation,

Pu =Q (4.8)

R
X =Ty Pu = zt P (4.9)
=1

At this stage, all PCA factors have been includethe factor analysis model, and the scores
Trwn and loadingss, reproduce the original data mati fully. Often, it is preferable to
discard higher PCA factors in order to reduce tineedsionality of the data. This is referred
to as factor compression. If one assumes thatn@gin the data arising frohh chemical
features are greater than the variances arisingn frandom noise, then all chemical
information can be accounted for using the IMSPCA factors. Methods to determihkare
described in Section 4.3.5. By carrying out the mation in Equation 4.9 for the firdd

factors only, we obtain
N
X = Ztnp:1 =TP (4.10)
=1

where the scores and loadings matri€esnd P now contain onlyN columns for the firsiN
factors. Finally,X is the PCA reproduced data matrix and containsiserfiltered version of

the data matrix, reconstructed using variances described in t8eNiPCA factors only.X

differs from the original data matrix by an amount accounted for in the residuals mé&yix
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Figure 4.4 A two dimensional graphical represeatatif multivariate curve resolution (MCR).
le.,
X=X+E=TP +E (4.11)

This gives the full PCA solution to the factor aysa$ equation.

434 Multivariate curve resolution

Multivariate curve resolution (MCBY*®*"belongs to a family of methods sometimes referred
to as ‘self modelling curve resolutioff, which are designed for the recovery of pure
components from a multi-component mixture wherelitir no prior information is available.
MCR uses an iterative least-squares algorithm twaek solutions to the factor analysis

equation (Equation 4.1), while applying suitablestoaints.

Basic principles

A two dimensional graphical representation of MGRshown in Figure 4.4. MCR assumes
that each spectrum can be described as a linearo$umn-negative contributions (MCR
scores) from individual chemical components, easkoaated with a particular spectral
profile (MCR loadings). This is true for many systesuch as absorption spectroscopy, where
Beer's law dictates that absorbance is proportiomabncentratioi’ However, this is only a
first approximation in SIMS, where many factorsestthan chemical composition can affect

the position and the intensity of peaks, includimgtrix effects, topography, detector

74



Chapter 4. Introduction to multivariate analysis

saturation and sample degradation during analysis. is explored in more detail in Chapters
5 and 6. Unlike PCA, MCR factors are not requiredb¢ mutually orthogonal. An advantage
of MCR is the application of constraints during teelution process. By applying non-
negativity constraints to the loadings and scorafiges using optimisation, MCR solutions
obtained resemble SIMS spectra and chemical canioitts more closely, as these must have
positive values. For example, in Figure 4.4, alladpoints can be expressed as a positive
mixture of MCR factors 1 and 2, and the factorsribelves are positive combinations of the
original variablesx; and x,. Other constraints can also be applied, includaggiality
constraint, where using priori knowledge of the system, one or more columns of the
loadings or scores matrices can be fixed to kngwattsal or contribution profiles prior to the
resolution of unknown components. MCR is also nmmputationally intensive than PCA
and requires more analyst input prior to analyismportantly, unlike PCA which produces a
unique solution for each data set, MCR resultsnateunique and are strongly dependent on
initial estimates, constraints and convergencermoih. The accuracy of the resolved spectra
depends on existence of samples with chemical ibomitvn from one component only, and
features from intense components can often appeidwei spectral profiles resolved for weak
component$® Therefore, careful application of MCR and intetptien of the outputs is

required to obtain optimal results.

Mathematical formulation

MCR follows the factor analysis equation (Equatébh). The main steps of MCR are shown
in a schematic diagram in Figure 4.5. In the fstige, the number of factord, to be
resolved is determined independently, either bprpknowledge of the system or via the
application of PCA and the inspection of the eigdng diagram (this is described in
Section 4.3.5). An initial estimate of either tlwwi®s matrix;T, representing the contribution
profiles of each component, or the loadings matRx,representing the spectra of each
component, is then required as an input to therelteng least squares (ALS) algorithm. The
initial estimates can be obtained in many ways,eample by the use of ‘pure variable’

detection algorithms, which find variables with trdvutions from single components only, or
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Figure 4.5 A schematic diagram illustrating typistdps in multivariate curve resolution (MCR)

by the Varimax rotation of PCA factot$which simplifies PCA factors by an orthogonal
rotation such that each factor only has a smallbamof variables with large loadings. MCR
then uses an iterative algorithm to extract sohgito the factor analysis equation (Equation
4.1), by the ALS minimisation of error matrkx. To increase the stability of the algorithm,

PCA is applied to the data as a first step andhttt fitting is done on the noise filtered PCA

reproduced data matrix , rather than the original data matrix. Assumingritial estimate

of the loadings matri®, a least squares estimate of the scores mhttan be obtained by
T=X(P)' (4.12)

where (P')" is the pseudoinverse of matriX . A new estimate of the loadings matfxcan

then be obtained
P'=T"X (4.13)

In each stage of the fitting, suitable constraarts applied to the loadings and scores matrices

P andT, such as non-negativity. Finally, Equation 4.1 &uguation 4.13 are re-evaluated

until T andP are able to reproduc¥ , within an error specified by the user, i.e. cageace

is achieved.
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Figure 4.6 The eigenvalue diagram obtained frorhtesgnthetic SIMS spectra produced using the liprar

spectra of three reference materials, (a) befodéiad of noise (b) after addition of Poissoniariseo

435 Number of factors

The aim of factor analysis is find a small numbkfagtors which contribute to summarising
or accounting for the data. As discussed previQUBG/A factors are calculated to account for
the largest sources of variance in the data, andRM@ctors are found to estimate
contributions from individual chemical componeritss therefore important to determine an
appropriate number of factors to include in a facoalysis model. If we assume that
variances in the data arising frafhchemical features are greater than the varianisis@
from random noise, then all chemical information && accounted for using the fildtPCA
factors. There are many ways of determining the bemof factors that one should retain.
Often a combination of methods, together with thpegience of the analyst, produces the

best results.

Figure 4.6 shows an example simulated data seistimgsof eight SIMS spectra created by
mixing the library spectra of three reference maler The eigenvalues associated with the
PCA factors is plotted. Without noise (Figure 4,6ahly three factors with non-zero
eigenvalues exist. This is equal to the rank ofdhta set and the number of independent
components. Therefore only three factors are netderplain all the features of the data set.

With random, Poissonian noise, added to simula¢eidh counting statistics of the SIMS
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detector (Figure 4.6b), the number of factors oeeds to retain is not so clear. One of the
most popular ways to determine the number of factequired to sufficiently describe the
data is by inspection of the eigenvalue plot in hikaknown as the scree t&5tThis is so-
called as the plot visually resembles the scredgbris, that accumulate at the base of a cliff.
The scree test assumes that eigenvalues decreasgaady manner for factors that describe
variations arising from noise. Often, a turningroiould be visible on the eigenvalue plot,
where the factors describing large variances dughémical features (“the cliff”) stops and
the factors describing smaller variances due tsen@iithe debris”) appears. Apply the scree
test to Figure 4.6b, we recover that three factmesneeded to describe the data. Often, the
scree test is used in conjunction with the perogamtaf total variance captured by tNe

eigenvectors, which is given by

sumof eigenvalusup tofactorN
sumof alleigenvalus

% varianceaptured= x100% (4.14)
The total variance captured provides a good guiglamcthe number of factors one should
retain in order to describe and reproduce the skaiafactorily. This will depend on the level
of noise in the data set and the number of minatufes, such as contamination, non-linear
and other effects that one wants to include infélséor analysis model. Finally, inspection of
the residuals matrik, and associated lack-of-fit statistics such ag€)duals, can be helpful

in determining if any meaningful structure has bercluded from the model.

4.3.6  Data preprocessing

Since all multivariate analysis techniques seettetscribe the underlying structure of the data,
they are sensitive to data preprocessing and transfions’®> Data preprocessing can
enhance PCA or MCR by bringing out important vacems in the dataset, but because it
makes assumptions about the nature of the varigntiee data, it can distort interpretation
and quantification and therefore needs to be appliéh care>® Prior to multivariate analysis,

data selection and binning are often performedemuce the size of the data set. The
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x5 (8) Raw data X3 (b) Mean centering

Factor 2 Factor 1

X, Factor 1 X,

Figure 4.7 The effect of mean centering on PCAWéthout mean centering, PCA factor 1 goes from the
origin to the centre of gravity of the data. (b)tkVinean centering, PCA factor 1 goes from origid aocounts

for the highest variance within the data set.

following is a description of data preprocessingthmds common in the field of surface

analysis. The relative merits of these methodeaatuated in Chapters 5 and 6.

In mean centering each variable is centered by the subtractiorisofmiean value across all

samples. In the case of spectral data such as SHSs equivalent to subtracting the mean
spectrum of the data set from each sample. Meaeroeg is a common practice for PCA, so

that the first PCA factor would go through the cerdf the data rather than the origin. This
allows for the effective description of the diffaces between samples rather than their
variations from zero intensity, as can be seenignré 4.7. Mean centering is not applicable
to MCR, as it requires positive input data for teeolution of positive loadings and scores

using non-negative constraints.

In normalisation, the data are scaled by a constant for each sambpieh could be the value
of a specific variable, the sum of selected vaesaldr the sum of all variables for the sample.
This preserves the shape of the spectra data amdahgation to the total ion intensity is
commonly used in SIMS, assuming chemical variagesssolely be described by the relative

changes in ion intensities. Normalisation theref@@oves the gross variations in total ion
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intensities caused by topography, sample chargihgnges in primary ion dose, and other

effects.

In variance scaling each variable is individually divided by its \eamce in the data set.
Variance scaling is referred to ‘auto scaling’ wihieis followed by mean centering. Variance
scaling equalises the importance of each variabid, is often used in SIMS to emphasise
high mass, low fragmentation ions which often hboxer intensities. However, it can be
problematic for weak peaks with variations arisingstly from background signal, noise or
minor contaminants, and therefore variance scasirmggmmonly used on a selection of strong

characteristic peaks only.

In Poisson scalingit is assumed that the statistical uncertaintgath variable is dominated
by the counting statistics of the detector, whick Roissonian in natufé.This is a good
approximation for SIMS raw data where the deteig@perating within linearity, and Poisson
scaling cannot be applied in conjunction with otdata scaling methods. Poisson scaling
weights the data by their estimated uncertaintinguthe fact that the noise variance arising
from Poisson statistics is equal to the averagateouintensity. Since multivariate methods
generally assume uniform uncertainty in the datasgdn scaling has been shown to provide
greater noise rejection in the multivariate analysi SIMS datd>?%°* Poisson scaling thus
emphasises the weak peaks which vary above thetexpeounting noise, over intense peaks
with large variances solely accounted for usings&an statistics. Poisson scaling is especially
valuable for image data sets, which can have lountoper pixel and can therefore be
dominated by Poisson noise. A detailed explanatidnPoisson scaling is given in

Reference 23.

In Binomial scaling the data are scaled by the statistical unceytaheach variable for data
that are affected by detector saturation. It hankshown that when detector saturation is an
issue and dead time correction is required, theected data follow a binomial distribution,

and binomial scaling should be employed insteadPoisson scaling’ Binomial scaling
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Figure 4.8 The complexity of ToF-SIMS imaging da#ds, where a complete mass spectrum is recorded

for each pixel, producing a large< J x K ‘datacube’. Manual analysis is often carried dtliex by comparing
selected ion images by eye, or comparing spedaira feveral selected regions of interest. With cemphages
where there are many unknown chemical componentsatures of interest, manual analysis quickly lbee®

impractical.

prevents highly saturated, noisy peaks from unduofgencing multivariate analysis over
weaker peaks that may describe more chemically megih variations. A detailed

explanation of binomial scaling is given in Refarer®4.

4.3.7  Analysis of multivariate images

In this final section, we discuss the applicatibmailtivariate analysis to images, which is the
main focus of the research in Chapters 5 and 6h Wig advances in instrumentation, many
spectroscopy or mass spectrometry instrumentsavecapable of generating images where a
whole spectrum is recorded at each pikeThis paves the way for the study of spatially
localised features, but provides an acute problendéta analysis and interpretation due to
the vast amount of information recorded. The comipleof this data is illustrated in

Figure 4.8. For example, in a typical ToF-SIMS imagpnsisting of 256 x 256 pixels, with

the spectra nominally binned to unit mass up to 40Q@he data set would contain 400
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individual images or 26 million data points, occiuqgy200 megabytes of computer memory.
In addition, SIMS images often suffer from low sapbo-noise ratio, especially at high spatial
resolution. This arises from the need to minimizguasition time as well as the static limit,
typically 10'° ions m? imposed on the primary ion fluence to minimisefate damage by
primary ions>® As a result, the available signal deterioratesdhgpwith increased spatial
resolution, and noise arising from the countingistias of the detector becomes significant.
Traditional data analysis involves the manual selecand comparison of key ion images,
which is slow and requires priori knowledge of the compounds on the surface.
Consequently, the results may be influenced by dias of the analyst, and small but
chemically significant features can easily be oaked, for example any localised

contamination that covers only a small area orsthréace of the sample.

Factor analysis methods, which take into accouatvthole data set, are ideal for exploring
complex image data sets obtained from SIMS. Thdiagn of PCA and MCR can be
easily extended to the analysis of multivariategeg A multivariate image data set contains
a spatial raster dfx J pixels, where each pixel contains a complete spectonsisting oK
variables. Prior to PCA or MCR, the spatial infotioa is simply discarded, and each pixel is
treated as a separate sample. The image datawiibeimensions of x J x K, is ‘unfolded’
into a two-dimensional data matrix with dimensidhs K, and factor analysis is then carried
out to obtain scores and loadings, as describedqudy. On completion of the analysis, the
scores matriX is then ‘folded’ so that it has the dimensions$ ®fJ x N, and can therefore be
displayed as a series Nfimages, one for each of tihefactors in the model. This represents
significant time-saving in image analyses. Inste&ddchaving to examin& individual ion
images, often a small number of factddsare sufficient to capture the main trends and
variations in the image. The use of PCA and MCRIMAS image analysis will be discussed

in more detail in Chapters 5 and 6.
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4.4 Conclusions

In this chapter, an introduction is given to thekground and theory for some of the most
common employed multivariate analysis techniquesdus surface analysis. From the
growing varieties of studies in the literatureisiclear that multivariate methods are powerful
for the analysis of SIMS data, including spectnaages and depth profiles. Current research
is actively addressing many issues and challengesniltivariate analysis, from the
fundamentals such as data scaling for optimal idmscation of chemical features from noise,
to practical applications such as the analysisiofogical images. Terms and definitions,
developed in consultation with leading industry aadademic experts, has now been
incorporated into 1ISO 18115-1 — Surface chemicallymis — Vocabular§? In addition, an
ISO guide to multivariate analysis, recently ideeti as a high priority by industry analysts,
is currently in active development. These develauseontribute towards providing clearer
recommendations and guidelines on the applicatfomutivariate analysis for SIMS data,
which is essential to give confidence to the ansalgssults and ensure the widest uptake and
impact of these powerful methods. With the incrdapewer and throughput of modern
analytical instruments, and the growing analytieguirements in novel research areas, for
example the surface analysis of biomaterials andvative devices, multivariate analysis is
becoming an increasingly indispensable tool inaoting the maximum information from

data with a fast, robust and unbiased approach.
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Chapter 5 - Quantification and methodology issues ni

multivariate analysis of ToF-SIMS data for mixed oganic systems

51 Introduction

Time-of-flight secondary ion mass spectrometry (‘RIMS) data sets contain vast amounts
of information and pose huge challenges for daterpmetation. Due to the complexity of
ToF-SIMS data sets, multivariate methods such excipal component analysis (PCA) and
multivariate curve resolution (MCR) are often enygld in data analysiSAn introduction to
multivariate analysis methods for ToF-SIMS datgiien in Chapter 4. Despite advances and
the widespread studies in the literature, the wpiakthe techniques into general industrial
analysis has been slow. This is not to say thaustigl analysts are not proficient in
multivariate analysis; on the contrary, they ar@agithe most expert of multivariate analysis
users. Rather, in the context of all industry asialypy SIMS the use of multivariate methods
is not routine and is far from fulfilling its poteal. There are several reasons for this. Firstly,
multivariate analysis is associated with a steamieg curve. For many scientists, there have
been significant ambiguities, confusion in termogyt and jargon, low confidence in the
results, and a need for an improved understandinmpsic and practical aspeét§econdly,
there is widespread confusion over the most ap@tgpchoice of multivariate technique for
each application. In particular, the applicationddferent data preprocessing methods often
leads to major inconsistencies, and thereforebigliguidance is needed for practical analysts.
This situation needs resolution, since the procesiare well established mathematically and
can be extremely helpful for many analytical sitas. Thirdly, analysts need improved
access to reliable multivariate analysis softwaité wlear guidance on its use and regimes of
validity. A significant issue is the export of exjpeental data from the instrument format into
separate software packages for multivariate arglysghich can be slow and cumbersome.
The use of the ISO Standard Data Transfer FormB{TE$ provides a solution to this

problem?
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The work described in this chapter aims to prowlar guidance on the use of multivariate
methods for the quantification and identificatioh asganic materials by ToF-SIMS. The
study focuses on a simple model system consistingino immiscible polymer blend,
poly(vinyl chloride) (PVC) — polycarbonate (PC)edsin a previous study by Gilmoeg al.

on ToF-SIMS and AFM quantification issué®hase separation occurs at the surface and
distinctive domains can be seen in the images. diwbe most popular multivariate methods,
PCA and MCR, are applied to quantify the surfaeaaf each phase and evaluate the effects
of four different data preprocessing methods (radiisg, normalisation, variance scaling and
Poisson scaling). This highlights significant issuand challenges in the quantitative
multivariate analysis of mixed organic systemsjudimg the discrimination of chemically
significant features from experimental noise, thsotution of weak chemical contributions
and potential bias introduced by data preprocesdihg methodology developed using this
simple system is validated using a complex simdlateage of a polymer blend, composed of
two  structurally similar  polymers, poly(methyl matitylate) (PMMA) and
poly(ethyl methacrylate) (PEMA). Using these resultecommendations are given for
analysts on the optimum use of multivariate analgsid selection of the most appropriate
methods. The methods developed here will be applnetiextended to study a complex hair

treatment relevant to industry in Chapter 6.

5.2 Experimental

Sample preparation and the acquisition of SIMS dea performed by Prof lan Gilmore
(National Physical Laboratory) as part of the poeei study. The experimental details are as
follows. Polymer blends of 50% by weight pure pulgyl chloride) (PVC) and 50% by
weight pure polycarbonate (PC), totaling 300 mgthbipom Goodfellow Cambridge Ltd.
(Huntingdon, UK), were dissolved in 25 ml of tetydhofuran and cast freely from solution
onto carefully cleaned Si wafers under normal latmy conditions. Static SIMS analyses
were made using an ION-TOF IV instrument (ION-TOmI&H, Minster, Germany) of
single-stage reflectron desigrNegative ion images of the PVC—PC polymer blendewe

obtained using a high-resolution Giacused liquid metal ion gun, with its beam incitlat
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45° to the surface normal. The ion beam was operat5 keV energy with a spot size of
approximately 300 nm. Images were acquired withb@ 2 256 pixel raster and a field of
view of 50um x 50 um. Charge compensation was effected by low-ene2fyel) electrons
provided by a flood gun mounted at an angle oft6the sample normal. Further information
on the sample can be found in the previous stusity fivhich the data were obtain&&or the
simulated SIMS image in Section 5.4, data from lamoprevious study (unpublished) was
used, which consists of positive ion spectra ofyfméthyl methacrylate) (PMMA) and
poly(ethyl methacrylate) (PEMA) acquired using' @simary ion beam at 10 keV, mounted

at 45° to the surface normal.

All calculations were performed using Matlab v7Th¢ MathWorks, Inc., Natwick, MA,
USA). PCA was performed using PLS Toolbox v3.5 @agector Research, Inc., Wenatchee,
WA, USA), with MIA Toolbox v1.0 add-on (Eigenvect&esearch) for multivariate image
analysis. MCR was performed using a freely avadlallCR-ALS Graphic User-Friendly
Interface 1.0.0 Toolbo%’ which implements the fast non-negative least sEu&FNNLS)
algorithm® Additional image processing was performed with Istatimage Processing
toolbox (The MathWorks, Inc.). The mass spectraevi@nned to 1 u and stored in the freely
available DataSet Standard Data Object (DSO) foPnvaich combines all the separate
elements associated with a multivariate data set) as sample labels and axis scales, into a

single structure variable in the MATLAB workspace.

5.3 Results and discussion

In this section, a ToF-SIMS image of the immiscid®/C—PC polymer blend was
investigated, with the aim of identifying the sudaspecies and quantifying the surface area
of the distinct polymer domains formed by phaseass#jon. The total ion image of the
polymer blend is shown in Figure 5.1. This simpdéymer blend is chosen as a model system
as it has already been studied in detail previoctisgyy work focuses on the thorough

evaluation of data analysis methods and highlittesffects of different data preprocessing.
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Figure 5.1  ToF-SIMS total ion image of a simple irseible PVC—-PC polymer blend, field of view = pfh

x 50 um.

Prior to analysis, the spectra are binned to 1didata for ions with a mass over 40 u are
discarded to reduce the size of the data set andehthe computation time. The only
observable peaks above 40 u are for @hich do not add much further information asi€l
clearly observed. The lack of characteristic md@cpeaks is due to the damage caused by
the G& primary ion beam at the molecular signal dose (WM8@it, where most of the
molecular signals have been consumed. Thereforeetieval of data over 40 u does not
constitute a loss of information in this case. tuiéion, for reasons that will be discussed
later, the top 25% of this image is also excludednfthe analysis. The total ion spectrum of
the cropped image is shown in Figure 5.2a. Usinigr gknowledge of the sample, the
secondary ion images fofCI”~ + *'CI” and O + OH, characteristic of PVC and PC
respectively, are selected and shown in Figure 2u2th 5.2c. The decrease in intensity
towards the bottom of the images can be attributedsurface charging effects during
acquisition with a sawtooth raster. This can beaiced by using a random raster, which was
not available at the time. The phase separatidheopolymers can clearly be observed. It is
apparent that PVC, which forms discrete islanddépolymer blend, has a higher secondary
ion yield compared to PC, which forms the contiru@hase in the image. It is the surface
area of these polymer domains, with dimensionsratdum, which will be quantified using

the different analysis methods as described iridt@wving sections.
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Figure 5.2 ToF-SIMS image of the PVC—PC polymend|after cropping, field of view = 50m x 37.5

um. (a) The total ion spectrum of the cropped ima@®**CI™ + *’CI” ion image representing PVC. @) +

OH ion image representing PC.

5.3.1 Manual analysis

Due to the reduction of the signal intensity dowe image, classification of each pixel to be
either PVC or PC using a given threshold intengitses irreproducible results. Therefore, in
this study, a modified version of a consistent eepkatable method developed previotisy
used for the manual quantification of the surfasaaf the polymer domains. The method is
described below. Using Matlab Image Processingdmqlthe characteristic ion images from
Figure 5.2 are first smoothed by convolution witkilular averaging (top hat) filter with a
radius of two pixels to improve the signal to noiago. The two images are then scaled to
their respective maximum pixel intensities in ortteaccount for the differences in secondary
ion yields of the two phases. Although this is som& sensitive to outliers in the data,
scaling to the mean intensity is not appropriateesiit would be dependent on the area of
coverage of the polymers. A scatter plot is themmited by plotting the scaled PVC intensity
against the PC intensity for each of the ¥9256 pixels in the image, with the intensity of
any point being proportional to the frequency @& ttcurrence. The resulting diagram, shown
in Figure 5.3a, is fairly symmetrical along the gbaal and reveals two distinct oval
distributions with the major axes almost paraltethie PVC and PC axes of the scatter plot.
Plumes extend near the major axis towards highnsgities, and the two distributions
overlap in a central region. As expected, pixelshwiigh PVC intensities have low PC

intensities due to the phase separation. The andivargence of the ellipse major axes from
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Figure 5.3 Area quantification using manual analysis. (a)t®caglot of the scaled image intensity

PVC against the scaled image intensity of PC. Objnain map of the pginer blend generated by assigr

image pixels according to the bisector in (a). Bixéentified as PVC are shown in white, and pidentifiec
as PC are shown in black. (c) Polar plot, obtaimgdeplotting the data in (a) as a function of déimgle& on the
scatter plot, where tafi= scaled PC image intensitgcaled PVC image intensity. The ordinate is thegdenc

occurrence of pixels per unit angle.

the scatter plot axes arises as the phases apair@polymers but are of each enriched with a
very small amount of the other. From the previouwslyg it was also found that very small
islands of PC, typically 200 nm in diameter, exigthin the PVC-rich areas. This is smaller
than the focus of the ion beam and cannot be redalv the image after smoothing. The
result is a slight broadening of the PVC plume loa $catter plot, but as we shall see, this
deviation is not large enough for the pixels tockessified as PC using the bisector method
for quantification. Therefore, these small isladdsnot affect the overall quantification of the

larger domain features which are the focus of shusly.

To proceed with the quantification, the scattet @adivided into two distinct sectors using a

bisector, as shown in Figure 5.3a. The bisectairégsvn to go through the origin and the
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geometric midpoint of the centres of the two ovalributions, which are the positions with
the highest densities of pixels. A binary domainpnad the polymer blend can now be
generated by remapping pixels above and belowbikecting line, as shown in Figure 5.3b.
By counting the number of pixels in each regionisitsimple to arrive at a surface area
quantification of PVC : PC =47.1:52.9. This dif§ slightly from the results obtained in the
previous study. The discrepancy is solely due to the exclusiompat of the image in the

current analysis, and is therefore not a matteoaotern.

Before the multivariate methods are considerets #@lso useful to replot the scatter plot in
Figure 5.3a as shown in Figure 5.3c. Here we ateoacerned with the radial distances of
the data points from the origin, but their angyasition on the scatter plot. The frequency
occurrence of pixels per unit angle is plotted asnation of the anglé, where tand = scaled
PC image intensity scaled PVC image intensity. For an ideal immisciblend, the peaks
associated with the two polymers would appear & 90 as delta function spikes. Mixing
between the two phases causes the peaks to mowdswvand reduces their angle of
separation on the polar plot. Experimental noisthenspectra also causes the peaks to move
inwards and broaden. Although smoothing the imaigle & circular averaging filter sharpens
the peaks, it also leads to an increase in the atmaiupixels within the interfacial region
between the PVC and PC domains, which is also dalgehe primary ion beam resolution
of 300 nm. Fortunately, quantification using thedaitor line has the effect of averaging this
and therefore quantification is not too dependensrmoothing or beam size. The polar plot in
Figure 5.3c allows these effects to be visualisguldty, and therefore provides a clear way to
evaluate the quantification of binary systems usuagious methods. Three criteria for
accurate quantification can be established. Fjrsklg angular separation of the two peaks
must be large on the polar plot. Secondly, eachk paast have a narrow width. Thirdly, the

number of pixels close to the bisector line mussimeall.

At this stage it is helpful to discuss the effamitshe scaling of image intensities on the scatter

and polar plots produced. For the scatter plotfjragds simply equivalent to a stretch in one
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Manual . S Variance Poisson

analysis No scaling Normalisation scaling scaling
Quantification PVC : PC 47.1:52.9 45.0:55.0 52.2:47.8 44.7 :55.3 49.6 : 50.4
Quantification error (%) - S 13.0 5.9 11.9 3.8
Number of factors e 8 7 2 1
Quantification PVC : PC 47.1:52.9 48.4:51.6 51.5:48.5 47.3:52.7 47.1:52.9
Quantification error (%) - 4.0 5.4 2.0 15
PVC width ( °) 12 . 16 10 14 12
PC width ( °) 21 LEJ 20 35 20 19
IAngular separation ( °) 71 53 52 67 67
Total width /Angular separation 0.46 0.68 0.87 0.51 0.46
Pixels within 5 ° of bisector (%) 6.0 8.8 9.1 6.5 6.3

Table 5.1 Summary of PV®E polymer blend quantification results using maramalysis, PCA an

MCR.

or both directions. For the polar plot however lisgahas the effect of narrowing one peak
while widening the other, and may increase or demeheir angle of separation. Therefore to
obtain a reliable indictor based on the qualityecia listed above, the angular widths of the
two peaks on the polar plot are summed and thilseis divided by their angular separation.
Provided that the scaling used is sensible andaater plot is not overly distorted, this forms
a good basis of comparison between different scpltés. It is also worth noting that scaling
does not affect the location of the bisector witkpect to the pixels. Although the angular
position of the bisector would change, the areantifigation obtained remains the same. For
the manual analysis of the polymer blend, the maxohthe PVC peak lies af &nd the
maxima of the PC peak lies at°7®vith widths of 12 and 22 at full width half maximum
respectively. The ratio of total width to angulaparation is 0.46 and the percentage of image
pixels within 5 of the bisector is 6.0%. These results are suns@@in Table 5.1 and will be

compared to results obtained using MCR in Secti8rB5

Due to the simplicity of our model system, all cheaily specific information about the two

polymer phases is included in the four ion peaks @, **CI” and®'CI") selected for the
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Figure 5.4 Results from PCA after the applicatidrfour data preprocessing methods, showing (a) the

eigenvalue diagrams, or ‘scree plots’, (b) the logsl on PCA factor 1, (c) the scores on PCA fattoaind (d)

the domain maps produced using a threshold scarerofon PCA factor 1.

above analysis. Therefore, the result obtained hesiag manual analysis provides an

effective basis for the detailed comparison anduaten of different multivariate techniques.

5.3.2  Principal component analysis

Principal component analysis is now applied togblymer blend image. Four different data
preprocessing methods (no scaling, normalisatianamce scaling and Poisson scaling) are
investigated. In all cases, the data are mean reehtarior to PCA analysis. The typical
computation time is less than 5 seconds due tsniadl size of the data set. The eigenvalue
plots of the four PCA models are shown in Figu#a5The eigenvalues, which are equal to
the variance captured in each factor, decreaseklgufor factors that contain chemical

features and reach a gently declining slope fotofacthat describe noise variations before
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dropping rapidly again for higher factors contaglittle additional information. Note that the
eigenvalues refer to the variance captured in teprpcessed data rather than in the raw data.
Since data scaling can alter both the total vadaot the data and the relative variance
contained in each variable, the eigenvalues aomgly dependent on the data preprocessing
methods used. It is obvious that the effectiverid93CA in accounting for variances in the
data using the first few factors depends considgrab the data preprocessing method
chosen. For each PCA model, the number of facteesded to describe the non-noise
variances in the data is determined by the visugdection of the eigenvalue plots, using the
scree test to select the factor beyond which thensialues decrease steadily and no further
jumps may be observed. The loadings and score€anféttor 1 for each data preprocessing
method are shown in Figure 5.4b and 5.4c. Regardiéshe preprocessing method, PCA
factor 1 successfully distinguishes the two phast®wing positive loadings on PVC
characteristic ion peak$>CI™ + *'CI") and negative loadings on PC characteristic icakpe
(O + OH). This is reasonable as we expect the largesanveeiin the data set to arise from
the chemical differences between the two polymersph. PCA therefore enables the rapid

identification of the polymer blend without anyqrknowledge of the system.

The scores on PCA factor 1 are used in the queatibn of the polymer blend, as follows.
Since PCA factor 1 distinguishes the two polymeagas, we can classify pixels with positive
scores as PVC and pixels with negative scores a® B€nerate a binary domain map of the
polymer blend. This method is most suitable forypwr blends where the composition is
close to 50:50 and the two phases have similangities, since the pixels with zero scores,
which are identical to the mean spectra, wouldajiproximately midway between the two
phases. For polymer blends with composition famf&0:50 or vastly different secondary ion
yields between the phases, the mean spectra woifldosvards the more abundant or intense
phase, and therefore a threshold score of zero Isnger suitable for the classification of the
polymer domains. To ensure results obtained in shigly are directly comparable with
manual analysis, which gave smooth domain bourslanging spatially averaged ion

intensities, the PCA scores images are smoothed biycular averaging filter as used in
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manual analysis prior to classification. It is wontoting that smoothing was not performed on
the original data prior to PCA analysis as we aterested in evaluating the ability of PCA in
extracting chemically significant variances fromigyodata typical in ToF-SIMS imaging.
The domain maps of the polymer blend for PCA witiche of the four data preprocessing
methods is shown in Figure 5.4d. By counting thember of pixels in each phase, an overall
surface area quantification can be obtained. Tesasthe accuracy of the quantification, a
comparison is made for each pixel between the domaips obtained from PCA and manual
analysis. The quantification error is then defingsl the percentage of pixels that are
misclassified in PCA. Finally, the results obtairsxbve are summarised in Table 5.1 for each

data preprocessing method.

It is now possible to analyse the effect of dateppocessing on the quantification of the
polymer blend. It is obvious that the ability of RGo describe the chemically significant
variance in the data set, and therefore produceraisc domain maps and quantification, is

hugely affected by the data preprocessing methptieab

No scaling

Without scaling, eight factors are required to déscthe data, as determined using the scree
test. The loadings on PCA factor 1 are dominateihignse secondary ions such asafd
%CI". This describes the variations of overall ion fisiéies in the image, and only weakly
distinguishes the chemistry of the two phases. Assalt, the domain map obtained without
scaling is a poor representation of the chemisfrihe system, and displays a significant
gradient due to the changes in secondary ion iitiengrising from surface charging. Despite
an overall quantification value that is close te tlsult obtained in manual analysis, a large
quantification error of 13.0% is obtained. TherefoPCA with no scaling is shown to be

unsuitable for the accurate quantification of patyrdomains.
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Figure 5.5 A simple illustrative model showing tleffect of normalisation on the surface area

guantification of a binary immiscible mixture. Thacations of the phase boundaries are shown byehtécal
arrow. Normalisation moves the boundary such tmafperceived surface area of the more intense coampas

enhanced.

Normalisation

Normalisation reduces the effect of intensity vidoias due to surface charging, by scaling the
data so that the total count per pixel is const@imce normalisation removes one degree of
freedom from the data set, seven factors are newdadcount for the data. Normalisation
results in an improved description of chemical etéinces in the loadings on PCA factor 1,
along with clear scores image and domain map tleahat driven by changes in overall ion
intensities. Normalisation thus reduces the quaatibn error to 5.9%. However,
normalisation is found to overestimate the amounPWC on the surface, resulting in a
quantification value of PVC : PC = 52.2 : 47.8, @ared with the manual analysis result of
47.1 : 52.9. This is due to the higher secondamyyield of PVC compared to PC, and can be
explained simply as shown in Figure 5.5. This shoma immiscible chemicals components
across a simple phase boundary, where the meaistieagities of both components decrease
in a linear manner between one phase and the dinerto the limited resolution of the
primary ion beam in ToF-SIMS. Vertical arrows ore thiagrams mark the locations of the
phase boundaries where both components have isntiat are half of their maximum
values. Normalisation, such that the sum of intesiat any point is unity, moves the
boundary such that the perceived surface areaeofribre intense component is enhanced.

Therefore, normalisation can significantly distoguantification and whilst it is an
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improvement from no scaling, it is not optimal tl@termining the relative fraction of the two

components.

Variance scaling

Variance scaling equalises the variance of eack pear to PCA, so that the less intense O
and OH peaks associated with PC are given the same iamm®tas the more inten$€I

and*'CI” peaks associated with PVC. However, variance regalso enhances weak, non-
characteristic peaks, and therefore produces ndosglings that are unsuitable for
identification. The domain map is again dominatgdhe changes in overall ion intensities,
and a large quantification error of 11.9% is olgdin Despite the small number of factors
required to describe the data, the PCA result afeiance scaling is unsuitable for either

identification or quantification of surface matésia

Poisson scaling

Poisson scaling equalises the noise variance df paek prior to PCA using the Poisson
counting statistics of the detector. The loadingsRCA factor 1 show excellent chemical
characterisation of the system and thedth is notably absent. Due to its high yield, ks a
large associated counting error, but manual ingpedf the ion image reveals only a weak
correlation with the PVC phase. Poisson scalirthésefore the only method able to separate
the Poisson counting error from chemical variaticarsd provide improved chemical
characterisation in PCA. The area quantificatiothvwRoisson scaling is in good agreement
with manual results and the quantification error898, is the lowest out of all data
preprocessing methods investigated. The domaingeagrated is clear and unaffected by the
changes in ion intensities due to surface chargamgl furthermore it is clear from the
eigenvalue plot that one factor is sufficient tec&e the data, in agreement with the single
degree of freedom characteristic of a binary systéhus, Poisson scaling concentrates all
chemically significant information into the fewastmber of factors and accomplishes greater

noise rejection. The superiority of Poisson scalRGA in the characterisation and
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quantification of surface chemical composition herefore clearly demonstrated using this

polymer blend system.

533 Multivariate curve resolution

The next step of this study is to evaluate multatarcurve resolution in the identification and
guantification of the polymer blend image, aftetadpreprocessing using the four methods
discussed previously. MCR with a non-negativity stoant for the loadings and scores is
applied to the preprocessed data. Mean centeringtisarried out prior to analysis, since the
non-negativity constraint requires the data to hpesitive values throughout. Using prior
knowledge of the system, the number of factoraxedf at two. An initial estimate of the
loadings matrix for the alternating least squaitd is obtained using a Varimax rotatidn
of the first two factors of equivalent PCA modelghout mean centering. MCR is more
computational intensive than PCA, and a typicallymms of the data takes 2 — 5 minutes,

depending on the criteria for convergence.

For all data preprocessing methods, MCR is ablextoact two distinctive factors, with the
loadings showing strong resemblances to experirh@ofa-SIMS spectra of pure PVC and
PC. The scores images also agree closely withigtebdition of PVC and PC from the raw
data in Figure 5.2. MCR therefore enables the ifieation of the polymer blend without
prior knowledge of the system. MCR results afteis&an scaling are shown in Figure 5.6.
Results for other preprocessing methods are gtreditg similar to these, with the exceptions
that variance scaling produces noisy loadings witAny non-characteristic peaks, and
normalisation produces scores images without théeignt in intensity. To obtain a surface
area quantification of the polymer blend we usesimme approach as in manual analysis, and
plot the scaled intensities of the two MCR scoreages on a scatter diagram for each pixel.
The locations of the bisectors are calculated, @dnedresulting scatter plots are shown in
Figure 5.7a—d. Using this, the domains maps fdiasararea quantification are generated, and
the quantification error, defined as the percentaigpixels that are misclassified in MCR

compared to manual analysis, is calculated for @agprocessing method. In addition, a polar
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Figure 5.6 Results from MCR, after Poisson scal{ay).The loadings on the MCR factors, corresponding
to PVC and PC chemical spectra respectively, apdh@ scores on the MCR factors, correspondinghéo t

distribution of PVC and PC, in agreement with the data shown in Figure 5.2.
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Figure 5.7 Scatter plot of the intensities of the MCR scoreages, after (a) no scaling (b) normalise

(c) variance scaling (d) Poisson scaling. (e) Pplats generated from the scatter plots, showimgathguls
frequency occurrence of pixels as a fumctiof angle on the scatter plot, for different dat@processir

methods

101



Chapter 5. Multivariate analysis for mixed orgasystems

plot showing the frequency of occurrence of imagelp as a function of their angle on the
scatter plots is given in Figure 5.7e. The widthhaf peaks, their angular separation, the ratio
of the total width to the angular separation, dr@rtumber of pixels within°5of the bisector,

are obtained for each preprocessing method. Alllteare summarised in Table 5.1.

Regardless of data preprocessing, the domain mapsiged by MCR are similar to manual
analysis and are unaffected by the intensity vianatdown the image, due to the use of a
bisector for quantification rather than a threshatle. Quantification is therefore improved,
with errors below 6% in all cases. Using the scadted polar plots produced, the effects of

data preprocessing on the resolution of the twonite phases using MCR are analysed.

No scaling

Without scaling, MCR produces a skewed scatter atoshown in Figure 5.7a. MCR has
difficulties resolving the weaker contribution oCHrom the unscaled data dominated by
strong PVC intensity variations, and low contrasbbserved in the scores image associated
with PC. Consequently, the scatter plot shows @elapread of pixels, and the ratio of peak
widths to angular separation on the polar ploargé compared to manual analysis. Despite a
good overall area quantification and a low quardiion error, MCR without scaling is not

optimal and does not effectively describe the cloathstructure of the data.

Normalisation

After nrmalisation of the data to the total couat pixel, MCR produces a distinctly different
scatter plot, as shown in Figure 5.7b. The scoreMGR factor 1 and 2 lie along a straight
line and their sum is roughly constant for eachepixn agreement with the normalisation
proceduré* and our understanding that only two chemical camepts are present in the
system. Since the magnitudes of the scores aredépendent after normalisation, the
separation of the phases on the scatter and ptts |3 weak. The bisector method for

quantification is therefore no longer appropriate aormalisation gives the highest width to
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angular separation ratio. As observed previously ilustrated in Figure 5.5, normalisation
also overestimates the surface area of PVC dommainkCR, giving PVC : PC =51.5: 48.5.
Normalisation is therefore unsuitable for quangfion in MCR and produces the largest error

out of all data preprocessing methods investigated.

Variance scaling

As discussed earlier, variance scaling producesliiga containing a large number of
uncharacteristic peaks that are unsuitable for atemdentification. Despite this, good
contrast is seen in the MCR scores images, whielesga symmetrical scatter plot of
intensities as shown in Figure 5.7c. Two separagilolitions can be observed and the
bisector method produces an excellent area queatidn of PVC : PC = 47.3 : 52.7 with a
small quantification error of 2.0%. Good statistaoe also obtained with the polar plot, and
the widths of the peaks and their angular separai®@ comparable with manual analysis

results. Variance scaling is therefore suitableaf@a quantification using MCR.

Poisson scaling

Figure 5.6 shows the MCR loadings and scores addaafter Poisson scaling. The loadings
strongly resemble ToF-SIMS spectra of pure PVC &, allowing straightforward
identification of the species. Poisson scaling poes a symmetrical scatter plot, shown in
Figure 5.7d, that gives an excellent area quaatiba of PVC : PC = 47.1 : 52.9. This is in
perfect agreement with the results obtained mapuaith the lowest quantification error of
1.5% out of all methods. Using the polar plot igWfe 5.7e, Poisson scaling is easily
identified as the best data preprocessing methodives the smallest widths to angular
separation ratio as well as the lowest number xlpiwithin 5° of the bisector, therefore the
bisector method for quantification is very effeetiPoisson scaling also provides the greatest
noise rejection in MCR, since the alternating lesagtares fitting of MCR loadings and scores
are carried out on the PCA reproduced data. Thiglasion is that Poisson scaling is the

most appropriate preprocessing method for MCR, il shown to be useful for accurate
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(a) Loadings on PCA factor 6 (b) Scores on PCA factor 6
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Figure 5.8 Results from PCA of the full frame image, withowta scaling. (a) The loadings on F
factor 6, and (b) the scores on PCA factor 6, shgwmall changes in relative ion intensities inghesputtere
area on the top left corner of the image. Imagdrashwas enhanced by removing a small number té mex

values from the scores.

identification, localisation and quantification afurface chemicals, without any prior

knowledge of the system.

5.3.4 Investigation of the excluded area

Next we return to the top 25% of the polymer bleandge which was excluded in the above
analysis. In the full frame ToF-SIMS image showrFigure 5.1, brighter PVC domains are
observed on the left hand side of the excludedredt is not clear if this is caused by edge,
charging, topography, contamination or other effe¢tigure 5.8 shows the loadings and
scores on factor 6 of the PCA model on the fullmeaimage without scaling. A dark
rectangular area is clearly visible on the top tner of the scores image. This region
corresponds to an area where a separate ToF-SIM8eiwas acquired previously, and
therefore it has received a higher primary ion dbs@ the rest of the image. The chemical
differences between the two regions can be stugyedomparing their average spectra. The
pre-sputtered region shows an overall increasedorglary ion yields and small changes in
the relative intensities of key peaks. In the gettered region, a reduction in ratio®d€I™ to
3’CI” indicates saturation of the more intei¥@l™ peak, and the ratio of {G- CH) to (O

+ OH) is increased, indicating changes due to damagesd effects are small compared to

dominant features such as chemical differences dmtwpolymers and charging effects.
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Therefore, they are not obvious upon inspectionndividual ion images, and would be
overlooked in manual analysis. With PCA, the damdageea can be clearly distinguished
using the higher factors. PCA analysis thus alltawsapid and unambiguous detection of the

problem, and this illustrates a key benefit of mvaltiate analysis over traditional analysis.

54 Simulated data

So far recommendations for the optimum use of maiate analysis and guidance on data
preprocessing methods have been discussed usiimgpée snodel system consisting of a
PVC-PC polymer blend. To demonstrate the benefitsdtivariate analysis over manual
analysis for a more complex data set, the methggotteveloped is applied to a computer
simulated image of an immiscible polymer blend, posed of two structurally similar
polymers, poly(methyl methacrylate) (PMMA) and petyyl methacrylate) (PEMA).
Positive ion ToF-SIMS spectra for PMMA and PEMA aequired experimentally and
binned to 1 u, for masses between 1 and 400 uchémical structures of the polymers and
their spectra are shown in Figure 5.9. To genaateultivariate image data set, the spectra
are scaled to their respective total ion intensityd assigned to the domain map obtained
manually from the PVC-PC data, which is shown iguFé 5.3b. PEMA is assigned as the
discrete phase (white areas) and PMMA is assigaabeacontinuous phase (black areas). To
reduce the computational time required, | focuy @m a 64x 64 pixel area on the bottom left
of the simulated image. The resulting image hasa@a coverage of PMMA : PEMA =
49.5 :50.5, and this will be compared with quacsifion results obtained using manual
analysis, PCA and MCR. To simulate the blurringh& phase boundaries due to limited ion
beam resolution, the image is smoothed by conwruvith a circular averaging (top hat)
filter with a radius of two pixels. Noise is thedded to the data set using a Poisson random
number generator, so that the average intensitgdoh unit mass between 1 u and 400 u at
each pixel is only 10 counts. This replicates tkieeenely low signal to noise ratio typically
obtained in a high resolution ToF-SIMS image. Mdrarmalysis, PCA and MCR methods are
then evaluated on the simulated data. All resuitsifthe following analyses are summarised

in Table 5.2.
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Figure 5.9 Two structurally similar polymers, poly(methyl matitylate) (PMMA) and poly(eth
methacrylate) (PEMA), used in the computer simualgtelymer blend, showing their respective (a) cloal

structures and (b) experimental ToF-SIMS spectra.

Original data Manual analysis . PCA With. .MCR With.
Poisson scaling Poisson scaling
Quantification PMMA : PEMA 49.5:50.5 50.3:49.7 49.8 : 50.2 49.8 : 50.2
Quantification error (%) - 1.9 1.1 1.1
PMMA width ( °) - 8 - 4
PEMA width ( °) - 6 - 4
Angular separation ( °) - 69 - 78
Total width /Angular separation - 0.20 - 0.10
Pixels within 5 ° of bisector (%) - 3.4 - 2.7
Table 5.2 Summary of simulated PMMREMA polymer blend quantification results using P@Ad

MCR.

5.4.1 Manual analysis

Manual analysis of the polymer blend can be carmdusing known characteristic peaks of
the polymers. Due to the similarities between tls¢iuctures, unique peaks are difficult to

find. Here, the fragment peak (COOgH (59 u) is used for PMMA, and the (M —H)
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Figure 5.10 Manual analysis results obtained fer ¢dbmputer simulated PMMAPEMA polymer blen

using only two characteristic peaks. (a) PMMA iomge, using COOCH peak. (b) PEMA ion image, usi

(M —H)" peak. (c) Scatter plot of the scaled image iritiss (d) Polar plot generated from the scattet.p

monomer peak (113 u) is used for PEMA. The ion iesafpr PMMA and PEMA, and the
resulting scatter and polar plots are shown in feight10. These images are noisy since
manual analysis uses information from only two pwmaks out of a total of 400 available in
the data. Consequently there is a large spreatiendatter plot, resulting in large widths on
the polar plot and a large number of pixels inviwnity of the bisector. Using the bisector
method as before, a surface area of PMMA : PEMAO35 49.7 is obtained with a

guantification error of 1.9%.

5.4.2  Principal component analysis

Using PCA with Poisson scaling, factor 1 succegsfiistinguishes the chemical differences

between the polymers, with the loadings given iguFé 5.11a showing a number of peaks
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(a) Loadings on PCA factor 1 (b) Scores on PCA factor 1
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Figure 5.11 PCA results obtained for the computeuated PMMA-PEMA polymer blend image, after
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Poisson scaling. (a) Loadings on PCA factor 1. Psikcessfully distinguishes the two chemical phases
Positive peaks are associated with PMMA while nigggieaks are associated with PEMA. (b) ScoreBGA

factor 1.

most characteristic to each phase. This providasake information about the image that is
not available in manual analysis. The associatedescimage in Figure 5.11b has a higher
signal to noise ratio than the ion images generbfechanual analysis. By assigning pixels
with positive scores to PMMA and negative scoreREMA, a surface area quantification of

PMMA : PEMA = 49.8 : 50.2 is obtained, in excellagreement with the original image.

Using PCA, the quantification error is reduced t%4.

543 Multivariate curve resolution

MCR with Poisson scaling is also applied to theads¢t, and the results are shown in
Figure 5.12. Two factors are resolved, and theitmgmdand scores correspond to the spectra
and distributions of PMMA and PEMA respectivelyn& MCR correlates information from
multiple peaks in the data, the signal to noiséorahd contrast of the scores images are
greatly improved compared to manual analysis. Tensd clusters can be seen on the scatter
plot, corresponding to pure PMMA and PEMA areastle image. The weak linear
distribution between the two clusters correspomdpixels near the phase boundary due to
image blurring. The polar plot obtained from MCRowis a marked improvement compared
to manual analysis, with smaller peak widths, laagegular separation and smaller number of

pixels near of the bisector. Using MCR, a surfamsaajuantification of PMMA : PEMA =
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Figure 5.12 MCR results obtained for the compsteiulated PMMAPEMA polymer blend image, af
Poisson scaling. (a) MCR factor 1, correspondmd®EMA. (b) MCR factor 2, corresponding t&1RIA.

(c) Scatter plot of the scaled scores image intiessi (d) Polar plot generated from the scattet. pl

49.8 : 50.2 is obtained, in excellent agreement wte original image. The correlations
between MCR loadings and experimental polyrspectra are found to B8 = 0.986
and R*=0.999 for PMMA and PEMA, respectively, whef is the coefficient of
determination. Therefore, MCR allows for unambigsiadentification of the species even in
the case of a complex data set where chemical itcgrsts share a large number of common
peaks. Using the simulated system above, MCR isvsho be advantageous compared to

manual analysis for the analysis of complex data swolving large number of peaks, and
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Manual PCA MCR
Speed Slow Fast Medium
Identification Difficult Medium Easy
Quantification - Poisson scaling recommended
Most Suitable For Simple data sets Discrimination of |dentification of
similar phases unknown mixtures
Table 5.3 Comparison of multivariate analysis mdgho

allows for accurate identification and quantifioati without any prior knowledge of the

system.

55 Conclusions

From this study of an immiscible polymer blend, theltivariate techniques of PCA and
MCR are shown to be suitable for identification aturate quantification of ToF-SIMS
image data sets. While simple identification isenftstraightforward, the method of data
preprocessing can greatly affect any quantificatesults obtained and therefore great care is
needed in its application. It is found that norsation potentially distorts quantification, and
variance scaling is not recommended due to itseiecyl to obtain factors that are noisy.
Poisson scaling is demonstrated to be the mosaldeidata preprocessing method for both
PCA and MCR. Using this, the recommendations ferdptimum use of multivariate analysis
are presented in Table 5.3. This study has denaiadtthe capability of multivariate analysis
for obtaining information that would be difficulb textract with traditional analysis. The
speed, automation and accuracy of multivariate yaisl even in the absence of prior
knowledge of the system, make it advantageousattitional analysis methods. However,
multivariate analysis cannot diminish the imporeanaf an experienced analyst, who is
required to provide an interpretation of the cormegutesults that is in agreement with the
experimental data as well as the physical and atemproperties of the system. Using the

above approach, multivariate analysis is very péwen the analysis of ToF-SIMS spectra
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and images. It is fast, unbiased and extracts #va@mum information, required in the study

of increasingly complex multi-organic surfaces a&mmaterials.
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Chapter 6 — Multivariate image analysis strategiesor ToF-SIMS
images with topography

6.1 Introduction

Surface properties are crucial to the developmétiad shampoos and conditioners for the
personal care industry. For example, hair condeianodifies the surface friction of hairs as
they slide against each other. A typical shampocanditioner formulation contains many
chemical ingredients, including surfactants, foagraigents and foam stabilizers, moisturisers,
anti-static agents, thickeners, amino acids, elfirelsj preservatives, buffering agents, water
softening agents and perfume3he localisation, quantification and identificatiof these
components on the hair fibres, both initially arsdaafunction of the effects of washing and
other processes, is critically important for foratoks to understand the chemical mechanisms
such as migration, competitive segregation, petetraand desorption which influence
product performance. As a result, ToOF-SIMS has lzmtied successfully to investigate the
effect of surface treatments on human Rit is clear that robust industry measurement
methods are crucial for this purpose. However, sdJgarriers exist to the wider uptake of
ToF-SIMS in general industrial analyses. Firstlyantitative characterisation of surfaces with
topography remains a significant challenge dueht lack of systematic and validated
measurement and data analysis methods. Secondlyndheased power and throughput of
modern ToF-SIMS instruments, as well as the inangashemical complexity of real-life
industrial samples, necessitate new data analysthadologies which are capable of
exploiting the wealth of information obtained fraroF-SIMS in a robust and speedy manner.
This is especially important for many commerciahlgtical laboratories, where data analysis
rather than acquisition is currently the major leokck in providing fast turnaround
analytical services. This impacts upon the costuch analyses and restricts the wider uptake
of ToF-SIMS in industry, despite the obvious adaget of this powerful technique for many

applications.
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Owing to the complexity of ToF-SIMS data sets, nwvaltiate analysis methods are often
employed. An introduction to multivariate analysigthods is given in Chapter 4 and in the
previous chapter, the quantification and methodpl@®sues in multivariate analysis are
investigated using an immiscible polymer blend asnmadel system. However, while
multivariate analysis has been widely evaluatednmulel patterned surfacés or synthetic
datal*? fewer studies have been published on their apjbits in industry>** Many
challenges remain here, due to surface topographyedl as detector saturation, which is
common since a large primary ion current is neddedaximize the detection sensitivity for
low abundance or low yield ion species and redheetdtal acquisition time required for a
sufficient signal to noise ratio. The effects gbagraphy are discussed in detail in Chapters 2
and 3 for conducting and insulating samples respeygt The aim of this study is to explore
the robust application of principal component asisly(PCA) and multivariate curve
resolution (MCR) to more complex ToF-SIMS imagesthwthe aim of providing a robust
analysis strategy for images obtained in practaralyses where sample topography and
detector saturation may be important, and to pevidgther guidance on the advantages,

limitations and caveats of different multivaria¢ehniques and data scaling methods.

6.2 Experimental

ToF-SIMS raw data consisting of an image of hdirds treated with a multi-component
formulation was kindly provided by Dr lan Fletchiéntertek MSG). The sample preparation
and data acquisition was carried out by Dr Fletchgifollows. Clean, virgin human hairs (i.e.
hair with no history of chemical treatment) weresgd in running tap water, treated with a
multi-component hair formulation for 1 minute antem rinsed and dried at room
temperature. The treated hair samples were moucdeefully between a 1 cm x 1 cm
molybdenum grid and a stainless steel plate ok#mee size. Reference SIMS spectra of the
major ingredients of the formulation were acquitsing a dilute coating of each ingredient
on small pieces of PET film. Static SIMS analysesevmade using an ION-TOF TOF-SIMS
IV instrument (ION-TOF GmbH., Miinster, Germany) sifigle-stage reflectron desigh.

Positive ion images of the hair fibres after treaimwere obtained using asBi focused
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Figure 6.1 ToF-SIMS image of hair fibres treatedhwa multi-component formulation. (a) Total ion

image. (b) A spectrum showing the maximum ion isignin any pixel as a function of unit mass, befdead-

time correction. An example of a highly saturatedlp(peak B) is marked on the spectrum.

liquid metal ion gun at 40 keV energy, inciden4&f to the surface normal and operated in
bunched mode. Charge compensation was effecteovbgergy (20 eV) electrons provided
by a flood gun. Raw data containing the secondamg recorded at each pixel were acquired
with a 128 x 128 pixel raster and a field of vie500 um x 500um, using 1 primary ion
pulse per pixel in each scan and a total of 116agerscans. The total ion dose was 1 ¥ 10
ions m? and the total acquisition time was 48 minutes. Buthe topography of the sample
surface, the mass resolving power achieved overtiiee image was limited to/am =

1500. The resulting total ion image is shown inuFey6.1a.

All data analyses were carried out by myself. Fitls¢ data were calibrated for masses and
binned to 1 u using the instrument software (TOMSISoftware v4.1), since the poor mass
resolution renders the use of a high mass resalytgak list unfeasible. The data were then
exported from the instrument software as a binamage file (.BIF) and imported into
Matlab v7.3 (The MathWorks, Inc., Natwick, MA, USAising the CAMECARD routine
provided in MIA Toolbox v1.0 (Eigenvector Researtig., Wenatchee, WA, USA). PCA
was conducted using PLS Toolbox v4.0 (Eigenvectese’rch) with MIA Toolbox v1.0

(Eigenvector Research) add-on for multivariate iemagalysis. MCR was conducted using a
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freely available MCR-ALS Toolbo¥!’ Initial estimates for MCR were obtained using a
Varimax rotation® of PCA factors, inverting the sign if necessangttsat each rotated factor
contains mostly positive peaks. This is to ensuredginitial estimates for MCR due to the
non-negativity constraints. To increase the stigbf the MCR algorithm, the alternating
least-squares fitting is carried out on the noikeréd PCA reproduced data matrix rather
than the original data matrix. Convergence is addewhen the percentage change of the
standard deviation of the residuals between tweecutive iterations reduces below 1%. All
other operations, including dead time correctiod data scaling, were performed in Matlab
using custom routines. Typical computation timesR€A and MCR are approximately 7 s
and 300 s respectively, using a 32 bit desktop RE av3 GHz processor and 3 GB of RAM.
Finally, due to the commercial nature of this sange identities of the original ingredients
in the formulation were disguised by removing thassiscale and shifting the mass position
of each peak by up to + 25 u in the figures sholims procedure is done consistently for all
spectra and eliminates the possibility of identifyithe actual mass of the peaks from the
printed figures, but it does not in any way affénx data analysis and the interpretation of the

results.

6.3 Data pretreatment

In this section, data pretreatment for the ToF-SIMiage prior to multivariate analysis is
investigated. The total ion image of the hair fénere-treated with a multi-component
formulation is shown in Figure 6.1a. This is a tvajing sample to analyse due to the
extreme topography, evident from the large numbeaixels where the total ion intensity is
close to zero. These dark background areas, cavapproximately 20% of the image, are
caused by geometrical and ion shadowing effects fimpography, explained in Chapters 2
and 3, as well as space between individual haresibThe maximum intensity spectrum is
shown in Figure 6.1b. This shows the maximum idarisity in any pixel as a function of unit
mass, before dead time correction. The maximumngife spectrum is displayed in
preference to the total ion spectrum (not showmg hgince it highlights localised chemical

features that may otherwise be overlooked usingdtad ion spectrum, where intensities of
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ions are also dependent on their spatial coverage.evident there are a large number of
unknown chemical components on the surface of the And their distributions are highly

localised.

6.3.1 Detector saturation

Prior to multivariate analysis, it is important &scertain the source and extent of non-
linearities in the data and minimise them if pokesgo that linear multivariate models such as
PCA and MCR can provide a good physical descriptbthe data. For example, in PCA,
non-linear intensity variations caused by detecaturation frequently appear as extra
factors'® Linearity and dead time correction routines areligt in detail in References 20
and 21. Although there are a number of causes ai-linearities in TOF-SIMS
instrumentation, the most significant is intensturation caused by the effective dead time
of the detector systeM.This arises since only one secondary ion counpggrary ion pulse
can be detected within a dead time intenyalegardless of the actual number of secondary
ions arriving at the detector. Since typically time width of a peak is much smaller than the
effective dead time (around 50 ns for most instmits)é° the detection system is said to be
“single ion counting” and a maximum of 1 count pemary ion pulse might be detected for
any peak, assuming it is not preceded by anothak pethin the dead time. For the hair
image, this condition is reasonable for each nommass, which may contain several
unresolved peaks due to poor mass resolution. Tdxénmum detectable count per pixel for
each unit mass is therefore equal to the total murabion pulses impacting each pixel. This
iIs marked as a red dotted line on the maximum sitgspectrum on Figure 6.1b. The single
ion counting assumption is extremely well satisfied most of the data, with the minor
exception of the intense peak B (marked on therdglelonging to a major chemical
component where the detected intensities of 7 piaed up to 8 counts larger than the total

number of ion pulses, i.e. they are ‘fully satudate

It is clear that detector saturation is an issue¢hm hair image. Stephast al proposed a

method for intensity correction based on the Paoissonature of SIMS data. This procedure,
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commonly referred to as “dead time correction” |esgdhe measured secondary ion counts so
that the corrected counts is proportional to ttealaumber of secondary ions impinging on
the detector. It is routinely applied to SIMS datad has been demonstrated to be very
successful for many data sét€2To maintain 95% linearity between the detectednisity

and true intensity, dead time correction is requindien the average detected counts per ion
pulse for a single peak exceed 0.1 (blue dottexldim Figure 6.1b). In a recent interlaboratory
study?! it was found that for 15% of instruments studidéad time correction was not
sufficient to retain 95% linearity when the averalgtected counts per ion pulse for a single
peak exceeds 0.6 (green dotted line on Figure 6T maximum intensity spectrum in
Figure 6.1b therefore enables the rapid diagndsietector saturation for different secondary
ions, which is impossible using the total ion spatt where ion intensities are also dependent

on the spatial coverage.

Consequently, dead time correction is applied ®hir image to minimise non-linearities
before multivariate analysis, using Equation 8 fri@eference 22, which is rewritten in matrix

notation as follows

X = —mln(l— %} 6.1)

where X is the dead time corrected data matr¥, is the raw data matrix anah is the
number of primary ion pulses per pixel. As the deteé counts per ion pulse for a single peak
approach 1, the corrected intensity approachesiinfiwhich causes a problem for the 7
fully-saturated pixels for peak B. Several solusioexist for thi€? and here the peak B
intensities in the fully-saturated pixels are siynpét to be the value of their most intense

nearest neighbour that is non fully-saturated.

Figure 6.2 illustrates the effect and benefit ciidiéime correction. The intensities of two low
mass fragment ions, X and Y, are plotted against ether for each of the 16384 pixels, after

the ion images were smoothed by a 3 x 3 averagophat) filter to improve the signal to
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(a) Detected ion intensities (b) Corrected ion intensities (c) Colour overlay of X and Y
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Figure 6.2 Scatter diagrams showing the intensitifsons X and Y for each of the image pixels

(a) before and (b) after dead-time correction. @ibdéed green line shows the general proportion&létween
the two ions. (c) Overlay of the ion images afterad time correction. A small, localised variatiqrixéls

highlighted in red), which results in a larger Yiiatio, is difficult to detect without dead-time cection.

noise ratio. Figure 6.2a shows the resulting scalitegram before dead time correction. Y
varies proportionally with X at low intensities (ted green line), but becomes saturated
relative to X at higher intensities. It is difficulo discern any further detail from this plot.
Figure 6.2b shows the scatter diagram obtained aé®d time correction, plotted on the same
scale. Y varies linearly with X throughout the rangf intensities along the line of
proportionality. Smaller features in the data caw e discerned, for example, a noticeably
larger Y/X ratio exists for a group of pixels whiake highlighted in red. These pixels are also
displayed in red in the colour overlay of the twa images on Figure 6.2c, and correspond to
a localised variation in the image. The differerigiment ratio obtained therefore reflects a
real feature of the data, which could arise dusuréace chemistry (e.g. the existence of extra
components producing the same ions in differenbspior topographical effects. The same
pixels are highlighted on Figure 6.2a without déate correction, where they are masked by
the effect of saturation. Figure 6.2 therefore sitates a dramatic improvement in the
detection of a small, localised chemical variatishjch would not be possible without dead

time correction.
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6.3.2 Data scaling

Multivariate analysis seeks to describe the undaglgtructure of the data and is therefore
sensitive to data scaling and transformatioli$>This is explored in Chapter 5 for a polymer
blend system. Conventional multivariate methodsumss uniform uncertainty in the data,
which is not true in SIM$! Suitable data scaling is therefore required tovii® improved
noise rejection for multivariate analysis. In thstudy, three data scaling methods are
compared using the hair fibre image — no scalirmsgdn scalint and binomial scaliné’
These are described in more detail in Chapter &hlapter 5, Poisson scaling is demonstrated
to provide superior results for image analysis carag to no scaling, normalisation and
variance scaling. This is echoed by other studidiedrature’’* However, it is suggested that
when dead time correction is required, the corceatata follow a binomial distribution

instead of Poissonian distribution, and binomialisg should be employ€ed.

Conventionally, Poisson scaling and binomial scabperate in both the image and spectral
domains of the data. This means each data po@ttfie intensity of a particular peak in a
particular image pixel) is divided by the produttwo values, one containing the uncertainty
associated with the sample (i.e. pixel) and ondainimg the uncertainty associated with the
variable (i.e. mass peak). However, due to theeexértopography of the hair sample, a large
number of pixels exist with near zero intensitiesading to associated uncertainties that are
also close to zero. This causes considerable prsbigith data scaling, enhancing noise in
the analysis and producing inferior PCA results ighenage noise is interspersed with real
chemical features. Here, Poisson and binomial rsgadre therefore modified so that they
operate in the spectral domain only, that is, edatia point is only scaled by the uncertainty

associated with the variable concerned. In thig cBsisson scaling is commonly referred to
as ‘root mean scalind® Thus, for each column (variabliepf the scaled datX (denoted by

3~(—k)!

XX, (6.2)
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(a) No scaling (b) Root mean scaling (c) Binomial scaling
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Figure 6.3 Mean spectrum of the dead-time corceckata matrix, after (a) no scaling, (b) root mean

scaling and (c) binomial scaling, applied to thectpl domain only. This shows the enhancementsafkpeaks
using root mean scaling, and the additional suppresof saturated peaks using binomial scaling, gegk B

which is highlighted in red and marked with an arro

wherev, is thek™ column mean of the variance mathi, andx, is thek™ column of the

dead time corrected data matkx For root mean scaling/ is simply given by

V =X (6.3)

And for binomial scalingy can be calculated element by element as foflows
V = L}A{ = n{exp(éj —1} (6.4)
- m
1%

The effects of data scaling on the data are nowudsed. At very low intensities, the
uncertainty estimates for Poisson and binomial isgabre equal. However, at higher
intensities, the uncertainties estimated using riab scaling are increased beyond the
Poissonian estimates, due to the additional erragxirapolating the detected intensities to
account for increasing numbers of lost counts dugetector saturation. Figure 6.3 shows the

mean spectrum of the dead time corrected data afiescaling, root mean scaling and

binomial scaling in the spectral domain (i.e. theam spectrum oK ). Without scaling, the
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data are dominated by intense low mass peaks.Reah scaling enhances the importance of
high mass, low intensity peaks, which are assatiatéh smaller uncertainty from Poisson
counting statistics. Binomial scaling produces \v&@ngilar results to root mean scaling, except
for strongly saturated peaks which are associatgd Mrge uncertainty after dead time
correction and are consequently suppressed, fompgleathe highly saturated peak B
highlighted in red. Binomial scaling thus prevehighly saturated, noisy peaks from unduly
influencing multivariate analysis over weaker pedkat may describe more chemically

meaningful variations.

Finally, the use of data scaling in multivariatealysis is associated with several important

subtleties. It is important to distinguish betweka description of the scaled daxa (which
is said to be in ‘scaled space’ or ‘weighted spgaed the original unscaled da¥a (which is
said to be in ‘physical space’). This is explainednore detail in Reference 11. Here, the
popular convention is followed and the loadingsaoi#d from the multivariate analysis of the

scaled data are back transformed, so that thegcteflariations in the original data prior to

data scaling™?? Thus, for thek" column of the loadings matriR (denoted byp, ) in scaled

space, which is obtained from the multivariate gsialof the scaled datd ,
Py =V, XBy (6.5)

where P with columns given byp, is now the loadings in physical space, reflecting

variations in the original dead time corrected ddtaAfter back transformation, the loadings
and scores are then renormalized so that the sjoétae loading peaks sum to one, i.e. the

loadings become unit length vectors, as is usuBdA.
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Figure 6.4 Eigenvalue diagrams obtained for PCAN#)out dead time correction and (b) with deadetim

correction and binomial scaling. The dotted linevg the line used for the scree test.

6.4 Results and discussion

6.4.1 Principal component analysis

PCA is applied to the hair image after no scalimgt mean scaling and binomial scaling,
without mean centering. Although mean centeringoisimonly used in PCA to describe the
differences between samples rather than theirti@mgfrom zero intensities, it is not helpful
here since the mean of the hair data is very diodbe origin because of large background
areas with nearly zero counts. Mean centering thexedoes not produce substantially
different PCA results. Examples of eigenvalue diatgg obtained in PCA are shown in
Figure 6.4. Without dead time correction (Figuréaj, no clear turn-off can be observed for
the scree test due to the large non-linear intensitiations in the data. In contrast, for all
scaling methods applied after dead time correctitear eigenvalue diagrams are obtained, as
can be seen for binomial scaling in Figure 6.4be Shree test (dotted line) shows 5 major

factors in the data above the “scree”, althoughomuariations can be observed up to around
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Fraction of variance captured, %
PCA factor No dead_time With dead time correction
correction
No scaling No scaling Root mean scaling Binomial scaling
1 89.37 85.32 84.42 83.80
2 4.33 8.49 6.55 4.58
3 2.59 251 4.39 4.92
4 1.93 2.02 2.34 2.90
5 0.71 1.01 1.39 2.25
Total 98.93 99.36 99.08 98.44
Table 6.1 The fraction of variance (%) capturedthyy first five PCA factors for different data scaji

methods, with and without dead time correction. IFGA applied after data scaling, the variance cagtin the

physical space is shown.

PCA factor 30. The minor variations could arisenfreample topography, which introduces

severe artefacts in SIMS images and spectra cdnsdte shadowing of the secondary ions,

primary ions scattering and differential samplerghmay, which are discussed in Chapters 2
and 3. It may also arise from severe detector a@bur that cannot be compensated by dead
time correction, minor chemical variations or oteeurces of non-linearity. These effects are
complex and generally very difficult to interpréithis study therefore concentrates on the
identification and localisation of the major chealiconstituents on the hair surface, focusing

on the first 5 major PCA factors only.

The percentage variance captured for each scaliethad, with and without dead time
correction, is shown in Table 6.1. For PCA apphégr data scaling, the variance captured in

the physical space is calculated, following Smewsa et al,>*

Variancecapturedn factorn=p p't t" (6.6)

wherep, andt, are row vectors containing th&" row of the loadings and scores in the
physical space? andT. For all methods, the first 5 PCA factors accdontover 98% of the
total variance in the data. First, we can compheeviariance captured before and after dead
time correction, without data scaling. Since deagktcorrection increases the linearity of the

data, a larger percentage of variance can be tescusing a linear combination of the first 5
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PCA factors. However, the difference is small sitiee level of detector saturation is in fact
reasonably low for the majority of the data poiniext, we can compare the variance
captured after dead time correction, with or withscaling. PCA after data scaling captures
less variance in the first five PCA factors, sife€A without data scaling gives the best
possible fit to the total variance of the data, le/lRCA with data scaling may be fitted to
chemically relevant variance only and is therefarpoorer fit to the original noisy data.
Here, the small differences observed result froenhigh signal to noise ratio of the data due
to the large number of image scans used. It isgatmg to observe that, for binomial scaling,
PCA factor 3 captures more variance in the physspalce compared to PCA factor 2. By
employing root mean scaling and binomial scalindaaor capturing more variance in the
scaled data reflects more chemically relevant (kessy) information, even though this may
be equivalent to less variance captured in their@igphysical) data, which is noisy. PCA
factors are therefore sorted by their variancewegtin the scaled space rather than variance

captured in the physical space, causing the obdeligerepancy.

We can now move onto the discussion of the PCAltsedtor all scaling methods, the scores
and loadings obtained for the first 5 PCA factore aimilar. An example is shown in
Figure 6.5 for binomial scaling. The loadings haween back transformed to represent
variations in the physical space. Scores are plaite a two-way colour scale, where pixels
with positive and negative scores are displayed oed (‘hot’) and blue (‘cold’) colour scale,
respectively® The advantage of this is that pixels with zeraespwhich do not contribute to

the variance described in that factor, are convelyielisplayed in black.

Regardless of data scaling methods, PCA succegsiighlights major trends and variations
in the scores images, as well as important peakthenloadings. The first PCA factor

describes the overall intensity variation throughthe image arising from the differences
between the hair sample and the background are@hwhpresents the largest source of
variance in the data. PCA factors 2 — 5 descrikecttemical variations on different areas of

the
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PCA results for the hair fibre data mftéhomial scaling in the spectral domain, showing

loadings and scores on the first 5 factors. Thdilags have been back transformed to representtigansain the

physical space.

hair surface, which are driven by chemical comptsemth characteristic peaks A to E.

However, despite identifying these peaks that dmmie strongly to the chemistry of the

sample, PCA loadings do not provide full fingerpspectra of the chemical components by
which they can be identified directly. Similarlyitreough PCA scores images show enhanced
chemical contrast between different regions of shenple, they do not facilitate a direct
interpretation of the surface coverage of differafitemical components. In addition,
characteristic peaks arising from each of the chahtomponents appear in more than one
PCA factor, and peaks that are anti-correlatedna factor are correlated in another (e.qg.
peaks C and E in factor 2 and 4), making it vitfuampossible to localise individual
chemical components using the scores images. Thebiems arise because PCA factors are
constrained to be orthogonal and optimally captheelargest variance in the data. The PCA
loadings are therefore abstract combinations ofmite spectra that reflect the largest

correlation and anti-correlation of various compaseon different areas of the image. As a
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No scaling No scaling Root mean scaling Binomial scaling
PCA factor 12 PCA factor 16 PCA factor 12 PCA factor 12

Figure 6.6 Selected PCA scores images using diffedata scaling methods. A localised feature is
identified in PCA factor 12 using root mean scalangd binomial scaling. This is not apparent withdata
scaling until PCA factor 16, while factor 12 debes larger but less chemically meaningful variaidoe to

noise.

result, information relating to the identity andtdibution of individual chemical components
is spread over several factors, hindering the tiaac rapid chemical interpretation of the

PCA results.

6.4.2 Comparison of data scaling using principal coponent analysis

While root mean scaling and binomial scaling praduery similar results, the comparison of
higher PCA factors obtained using different datalisg methods reveals that both methods
are superior to PCA with no scaling, especiallytfog discrimination of minor variations in

the data (i.e. features beyond PCA factor 5) framsen Meaningful minor variations tend to

be spatially localised, whether they are causedobggraphy, detector saturation or small
chemical features. In contrast, noise due to cognstatistics and dead time correction is
typified by pixel-to-pixel variations. An examplé this is shown in Figure 6.6. A localised

feature is identified in PCA factor 12 using rootan scaling and binomial scaling. This is
not apparent without data scaling until PCA fadt6y while factor 12 describes larger but less
chemically meaningful variations due to noise. Watialing, localised variations are observed
for all of the first 20 PCA factors, whilst withostaling factors that describe noise features

are interspersed between factors that describéidedavariations. Data scaling is therefore
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essential for identifying minor features in the gmece of noise, although it is very difficult
from this to determine whether root mean scalindpioomial scaling produces better PCA

results.

6.4.3 Multivariate curve resolution

MCR with non-negativity constraints is also appltedhe hair image. The number of factors
to be resolved is fixed at five, as identified marlas the number of major components
accounting for more than 98% of the total variaimcthe data. It is important to note that the
number of factors in MCR has a large effect onrdsilts obtained. In PCA, the factors are
computed sequentially and a unique solution is peed for each data set regardless of the
number of factors the user chooses to retain tatystwhilst in MCR, the factors are resolved
simultaneously using an iterative algorithm andedént results are obtained depending on
the number of factors chosen. From the study afm@le mixed organic system in Chapter 5,
MCR was found to be the most suitable for the ifieation of unknown mixtures rather than
the detection of small variations in the data. Héne focus is therefore on the identification
and localisation of the five major chemical consditts on the surface of the hair without
attempting to identify minor features such as thssewn in Figure 6.6. In the following,
MCR results are ordered by the relative importan€eeach factor as calculated using
Equation 6.6. However, since MCR factors are ndohagonal, these are not equal to the

variance captured on each factor, which cannogb#yedefinedt*

For all data scaling methods applied (no scalingt mean scaling and binomial scaling), the
MCR results obtained are extremely similar. MCRhisrefore robust to data scaling. Results
for binomial scaling are shown in Figure 6.7. Fomemical components are identified clearly
on the hair surface (MCR factor 1 and 3 — 5), iditoh to one component (MCR factor 2)

characteristic of the hair substrate itself. The RM®adings on each factor resemble the

complete SIMS spectrum of the component, showisigliaracteristic peaks (A — E) along
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Figure 6.7 MCR results for the hair fibre data mftmomial scaling in the spectral domain, showin
g g p g

loadings and scores on 5 factors. The loadings bage back transformed to represent variationsdrphysical

space.

with a full fragmentation pattern in the low maggion, and the scores reveal directly and
unambiguously the distribution of the componentshensurface. This represents a significant
improvement from manual analysis and PCA, wheratifleation is often based on the

correlation of key ions only. In particular, usinganual analysis or PCA it is very difficult, if

not impossible, to obtain the full spectra of indival chemical components using only the
known characteristic peaks of each component. ddmsbe demonstrated using the hair fibre
image, as follows. Using the characteristic peaksRidentified by PCA, an attempt is made
to regenerate the chemical spectrum of each oétbesiponents manually from the raw data
by selecting the pixels where each characterigtakps most intense (i.e. more than 50% of
its maximum value in the image) and summing thetspdrom these pixels. The result for

this analysis is shown in Figure 6.8. In totalslésan 6% of the image pixels are used in the
regeneration of spectra, and of these pixels, tbaa 16% are used for more than one

chemical component. Despite this, due to the coxitylef the sample and the spatial overlap
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Figure 6.8 lon images of the characteristic peaks B, identified from PCA, and spectra of indivitlua
chemical components generated manually from the data, using the pixels where the intensities @& th

characteristic peaks are more than 50% of theiimmax values in the image.

of chemical components on the surface of the Hagrregenerated spectra are strongly mixed
(containing characteristic peaks from more than coenponent) and therefore do not
represent the pure spectra of these componentsoritrast, the MCR results shown in
Figure 6.7 enables the straightforward identifmatiand localisation of the chemical
components using their complete resolved spectitzowt any prior knowledge of the system,

and therefore provides superior results compar@daioual analysis methods.

Using MCR results, the analyst can draw importamtctusions about the multi-component
hair surface treatment that would be extremelyaliff to obtain with manual analysis. In this

case, the multi-component formulation is chemicatiynplex and comprises of a number of
major ingredients, which may themselves be comgridea number of chemical constituents.
For traditional manual analysis, the pure specfr@ach ingredient had been obtained to

facilitate the interpretation of the complex hamaige. Characteristic peaks D and E were both
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found to originate from the same three ingredientsch are chemically similar and difficult
to distinguish using their SIMS spectra. An analysist therefore treat these three ingredients
as one and study only the combined intensities ehD E peaks. However, MCR results of
the hair data reveal that important in-situ surfageractions have occurred between the
complex ingredients, leading to the complete segreq of chemical components D and E on
the surface of the hair, thereby giving differepttsal distribution for the two ions. This
information is tremendously important to scientikismulating the hair treatments, and is
immediately obvious from MCR results. It would besiy missed in manual analysis, where
the two chemical components are identified as @mega priori information from the spectra
of the original ingredients. This illustrates thener of multivariate approaches, which allow
analysts to focus on the sample of interest withmihg restricted by the type of reference
data or spectra available, especially since reterespectra obtained from individual
ingredients may not be representative of the sar&emistry on the sample of interest, and

may therefore give misleading or incomplete results

6.4.4 Comparison of data scaling using multivariateurve resolution

Although MCR is robust and is largely unaffecteddata scaling, important insights can be
gained by the careful, detailed study of the srddferences which arise with different data
scaling methods. Since MCR loadings and scorefitted to the PCA reproduced data, it is
advantageous to employ root mean scaling or binlostaling to ensure the best noise
rejection in the analysis. In effect, MCR transferthe PCA factors with the constraints that
the new factors must be non-negative while stifilaxing the maximum variance possible in
the PCA reproduced data. As a result, MCR factarsa longer orthogonal and MCR scores
and loadings on different factors can be correlaléds correlation is usually manifest as
increased similarities between the scores imagediffarent factors, or the mixing of spectra
in the MCR loadings, which leads to the charadierjgeaks from one chemical component
being observed in more than one factor. This casd®n, for example, for peak B in the

binomially scaled data (Figure 6.7), which is olsdr strongly in MCR factors 1 and 3.
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Average correlation coefficient, r
MCR results
No scaling Root mean scaling Binomial scaling
Scores 0.369 0.328 0.303
Loadings 0.292 0.355 0.379
Lower correlation coefficient for scores
Higher correlation coefficient for loadings
Table 6.2 The average correlation coefficiebetween loadings or scores on different MCR factdhe

loadings have been back transformed to represeiatioas in the physical space.

Similarly, peak D, which is characteristic of MCRcfor 3, is also weakly present in MCR

factors 4 and 5.

For the polymer blend study in Chapter 5, the datiens between MCR scores on different
factors are explored in detail using scatter andrgaots. Here, for simplicity, the correlation
coefficientr is used, which is obtained by dividing the covace of two scores or loadings
vectors by the product of their standard deviatignsorrelation coefficient of zero indicates
orthogonality (as would be the case for PCA loasliagd scores on different factors), while a
coefficient of +1 indicates collinearity and a domént of —1 indicates anti-collinearity.
Table 6.2 shows the average correlation coeffiaidmttween loadings or scores on different
factors, for MCR models with different scaling madls. A weak but significant positive
correlation is found between each pair of MCR ss@m®d loadings. The average correlation
of the loadings is found to be the largest for bared scaling, reduces for root mean scaling
and is the smallest for no scaling. Interestinghg reverse trend is observed for the average
correlation of the scores. It is apparent thatcitreelations of the scores and loadings in MCR

analysis are fundamentally related.
This relationship between loadings and scoreslustiated graphically in Figure 6.9, for

different MCR models of the same data. This shows MCR models for 15 arbitrary

samples (circles) measured over two variabtesand m,. Figure 6.9a and 6.9c show the
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Figure 6.9 An illustration showing two different NRCmodels of the same data, for 15 samples (circles)

measured over two variables. (a) and (b) show #ta dlotted in the original variable space. Redwsrshow
the directions of the MCR factors, and dashed lislesw the oblique projection of a sample onto theRV
factors, which give the MCR scores. (¢) and (dvslilee scores on MCR factor 2 against MCR factoorlttie
two MCR models. The model with more correlated Ingd (smaller angle between MCR factors) gives more
negatively correlated scores, while the model Jetds correlated loadings (larger angle between NEZRors)

give more positively correlated scores.

MCR model with more correlated loadings (smalleglarbetween the MCR factors), while
Figure 6.9b and 6.9d show the MCR model with lesgetated loadings (larger angle
between the MCR factors). In Figure 6.9a and 6tBb, data are plotted in the original
variable space, with red arrows denoting the dimestof the MCR factors. The MCR scores
are given by the oblique projection of the sampi®dhe factors, which are shown in dashed
lines for one sample as an example. In Figure 6t 6.9d, we plot the scores on the two
MCR factors against each other in an approach aina that in Chapter 5. The correlation

coefficientr between the scores on the two MCR factors are atedpfor each model and
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displayed on the figure. It is clear that an insezhcorrelation of the loadings results in a
decreased correlation coefficient of the scoress @ibes not merely reduce the correlation of
the scores towards zero but can cause a negativelatmn coefficient, i.e. anti-correlation

between the score images.

This result has important consequences for idengfythe data scaling method which
provides the best description of the data. Thedir@pserved in the average correlations for
different scaling methods, displayed in Table &2pund to be generally true for all SIMS
data, real or computer simulated, and is unrel&teipography or chemical complexity. A
decision must therefore be made to select the rdetiat gives either the lowest average
correlation in the scores (i.e. most dissimilartspalistribution for resolved components), or
the lowest average correlation in the loadings [@ast mixing of the resolved spectra). Here,
we can argue that for SIMS data the best MCR mofitfle data is the one giving the largest
anti-correlation of the scores (i.e. an averageetation coefficient closest to —1). Since
SIMS is extremely surface sensitive, typically otilg topmost monolayer could be observed
regardless of any physical overlap of the differenémical components. As a result, for
chemical components that are segregated, only omgpanent could be detected from any
one location except when the diameter of the pyman beam is larger than the spatial
extent of the surface chemical features, for exanfpgmall islands of different components
exist alongside each other. Although this is a veimplified argument, it is helpful in
selecting the most appropriate data scaling mefhle.consequence of the surface sensitivity
in SIMS is that for spatially resolved featuresgithobserved distributions must show the
maximum spatial distinction, and the relevant insageust therefore be maximally anti-
correlated with each other. Hence, the most réalgdscription of the data is obtained by
having the lowest (most negative) average coramlatoefficientr between the different
scores images, as they directly reflect the loatibs of different chemical components. This
is consistent with the results in Chapter 5, whbeelargest angular separation on a polar plot

was used to indicate the best MCR model.
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Perhaps somewhat counter-intuitively, one can a&splain why the increased positive
correlation (or mixing) of the loadings spectra,iebhis associated with more anti-correlated
scores images, can also be the result of a morgigattly realistic MCR model. Naively, we
might prefer less mixing in the resolved spectaa, dxample if characteristic peak D from
Figure 6.7 is observed only in MCR factor 3 andbsent from factor 4 and 5, as is the case
without data scaling. However, SIMS data are comjpled noisy, and therefore attempts to
obtain simpler and less correlated loadings spentag in fact result in spectra that are less
faithful to the real experimental data. This mayelzplained as follows. Firstly, for a complex
organic mixture, it is clear that the fragmentsoasgsted with common functional groups
should not be assigned to either one factor orrempbut instead should be shared amongst
different factors. This would result in loadingstlare more correlated. Secondly, it is very
possible that the mixing of spectra, such as tlobserved in Figure 6.7, may be real features.
For the complex multi-component hair treatment esgd here, the ingredients interact on the
surface of the hair, causing important segregadftacts seen earlier. It is therefore likely that
chemical mixing can also occur, where small amowfitene component can be dissolved
within another during the surface treatment, r@sglin chemical mixing in the experimental
data obtained. Thirdly, it is widely known that theise on different variables in SIMS are
uncorrelated! Thus, it is reasonable to expect that, for an M@&lel describing meaningful
chemical variations, the loadings may be more tated compared to an MCR model
describing noisy (but uncorrelated) features ofdhta. Finally, we can see from Figure 6.9
that model (a), which has loadings that are moreetaited, is a more effective and unique
description of the data compared to model (b), tviias loadings that are less correlated. The
increased correlation in the loadings spectraasefiore consistent with a physically realistic

MCR model.

Using these arguments, the best data scaling mébdhdde MCR analysis of the hair data can
finally be identified using Table 6.2. For all Sogl methods, positive correlations are found
between the scores on different MCR factors, duéhéotopography of the sample which

means the different chemical components are alliadlyaco-located on the fibre surface
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rather than the background area. Neverthelessmiahcscaling gives the lowest average
correlation coefficient between scores on different MCR factors, and ésefilore the best
description of the data out of the scaling methstdslied here. The result is not unsurprising,
due to the strong detector saturation in the daththe need to account for increased noise
variances arising from the dead time correction.l@dwer count rates, binomial scaling
converges towards Poisson scaling (or root medmgcan the case where it is applied to the
spectral domain only), which has been demonstritdze an excellent data scaling method

for unsaturated dafa’

6.5 Conclusions

In this study, the detailed application of multre@e analysis methods has been demonstrated
on a complex multi-component hair fibre image wibipography. Detector saturation is an
important issue and the use of dead time correat@nbined with suitable data scaling is
essential for the optimal discrimination of cherhifemtures from image noise. For samples
with severe topography, it is also important thetadscaling methods are modified to operate
in the spectral domain only. PCA successfully higits important trends and variations in
the data, but cannot provide direct informatioratiag to the identities and distributions of
chemical components, while MCR provides factor$ thkaemble the complete SIMS spectra
and distribution images of chemical components, intakt more intuitive and easier to
interpret than PCA. Binomial scaling is identified the most appropriate data scaling
method, giving the most distinct chemical distribntimages using MCR. Using these
results, an important surface interaction is resalwhich occurred between multiple
ingredients in a complex multi-component hair tnezt, and caused chemical segregation
that would be difficult to identify with manual dgsis. With a careful approach and suitable
data scaling, the speed, automation and accuraoytiivariate analysis make it superior to

traditional analysis methods, even in the presehagpriori knowledge of the system.
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Chapter 7 — Artefacts in the sputtering of inorgancs by G

7.1 Introduction

New cluster primary ion beams, such ag'G have revolutionised the capability for the
analysis of complex molecular and organic surfdne$§IMS and opened up new analytical
potentials in the molecular depth profiling of ongamaterials. This is critical in important
areas of technological developments, such as arggactronics, drug delivery systenfs?
tissue engineeririd and biological analysis® However, despite major efforts in the field, the
mechanism behind sputtering using cluster ion besnsecondary ion mass spectrometry
(SIMS) is not yet well understood. The traditiotinkar cascade theory for sputtering using
monatomic ion¥*! no longer applies. Several mechanisms have begroged for sputtering
using cluster ion beams, such as thermal evapoarétoon the area where a dense collision
cascade is propagating (‘thermal spiké}* free expansion of super-critically heated
subsurface volume (‘jet explosioft)® and mesoscale collective motibhThere are also
practical issues that require resolution, for exi@nsputter induced surface topography, which
degrades the depth resolution obtainable in SIM8hderofiling*®2* In addition, the usage of
Ceo™ cluster ion beam is associated with the depositforarbon on the sample surf&éé®
This is shown to be both time and fluence depentiéhfThere is as yet no explanation for
why Cgo'" is able to sputter through some material but tieérs. In the present study, silicon,
gold and platinum samples are used to understaadbéisic issues in ¢  sputtering,
focusing on sputtering yields, topography formatésrd carbon deposition. The use of bulk
elemental targets removes effects associated witipex sample chemistry and allows the
comparison of data with sputtering theoriésThis is of fundamental and practical
importance, and a quantitative understanding gf Gputtering is urgently required if its
potential analytical capabilities in organic SIM8pth profiling for novel systems, such as

organic electronics and drug delivery, are to ladised.
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7.2 Experimental

The silicon sample used here was obtained froneaneld (100) wafer, and gold and platinum
were polished polycrystalline samples from a presistudy:' These were obtained from
Geller Micro Analytical (Geller Micro Analytical Uzoratory, Topsfield, MA, USA) and were
commercially polished with tm diamond paste. No further sample preparation caased
out on these samples. Sputtering and SIMS anakesis carried out using an ION-TOF TOF-
SIMS IV instrument (ION-TOF GmbH, Muenster, Germanyhe instrument is equipped
with Cgo™ and Bj,"" primary ion guns, mounted on opposite azimuths aind5° to the
surface normal. Sputtering was carried out with@g" (n = 1 — 3) ion source. A range of
ion energies of 5 — 30 keV were achieved by combirthe selection of singly, doubly and
triply charged ions with varying source voltagesnir5 — 10 kV. Accurate sputter yields on
the silicon, gold and platinum samples are detegthinsing the methodology developed in
Reference 11. Micrometre sized craters are spdttente the surface of flat clean samples
before measuring their volume using atomic forcerascopy (AFM). For the reliable
measurement of the volumes of sputter craters uskig, which has a maximum raster area
of 100um x 100um, a good &' beam focus of < 1pm is required. This is achieved by
defocusing the ion beam prior to an aperture befeli@cusing it onto the sample target. This
reduces the ion current incident on the target dhelh an average value of 0.27 nA is
achieved. Two or three craters are sputtered oh sample at each energy to check for
consistency. Using an average primary ion dose®#&113" ions, the average dimension of

the craters obtained is 8uin by 10.7um wide, with a depth of 0.7dm.

The volumes of the sputtered craters were measusety a Park Autoprobe CP AFM
instrument (Park Systems Inc., Santa Clara, CA, JU§#erating in contact mode in air. The
x- andy-axes of this instrument were calibrated stabl.i®o and the-axis to < 0.7% for the

silicon sample. The Geller samples (gold and platip have different sample heights,
causing a further error of ~ 2.8% in tReand y-axes calibrations. This is approximately
corrected using a previous calibration curve olsdias a function of sample height. AFM

images of 10@m x 100pum are acquired over the sputtered craters and dietector signal is
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used to give topographic maps of the surface. Aymbuparabolic curvature is present in all
the images due to ttlemovement of the AFM scanner. The crater volume®weasured by
transferring the raw topography data onto a cugtomgram in MATLAB (The MathWorks,
Inc., Natick, MA, USA). The original flat surfacs still represented by ~ 80% of the field of
view and this is used to reference the originalitpos of the surface in the region of the
crater. The image can therefore be ‘flattened’ gisirsecond order plane correction excluding
the crater region. The sputtered volume is theruded from the summation of the height
differences in each pixel within the crater regidn. addition to the sputter yield
measurements, high-resolution AFM images are obdaimth areas of 1im x 10 um of the

crater bottoms to measure the extent of topogrémimyation caused by sputtering.

To study the chemical composition of the cratetdys, SIMS analyses were also carried out
on freshly sputtered 12 keV craters on silicon.ddéary ion images were obtained over the
sputtered craters using a high-resolutiofi Rjuid metal ion gun in high current bunched
mode, operated at 25 keV energy. Images were ahuwvith a field of view of
250um x 250um over a raster of 128 128 pixels. Finally, depth profiles were obtaireda
10pum x 10pm area on the bottom of 12 keV craters on siliassing Bi" ions at 25 keV.
Sputtering and analysis were done simultaneoushgufie imaging mode with a total ion
dose of 9.36< 10° ions over 500 seconds, and the depth profiles veedesequently

reconstructed from the raw data.

7.3 Results and discussion

7.3.1  Sputtering yields of inorganics by "

Figure 7.1 shows the flattened AFM images of silieeafers, after bombardment by,C at
various energies. Figure 7.2 shows example lindlgsoobtained from the flattened AFM
images of gold after bombardment. From these imatpessputtering yields are calculated

and these are plotted in Figure 7.3 for silicoridgmd platinum for 5 E < 30 keV.
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(@) 5 keV (b) 10 keV

100 100

o o

Figure 7.1  AFM images of silicon wafers, after bamdment by (a) & at 5 keV, (b) G at 10 keV,
(c) Ceo>" at 20 keV, and (d) & at 30 keV.
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Figure 7.2 AFM line profiles of gold, after bombardment bysC at various bombardment energies,
displayed here with an offset. The original surfagee indicated by the dotted lines. This showdbarar
deposition at 5 keV, the balance between sputtenmjdeposition at 7.5 keV, sputtering beginninddminate

at 10 keV and sputter removal dominating at 20 keV.
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Figure 7.3 Measured sputtering yields ot£" on silicon, gold and platinum at various energidere the
sputtering yield is positive, the data are fittecan empirical modeY = a (E — b)*°, which gives the threshold
energy for net sputtering for each material (shawthe legend). At low energies, net carbon deposibccurs

for all materials. This is plotted here by the nembf carbon atoms deposited pgg'Qon.

As previously reported by other researciéfs,carbon deposition occurs at low energy,
resulting in the formation of hills, rather thamatars, on the surface of the bombarded
samples (for example on Figure 7.1a). The numbeadfon atoms deposited pejoC ion is
calculated and plotted with a negative value inureg7.3. Conflicting theories exist on the
identity of the deposited material during bombardtmef silicon by Gy, with evidence
suggesting it may be amorphous cafBaur silicon carbidé®** The data here shows that
carbon deposition is a general phenomenon for maatgrials, including gold and platinum,

and is not specific to silicon which forms a cagbid

Figure 7.3 shows that the transition between neattepng and deposition occurs between 5 —
10 keV for the materials studied. For data wheeesfbuttering yield is positive, they are fitted
to an empirical modeY = a (E—b)°° whereY is the sputtering yieldE is the primary ion
energy, and andb are fitting parameters. The threshold energy &rsputtering is given by

the value ofb, and is 9.4 keV, 6.5 keV and 7.3 keV for silicagpld and platinum,
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respectively. It is important to note that thisdséferent from the conventional threshold
energy for the sputtering of bulk materials in #igsence of carbon deposition. Near the
threshold energy for net sputtering, the situat®rcomplex. Here the surface no longer
consists of pure material. Net deposition occurgmthe total volume of material sputtered
(both the sample material and any carbon depositec)mes lower than the total volume of
carbon deposited. Since gold has a higher spulteield than platinum, it has a lower
threshold energy for net sputtering, as shown gufé 7.3. However, silicon is observed to
have the highest threshold energy despite its figls. It has been suggested previotisly
that the strength of the Si—C bond may enhancerdtention of carbon atoms in silicon,
thereby increasing its threshold energy. Howeuers ifound that the result may also be
attributed to the lower nuclear stopping powerilbé@n compared to gold or platinum, which
reduces the fraction of incoming energy depositedrrthe surface. This causes poorer
sputtering of the deposited carbon on silicon ia tase of marginal deposition near the

threshold energy, and thereby increasing the ermrexyyired for net sputtering.

At higher energies where sputtering dominates sghétering yields shown in Figure 7.3 are
far higher than the values predicted by a lineacade model. Linear cascade assumes that
each carbon atom in the primary ion causes an erdémt collisional cascade, and sputtering
yield using Gp at an impact energy & is equal to 60 times the sputtering yield usingt@n
impact energy oE/60. The sputtering yield assuming linear caschderly can be estimated
using SRIM (SRIM 2006, http://www.srim.org). SRIMalculates a sputtering yield of
80 atoms/ion for the & bombardment of silicon at 30 keV, which is onl\240f the actual
value measured experimentally. Thus, the data gurEi 7.3 clearly displays the non-linear
yield enhancements expected for cluster primarg.idhis shown elsewhefethat the data
can be well described by Sigmund and Claussentsntilespike modet?** especially at high

energies, where we are concerned mainly with théesng of pure materials.
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7.3.2  Topography formation at low energies

AFM images and line profiles of the sputter cratestsech as those shown in Figure 7.1 and
Figure 7.2, reveal that the formation of surfacgotgraphy is critical around the transition

region between net sputtering and net depositidrthédse energies, topography may develop
due to the differences in sputter volumes betweeasawith exposed substrate material and
areas where carbon has been deposited. This igesggo at higher energies due to the

increase in sputter yields which lead to more effitremoval of material.

To study this further, high-resolution AFM imagegepareas of 1dm x 10um are acquired
at the bottom of sputter craters on gold. Theseshmvn in Figure 7.4a and 7.4b for ion
bombardment energies of 7.5 keV and 10 keV, repmbgt Figure 7.4a agrees with the

‘grain’ structure observed on sputtered siliconGlen et al??

although much greater heights
of ~ 0.1 um are observed here. Figure 7.4b shows the topbgragructures in 10 keV
craters, which are bigger and more widely dispetbad those in 7.5 keV craters. There is a
clear relationship between the size of these strastand the sputter depth, which is plotted
in Figure 7.4c. Since the sputter depth is direothated to the primary ion dose received
locally, our results agree with Gillen’s observatibat topographic features gradually grow in
size during the sputtering process, and this grasv/tfemonstrated to be linear with primary
ion dose up to a sputter depth of (6. In both craters, the formation of topographmtiees

is enhanced along scratches and defects on the gyowfdce. This causes the apparent
orientation of topographic features along the dmjodirection in Figure 7.4a, due to
numerous parallel micro-scratches on the polisheldl gurface, which are observed in
scanning electron microscopy (SEM) images of ttagecrshown in Figure 7.4d. It is worth
noting that the mechanism of topography formatiarehis different from that usually
encountered in silicon sputterfiig’ and also from the sputtering of bulk organic miatsr
where sample chemistry such as ion beam damagesateln and mobility of the target

material also play a significant ro{g2°%
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Figure 7.4 AFM image of gold after bombardment by,Cat (a) 7.5 keV (b) 10 keV. Image dimensions are
10um x 10pum. Gso' ions are incident from the right hand side. (QlRr®-peak heights of topographic features
as a function of the sputter depths in the 10 ke\d grater, relative to the top right corner of tineage.
(d) SEM image of the 7.5 keV gold crater, acquiaed 70° tilt angle. The field of view is approximely 40pum

x 60 um. This shows the orientation of topographic feadualong micro-scratches on the polished gold serfa

7.3.3  SIMS analysis of crater bottoms

In order to study the extent of carbon depositiad anplantation at primary ion energies
above the threshold for net sputtering, SIMS ansiligscarried out on fresh craters sputtered
on silicon at 12 keV, which show a smooth profiteng AFM. Spectra and images acquired
using Bi" primary ions show significant enhancements of @arblusters ¢ as well as the
various silicon-carbon groups.Si,, after sputtering. This is shown in Figure 7.5.sTslhows

the importance of deposition and implantation ainéerface layer formed during sputtering.
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Figure 7.5 SIMS negative ion image of crater formed after #% KCso>" bombardment on silicon, showing

significant intensities of C as well as SC,, .

To study the composition of this mixed layer, depitofiing of the crater bottom is
performed using a Biprimary ion beam at 10 keV for both sputtering amdhlysis. The
results are shown in Figure 7.6a for positive icarg] the depth scale is calibrated assuming
the sputtering yield of Bion silicon. The data is fitted to a sum of two exential functions

to guide the eye and define the point of maximutensity for each ion. This shows the
intensity of C secondary ions reducing with depth, whilgCai’ secondary ions reach a
maximum at depths depending on fraction of carbtoma in the ions, as shown in
Figure 7.6b. This agrees with a gradual, mixedrayethe surface of sputtered craters such
that the amount of implanted carbon reduces witptldeThe implantation depth can be
estimated by SRIM, assuming that the projected @aofy carbon in silicon from a
molecule at bombardment energy of 12 keV is theesasthe range of a single carbon atom
at 1/60" of the energy (200eV). This gives an implantatiepth of 1.7 nm, in agreement
with the experimental results. From Figure 7.6k, tiaximum thickness of the interface layer

is found to be approximately 5 nm.
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showing the intensities of four secondary ion$, 8iG,’, SLC" and SjC,". The depth scale is calibrated
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(a) SIMS positive ion depth profile of crater fornafter 12 keV G°" bombardment on silicon,

assuming the sputtering yield of'Bin silicon. Solid lines show the fit to a sum wbtexponential functions to

guide the eye. (b) The fraction of carbon atomthésecondary ions against the depth at which thakimum

intensity occurs in (a), using the fitted curves.

7.4

A short study was conducted of the sputtering €1, gold and platinum samples with

Cso'', Over a range of energies from 5 to 30 keV. Thyh Isiputtering yields measured require

Conclusions
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the non-linear enhancement of, for instance, Sigiramd Claussen’s thermal spike model. At
low energies carbon deposition occurs for all threaterials, independent of carbide
formation and target chemistry. The developmendmiftter-induced topography is observed
to be fluence dependent, and is especially cristdahe transition region between sputtering
and deposition. This is suppressed at higher ezerdue to more efficient removal of
material, suggesting a direct link between sputteyiield, carbon deposition and topography
development. Above the energy required for nettepgng, deposition and implantation of
carbon is important in an interface layer on thédyo of sputtered craters, covering a depth
of ~ 5 nm. Finally, all the results shown above tfog sputtering of inorganic materials by a
Ceo" cluster ion beam can be explained in terms of ighysrather than chemical, effects. In
the development of a coherent metrology framewankthe cluster sputtering of organic
materials, it will be increasingly important to wmdtand and distinguish between universal
physical features associated with cluster sputijeand effects due to individual sample

chemistry and sputtering conditions.
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Chapter 8 — Organic depth profiling of a nanostructired delta

layer reference material using large argon clusteions

8.1 Introduction

The use of cluster primary ions in time-of-fligletc®ndary ion mass spectrometry (SIMS) has
provided a step-change in the capability of SIMBHigh-resolution biomolecular imagihg
and the potential to generate 3D molecular deptiiles through organic materials such as
drug delivery systemisand cells$** It is clear that for organic depth profiling to beroutine
analytical tool for SIMS and XPS, the primary iansst be able to sputter through a range of
sample chemistries without inducing severe surfapegraphy or chemical damage. This is
especially important if organic depth profiling ie be a useful tool for the chemical
characterisation of many emerging technologiesamelion thin molecular or polymeric
multilayers, including drug delivery systems, anthamic electronics such as organic
photovoltaics and organic light emitting diodes EDs). Improved depth resolution and
reduced damage would enable greater definitionagérs and interfaces as well as offer

access to deeper layers.

Most studies for cluster ion beams use commercéibilable ion sources, for exampleaAu
Bis', SE" and Go". As a result of the wealth of studies devotedhese ion beams, their
strength and weaknesses are now becoming cleaserorganic depth profiling, SF and
Cso" are favored over metal clusters such as Awnd Bi' due to reduced damage cross
sections and damage accumulafiiStudies have shown thagf" causes lower sub-surface
damage compared to SE and is extremely successful for the depth prafilof some
organic materials such as polylactide (PCApoly(methyl methacrylate) (PMMA and
trehalosé! Consequently, &" is generally the ion beam of choice in organic thep
profiling. However, several important issues remaiith Cso" sputtering. This includes

significant accumulation of damage for some malgriahich results in a failure to obtain

151



Chapter 8. Organic depth profiling using large argluster ions

steady-state secondary ion intensities and spudteyields during depth profilintf:*® The
depth resolution is currently limited to approxieigt10 nm at best, although significantly
poorer resolution (35 nm) has been obtained aftettering to depths of 350 nth At lower
energies where the depth resolution improveg, Gnay cause carbon deposittof and
abrupt loss of secondary ion sighaMuch effort has recently been devoted to allevinese
issues, for example, via sample coolfig2or the use of a grazing incidence anglen the
other hand, there has been a recent increasedrestdevoted to novel cluster ion sources,
including GuH1," and Go'\?° Ira(CO) "2t Ausog''?? and Afkseo.?® There is a general
consensus in the community that the optimal chofgaimary ion for organic depth profiling
is complex and dependent on the sample under $tdy It is likely that different primary
ion beams would be optimal for different applicasoNevertheless, new cluster ion sources
offer the potential for novel sputtering and iotisa mechanisms, which may expand the

range of samples that can be profiled as well @asamng the depth resolution achievable.

Preliminary studies using gas cluster ion beamh 88cAfso; have shown promising results
for SIMS. Ar cluster ions have been demonstrateslitttessfully yield secondary ion spectra
of a peptide, GlyGlyGly, and an amino acid, argiwith little molecular fragmentatidt.
They have been shown to sputter through leucir@ecanstant rate, up to a sputtered depth of
1.5 um, without observable chemical changes in the spEse spectrd® Successful organic
depth profiles have been demonstrated on polycatk6hpolystyrené® and Alg,* all of
which have been shown to be very difficult withsC due to damage accumulatidtt. Since
each Ar cluster ion consists of hundreds or thodsasf atoms, the energy per constituent
atom is of the order of 10 eV, which is typicallgltaw the threshold energy for sputtering by
atomic ions>* Molecular dynamics (MD) simulations have showrt tiifferent sputtering and
desorption mechanisms may be possibfé,which may lead to the large sputtering yields
and reduced molecular fragmentation observed exgetally. Although the technology is
still in its infancy, studies so far have shownedlent potential for organic depth profiling. It

is therefore important that the fundamental aspettér cluster sputtering are evaluated
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rapidly, and the basic metrology developed, in orgefacilitate the development of the

technology and increase analytical capabilities.

In this study, the depth profiling of an organidtddayer sample using an Ar cluster ion
beam, with mean cluster sizes of 500, 700 and HdOs, is explored. The sample consists
of ultra-thin “delta” layers of Irganox 3114 (~ 2min) embedded between thick layers of
Irganox 1010 (~ 46 nm for the first two layers an@3 nm for the subsequent three layers).
The sample is very similar to those used in a previstud}? and employed in a VAMAS
interlaboratory study on organic depth profiliHg® Both studies have shown that the delta
layer reference material is an excellent modelesystexhibiting very consistent behavior
regardless of the production batch or constructi@n,the number and spacing of the layers.
The thicknesses and positions of the layers ard wmracterised, allowing important
parameters such as the sputtering yield, the congtaf the sputtering yield and the
achievable depth resolution to be determined ctergly as a function of sputtered depth,
beam energy and Ar cluster size. This providesald&iinsights which can help elucidate the
sputtering mechanisms using Ar gas cluster prini@mybeams. Direct comparisons will be
made with previous data from the sputtering of Eimiayers using &",*? obtained at 45
incidence angle for 5 — 30 keV impact energy atrrdemperature. This is the most common
analytical set-up, although further improvementsy/ina possible by optimising the angle of

incidence, energy or sample temperafdré.

This study is the result of collaboration with KgotUniversity who pioneered the
development of Ar cluster ion guns for SIMS. Thadstis conducted on a prototype and
unique instrument. Although there is much neednprove its performance for general
analytical purposes, the present work using wedlrabterised reference materials indicates
the benefits of the approach using Ar cluster idhslso highlights important aspects for
future development, such as the need to improventes and spatial resolutions obtainable,
which could be achieved by improving the massdfiiom of the ion beam or, more readily, by

the use of a dual beam configuration for depthilongt
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Figure 8.1 A schematic diagram of the argon cluste!SIMS instrument at Kyoto University.

8.2 Experimental
8.2.1 Instrumentation

A review of gas cluster ion beam theory, instruraBoh and application can be found in
References 37-39. Details of the Ar cluster SIM&riument can be found in Reference 40. A
schematic diagram of the instrument is shown iufed.1. The instrument is equipped with
an Ar gas cluster ion gun and a linear time-offligT OF) mass analyser, mounted at 46d

perpendicular to the sample surface, respectivigbgh the ion gun and the mass analyser
were designed and constructed in Kyoto UniversigyPoof Jiro Matsuo and his research
group. Neutral Ar clusters are formed by the supdcs expansion of the Ar source gas,
injected into a vacuum at high pressure (5 atmagghehrough a small nozzle. The neutral
beam is ionised by electron impact and acceletayadp to 20 kV. Magnets situated between
the ionisation and analytical chambers remove Anoneer ions and small clusters. This

gives a broad cluster size distribution, which bartuned to mean cluster sizes of 500 — 1000
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Ar atoms by adjusting the ionisation voltdjerhe full width at half maximum of the cluster
size distribution is typically of the order of theean cluster siz&:** A DC beam current of

8 nA can be readily obtained with a spot size <itb. The beam current is found to vary by
< 3% during the course of a typical depth profilexperiment, which takes on average 100

minutes.

In this study, data acquisition using the prototyp&rument was carried out by Dr Satoshi
Ninomiya (Kyoto University). All data analysis wasarried out by myself. Depth profiles
were acquired at room temperature by alternatingvden 1 s sputtering (DC) and 1.5 s
analysis (pulsed) cycles, using automated softwaatcontrols the ion beam raster and data
acquisition. The mean cluster size {#f to Arigo0) and impact energies (8 to 17 keV) are
varied and one profile is obtained for each iombaatting. For the sputtering cycles, the DC
beam is rastered to give an average dimension/ofrdn x 3.6 mm for the sputtered craters,
depending on the ion energy and the raster voltadesestimated standard uncertainty of the
ion dose is 10%. This is dominated by systematiztainties in the measured current (due
to the lack of a suitable Faraday cup on the satmpilger}® and the sputtered crater size, with
an estimated random uncertainty contribution of% %or the acquisition of secondary ion
spectra during the analysis cycle, the primary lb@@am is pulsed at 1 kHz using an ion
deflector with a time width of fis. Initial mass filtering is carried out using @ed primary
ion deflector, operated at the same time width landted further down the ion beam column
where the ion pulse has broadened due to the spredlster sizes and hence velocity. This
considerably narrows the range of Ar cluster simeglent on the sample during the analysis
cycle?* After the impact, secondary ions are extracted ihe TOF analyser by the use of a
sample bias (+2 kV for positive ions and -2 kV fagative ions), where they are further
chopped using a secondary ion deflé@avith a pulse width of 200 ns. Since the primary
ions have a spread of arrival times on the sampéetd the cluster size distribution, the time
delay between the first primary ion deflector aned secondary ion deflector is used to accept
only secondary ions that are generated byoArprimary ions (with an approximate

distribution of+ 50 atomsy? regardless of the mean cluster size of the DCtesingy beam.
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Figure 8.2 (a) The chemical structure of Irganot@@nd Irganox 3114. The major fragment unitsfdR
Irganox 1010 and fRfor Irganox 3114, are shown within the dashed boxe) The multilayer structure of the

Irganox organic delta layer sample.

This is necessary for obtaining good quality seeoypdon spectra, and also improves the
comparability between depth profiles. Finally, teecondary ions are measured using a
microchannel plate (MCP) detector at the end ofitrear TOF analyser. During analysis, the
beam raster is restricted to the centre of thetepd crater and has a width equal to a third of
the crater size to avoid the effects of uneven @bgbe crater edges. The ion dose delivered
during the analysis cycle is three orders of magi@tiower than the sputtering cycle, and can
be considered negligible. No charge compensatiappdied during the sputtering or analysis

cycles, and all depth profiles reach the silicobsstate successfully.

8.2.2  Organic delta layer reference material

Full details on the preparation of the organicaltyer sample can be found in Reference 12.
The sample preparation and initial characterisabefore sputtering were carried out by
Radleigh Foster and Dr Alex Shard (National Physicaboratory). Irganox 1010 and

Irganox 3114 (CIBA, Macclesfield, UK), placed in pseate crucibles, are alternately

evaporated onto initially clean silicon wafers measgy 1 cmx 1 cm using an Edwards
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AUTO306 vacuum coater (Edwards Ltd., Crawley, URhe chemical structure of the two
Irganox materials and the multilayer structure leé sample are shown in Figure 8.2. Each
sample consists of five ultra thin “delta” layefdiganox 3114 (~ 2.4 nm), separated by thick
layers of Irganox 1010 (~ 46 nm for the first tvayérs and ~ 93 nm for the subsequent three
layers). The thickness of each layer is measuradwain situ quartz crystal microbalance
(QCM) combined with arex situspectroscopic ellipsometer (Woollam M2000, NE, YSA
assuming the QCM mass response to be linear oeeratige of thicknesses deposited and
identical for the two different materials. Five gales are prepared in a single batch, and one
depth profile is obtained in the middle of each gknwith the exception of one sample where
two profiles are obtained in adjacent areas. TWyi¢hickness variations of less than 5% can

be obtained across the width of the wafer, cornedpg to ~ 2% over the analysis area.

8.2.3 AFM measurements

The development of sputter induced surface roughresneasured using thick evaporated
pure Irganox 1010 layers (~ 475 nm), prepared bp Balter (National Physical Laboratory).
The samples are sputtered to different depths usiramge of Ar cluster sizes and energies.
AFM images close to the centre of the sputteretergare acquired by myself using a SPM-
9500 J2 instrument (Shimadzu, Japan) in a.c. “tapfjpmode, over a scan area of L x
10um. The images are used to calculate the root mgaare roughnessR{) values. The
non-irradiated surface of Irganox 1010 is invayabbund to be extremely smooth, with

Ry~ 0.3 nm.

8.3 Results and discussion

Figure 8.3 shows the negative secondary ion spettf@ned from pure Irganox 1010 and
Irganox 3114 samples using -fd primary ions at 12 keV. Strong nitrogen-containing
fragment ions can be observed in the negative pestsa for Irganox 3114, for example TN
and CNO, as well as higher mass ions characteristic of ohiginal structures of

Irganox 1010 and Irganox 3114, for example/H3sOs for Irganox 1010 R and

157



Chapter 8. Organic depth profiling using large argluster ions

on CNOT

Irganox 3114

Cz/Hsoz’ Irganox 1010

Log intensity (arb. units)

0 200 400 600
Mass, u

Figure 8.3 Negative ion spectra of pure Irganox43ahd Irganox 1010 layers obtained usingodirat

12 keV. Secondary ions characteristic of eacheftiolecules are labeled.

Cs3H4eN3Os  for Irganox 3114 (M —R~. The positive secondary ion spectra are also
obtained, but they show no characteristic peaksdéia be used to discriminasefficiently
betweenlrganox 3114 and Irganox 1010, due to their simdlaemical structures. In this
prototypecluster SIMS instrument several issues exist fonitoring negative ion intensities,
mainly owing to the simple mass analyser systend asehe time of this study. Firstly, the
sensitivity is very low for high mass characteastns, due to the low impact energy of the
secondary ions onto the detectdiThis limits the analysis here to smaller fragmiemts.
Secondly, the mass resolution of the linear TORrumsent is very poor in the negative ion
mode, and low mass fragments cannot be resolved dtber peaks withia 5 u. Fortunately,
the two Irganox materials can be clearly distingat using the broad peaks centered around
45 u and 60 u. By comparison with the high masslutisn spectra obtained usingsBi
primary ions in an ION-TOF TOF-SIMS 1V instrumenhese peaks are identified to be
dominated by the intense characteristic fragmermN€©T(41.9980 u) for Irganox 3114 and
C,H30, (59.0133 u) for Irganox 1010. From TOF-SIMS 1V treprofiling studies of similar
delta layer samples, the major intensity changdrfianox 3114 is in the CNQpeak, which
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Figure 8.4 (a) Raw intensities measured duringdigeth profiling of the Irganox delta layer referenc

material using Af, at 12 keV. This shows CNQcharacteristic of Irganox 3114) andHzO, (characteristic

of Irganox 1010), plotted against the sputter tinide red shaded regions indicate the appearance of
Irganox 3114 delta layers and the green shadedndgdicate the substrate. (b) A plot ofHz3O, against
CNO intensities for the white regions in (a) which cets of pure Irganox 1010. The red line shows the
proportionality between the two peaks despite thectdations in absolute intensities. The peak ratio
CNO '/ CH30, is therefore well behaved and is constant fordegal010 with a scatter standard deviation of
3%.

tracks the intensity of (MR,)™ but is 25 times more intense. Within the mass earaf the
broad peaks identified on the #¢ spectrum, contributions from non-characteristic
fragments and contaminatioare weak, and these peaks therefore provide serifici
selectivity for monitoring the relative amount eganox 1010 and Irganox 3114 on the
surface, despite the limited mass resolution. Binglome fluctuations are observed in the
secondary ion intensities, which may be causedtgrmittent instabilities of the detector or

by some charging effect. Figure 8.4a shows thecefié this on an example depth profile
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Figure 8.5 Depth profiles of the Irganox delta lagample, obtained using £§ primary ions at 12 keV.

Dots show the measured peak ratio (CN@Q,H30;") as a function of the primary ion dose and spettetepth,

and the solid line shows a fit using a sum of fB@ussian functions.

obtained on the delta layer sample. The fluctuat®mbserved to affect different peaks
similarly (Figure 8.4b), and may be corrected bingshe ratios of the two peaks (CNO
| CH302) in the subsequent analysis. This reduces fluicistof ~20% to a scatter
standard deviation of ~ 3%. This approach is foimnprovide a good description for all depth

profiles.

8.3.1 Depth profiles

In total, six depth profiles of the delta layerelefhce material were obtained using a range of
Ar cluster sizes (Ao to Arigoo) and impact energies (8 keV to 17 keV). The deptifile
obtained using Apo primary ions at 12 keV is shown in Figure 8.5, d@inel raw intensities
are given in Figure 8.4a for reference. The petik (ENO / C,H30,), plotted as a function

of Arsgo ion dose, clearly shows the Irganox 3114 delt@rdgywith the depth resolution
degrading with increasing ion dose. For all energiad cluster sizes, successful depth
profiles are obtained through the ~ 480 nm mulélastructure, showing the five delta layers
distinctly followed by the rise of the SjOion characteristic of the substrate surface. The
results are a considerable improvement upon previtaia from " sputtering, where a
minimum of 20 keV is needed to profile completéiyolugh the delta layer satisfactorily. This

is due to the rapid, non-recoverable loss of semgndon intensities at 5 keV after a
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Figure 8.6 The sputtered depth as a function ofptiveary ion dose, for a range of Ar cluster siaed

energies (symbols). The solid lines show lineartfitthe data, which are constrained to go thrahgtorigin.

sputtering depth of 250 nm, and the loss of usdégth resolution at 10 keV before the
silicon interface is reachéd.This necessitates the use of higher energies @gH, which

degrades the intrinsic depth resolutidn.

The use of the peak ratio in Figure 8.5 minimikes,cannot completely remove, the effect of
intensity fluctuations, which can be observed fearaple during the third delta layer. The
data are fitted to a sum of five Gaussian functiavtsich are shown as solid lines. This is a
good description despite a small asymmetry obseirvelde delta layer responses, especially
for the first delta layer. The integrals of the Ggsian functions are roughly constant for
different delta layers, indicating that the peatioraan be used as a reasonable estimate of the
amount of Irganox 3114. Here, the centroids of @agissian functions are used to determine
the ion dose required to reach each delta layemsehdepths have been determined
independently using QCM and ellipsometry. The tasylsputtered depths plotted as a
function of the primary ion dose for all depth pies are shown in Figure 8.6. For clarity, the
error bars associated with the ion dose on thisréigare omitted, since the uncertainties are
dominated by systematic contributions as discusséier. The systematic contributions have
the effect of changing the dose scale a few perbahtdo not alter the appearance of the

figure.
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For all depth profiles, a constant sputtering yisldbtained, resulting in a sputtered depth
that is linear with the primary ion dose throughautepth of 390 nnilChe points scatter
randomly about the linear fits in Figure 8.6 witlstandard deviation of 3.5 nm in the delta
layer positions. The constant sputtering iat@mportant for the reliable depth profiling of
thicker layers and for the ability to quantify ostienate the sputtered depths during the
analysis of unknown samples. It also implies vew laccumulated damage during depth
profiling using Ar gas cluster ions since, as daenagcumulates, the material changes and is
likely to have a different sputtering yield. Thessults are in contrast withe§®" sputtering'>
where the sputtering yield diminishes with ion doswing to chemical changes in the
Irganox material caused by ion-induced damage. |Aster ions therefore present a major

improvement compared tos§ .

8.3.2  Sputtering yields

It is straightforward to obtain the sputtering gielolume, i.e. the volume of Irganox 1010
material removed per impacting Ar cluster ion, gsithe gradient of the linear fit in
Figure 8.6, assuming the change in yield volumeegligible between the thin Irganox 3114
delta layer and the Irganox 1010 matrix. Figure sh@ws the yield volume as a function of
ion energy, along with a linear fit. The estimatedcertainties of 10%, dominated by
systematic uncertainties, are shown in the erres.béhe data fall neatly along the linear fit,
indicating that the random uncertainties are inde@all. The yield volume at this energy
range is linear with the ion energy, and this béraig very similar to the g sputtering of
Irganox? PLA.° and trehalos¥. as well as Atyog sputtering of leuciné® The yield volumes
are higher than & sputtering of Irganox 1010, for example 250°rehmaterial is removed
per impacting Ar cluster ion at 17 keV comparedL&8 nnt of material per g ion at
20 keV2*2 Interestingly, no clear dependence can be seevebatthe Ar cluster size and the
sputtering yield at 12 keV. The total impact enermgther than the energy per constituent
atom, appears to be the dominating factor in thetepng yield. This is very different to the

1,46-48

sputtering of inorganic materials with large Ar stiers® which shows a rapid reduction

of the sputtering yield when the cluster size iréased for the same energy, as the energy
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Figure 8.7 The sputtering yield volume of Irgan@4.Q as a function of ion energy, with a linear Ah

estimated uncertainty af 10%, owing mainly to measurement of the primany @urrent and crater size, is

shown on the error bars.

per atom approaches the threshold of sputteringluster ion beams (around several eV per

atom®.

The data may be explained by the range of enetgied in this experiment (12 — 34 eV per
atom), which is well above the energies of therindé®d intra-molecular bonds and therefore
away from threshold effects. If all the energies @eposited near the surface and available for
sputtering, and the yield per atom is roughly prtipoal to the energy per atom in this range,
then we should expect the sputtering yield to leddent on the total available energy rather
than the cluster size. Delcoré al. have observed similar behaviors above a threshbld o
1 eV per nucleon in recent MD simulations of thenbardment of organic targets using large
CxHy organic cluster projectileFor Ar cluster sputtering, the threshold may baisicantly
lower, since much lower energies are needed tdkhheaprimary projectile apart on impact.
Finally, since the cluster size distributions assecd with each mean cluster size may
overlap, further experiments using cluster ion beamith improved size selection may

provide valuable information.
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8.3.3  Depth resolution

The depth resolution as a function of Ar clustaesibeam energy and sputtered depth can
also be studied in detail using the depth profilesve assume that the Irganox 3114 delta
layers are negligibly thin compared to the depsoh&ion response function, then the signal
from the delta layer is a direct representatiothef depth resolution function. The use of the
peak ratio (CNO/CH3O,) for depth resolution requires some considerati®mce
Irganox 1010 intensities drop slightly as the IrpaB114 delta layers are reacHédhe peak
ratio could lead to an apparently improved dep#olgion compared to using Irganox 3114
intensities only. To estimate the extent of thifeaf here it is assumed that the SIMS
intensities are directly proportional to the exmbseirface area of each material during the
depth profile, and the depth resolution functioteloreflects the sputter-induced topography
which causes different areas of the thin Irganok43dlelta layer to be revealed at slightly
different doses. Figure 2 in Reference 49 providesice visualisation of this effect. The
maximum total exposed surface area of Irganox 3athined during depth profiling of the
first delta layer when the depth resolution is beah be estimated to be < 20% of the total
surface area. For a Gaussian response functianmthy give rise to 6% improvement in the
depth resolution obtained using peak ratios. Thierds reduced for deeper delta layers,
where the exposed surface area of Irganox 311@dwsrldue to the poorer depth resolution.
The peak ratio therefore provides a reasonably gesiimate of the depth resolution

achievable with Ar cluster sputtering in the preéssperiment.

Figure 8.8a shows the depth resolution as a fumctisputtered depth for different Ar cluster
sizes and energies, obtained from the Gaussiatofitise data. Since the depths of the delta
layers are knowm priori, the depth resolution is independent of the iogedmeasurements
and unaffected by the associated uncertainty. Herelepth resolution is expressed as the full
width at half maximum (FWHM) of the measured resgmfunction. For a Gaussian response
function, g, the standard deviation of the response functgoagual to the FWHM divided by
2.35. Figure 8.8a also shows the depth resolutimaimed using & at 10 keV:? The values

for Ceo?* at 20 keV (not shown) are typically 20% worse. Fference, the respective depth
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cluster sizes and energies. The solid line shownsear fit to the data. For comparison, the valfmsCg,"
sputtering at 10 keV are also plotted as solidleir€ (b) An example profile of the sputtered crateropefthe
silicon substrate has been reached, measured sgiacgtroscopic ellipsometry. This gives rise to %10

difference in the sputtered depth over the anabsia, accounting largely for the measured desiblugon.

profiles obtained from Ago™ (at 12 keV) and &™ (at 10 and 20 keVj are plotted on the
same scale in Figure 8.9. This shows that Ar clustes offer improved depth resolution
compared to g™ at the same impact energy and experimental conditiClear and distinct
delta layers are observed throughout the depthl@safith Ar cluster ions, whereas thg,C
results show poorer depth resolution and the opesfaresponse functions between adjacent

delta layers with spacings of 90 nm, after a spedtelepth of only 300 nm.
It can be seen from Figure 8.8a that very simileptd resolutions are currently obtained

using different Ar cluster ions, which degradeswitcreased sputtered depth. The best depth

resolution, obtained by extrapolation to zero sgretl depth, is estimated to be about 7 nm. A
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Figure 8.9 Example depth profiles obtained on tgarox delta layer reference materials using (a)oAr
at 12 keV (b) G at 10 keV and (c) & at 20 keV. The g™ data are from a previous std@lysing reference
materials with 6 layers of thin Irganox 3114 embedithetween ~ 90 nm of Irganox 1010, and are regldt
show the peak ratio CN@ C,H;0, on the same depth scale.

small improvement can be seen as the clustersinelieased from Ag, to Arigoe at a fixed
energy of 12 keV. However, the depth resolution maslear dependence on the ion beam
energy for Akoe clusters. This is contrary to existing data shaapoorer depth resolution
with higher beam energié§*?**Unfortunately, this is because the depth resatutichieved

in this study largely arises from an instrument&tfact related to the ion beam raster. Using
ellipsometry mapping, which has a precision of i, the crater shape of sputtered films
where the silicon substrate has not yet been reaaleee characterised. An example crater
profile is shown in Figure 8.8b. This shows a shgpcrater floor, giving rise to ~ 10%

difference in the sputtered depth over the analgss. A similar shape is observed for all
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craters at all energies and depths, which probatigs from a systematic variation of the ion
dose over the sputtered area caused by a nonraating system. This would cause a linear
contribution to the depth resolution with the sprgtd depth, which is consistent with the
observation in Figure 8.8a. It is clear that thpetdeesolution currently obtained is severely
limited by crater uniformity in the prototype instnent. In further developments of the
instrumentation, it will be important to improveetierater shapes, as this is expected to offer

significantly improved depth resolution than cuthgbtained in this study.

8.3.4  Surface roughness

We can further characterise the potential besthdeggolution achievable with Ar cluster
primary ions, using AFM measurements of the spumt#uced topography. If the depth
resolution was dominated by the development of gogohy, then the standard deviation of
the response function obtained in SIMSvould be equal to the root-mean-square roughness
R, obtained from AFMZ?*® AFM measurements were obtained on pure Irgano® 18yers
sputtered to a range of depths (35 to 420 nm) uaimgnge of Ar cluster sizes @ to
Arigo0) and energies (5.5 to 17 keV). Care must be takeneasuring the surface roughness
at this scale for a soft material, for exampleairgx 1010 films are known to undergo gradual
surface relaxatio® However, previously we have shown that for Irgameaterials, theR,
values measured within several hours of sputtatinghow remarkable agreement witt*°
indicating the validity of this method. Example AFRNMages are shown in Figure 8.10, with
comparison to € results from Reference 49. The AFM results showy ew sputter-
induced roughnesi, of < 5 nm for all Ar cluster sizes and energieghwypical values of

1 — 2 nm, while the roughness of unsputtered fisreround 0.3 nm. A general increasdrin

is observed for increasing sputtered depth, inargaseam energy and decreasing cluster
size. These values are significantly better thagi’ Gputtering, for example a roughness of
1.6 nm is obtained with Ag;” compared to 10 nm with¢g" after sputtering to a depth of
~ 180 nm at ~ 10 keV (Figure 8.18)These preliminary results agree with the low sefa
roughness measured on polystyrene after Ar clisgtettering®® and are in the order of the

lower limit imposed by the finite crater size upoluster ion impact of organic materials.

167



Chapter 8. Organic depth profiling using large argluster ions

(@) Unsputtered film

(b) Arsoo’ (9.5 keV) (€) Ceo' (10 keV)
Sputtered depth 190 nm Sputtered depth 171 nm
Rq= 1.6 nm Rq= 10 nm

4.0 | [N
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20.0 0.0 Y[um] 20.0 0.0 ¥[um]
0.0 2.0 0.0

0.0
2.0 0.0
X[um] 4.0 Xl 02 oy

Figure 8.10 Example AFM images obtained on Irgah@k0 films after bombardment by £¢ and Go',
showing the sputter induced surface roughness.dele for G, is redrawn from Reference 49. For optimal
comparison, the same height scale is used fomalges. (a) The unsputtered surface has an initigglmess of
Ry = 0.3 nm. (b) Using Apo at 9.5 keV, the roughness has increase®;te 1.6 nm after sputtering to a depth
of 190 nm. (c) Using & at 10 keV, the roughness has increaseByts 10 nm after sputtering to a depth of
171 nm.

According to MD simulations the crater size is amulO nnt>°° which for a single
hemispherical crater give rise to Bpof ~ 2.5 nm. The above results are very promising
indicate the very high depth resolution that mayalhievable using Ar cluster ion depth
profiling. It is interesting to note that Ar clust®on beams have been widely studied for
nanoscale surface smoothing of a variety of inamyaurfaces, including copper and
silicon®’*° usually at normal incidence. Further studies aeeded with improved
instrumentation to clarify the mechanism of massolaster sputtering and roughness

development for a wider range of organic materials.
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8.4 Conclusions

This study demonstrates the potential benefitssofguinovel argon cluster ion beams#f to
Arigoo in the depth profiling of organic materials, usiagvell-characterised Irganox delta
layer reference material. Although more work isuieed before widespread and general
conclusions can be drawn, it is shown that, forrdference material investigated here, high
sputter yields are obtained (up to 250°nmer cluster ion) which are constant over a large
sputtered depth scale of 390 nm. This is of pratiimportance and also implies very low
accumulated chemical damage. The potential depblugon achievable is thought to be
limited by the development of surface topographsirdusputtering, which is of the order of
Ry = 5 nm even after prolonged sputtering. Theseltsesue significantly better than the
performance of " reported previously for this material under ideatianalysis conditions.
These results are highly comparable with the bestently achievable with organic depth
profiling, which was demonstrated in the recent VAM interlaboratory stud¥/*®° This
shows that by employing special experimental cammust such as sample rotation, sample
cooling and grazing incidence angle, the perforreant Gy depth profiling can be
significantly improved to give a constant sputtgrineld and good depth resolution (around
10 — 15 nm) throughout a sputtered depth of 300 Time. results using Ar cluster ions agree
with the conclusion in the VAMAS study that sampdeighening is related to a decline in the
sputtering yield? It is likely that sample rotation, sample coolamd grazing incidence angle
will also prove advantageous for Ar cluster ioneeTuse of Ar clusters provides a promising
route for the development of organic depth profilimlongside these existing efforts using
Cso", and it is important that further fundamental axgerimental studies on a wider range
of samples are carried out alongside developmentisecion source and instrumentation, in

order to fully realise the potential of this emegtechnology.
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Chapter 9 — Conclusions and suggestions for futuneork

The studies described in this thesis contributeatow the goal of tackling the growing
measurement requirements of surfaces and interfacésdustry, by resolving three key
challenges that are often encountered in the palcéinalysis of such samples using ToF-

SIMS.

This work successfully identified a number of topgghic field effects in ToF-SIMS and
evaluated several promising approaches for theiluateon, from optimising available
instrumental parameters to alterative sample mogntnethods. This is shown to be
extremely beneficial in extending the measuremapabilities of ToF-SIMS. Inevitably, not
all topographic effects can be eliminated, and t¢hallenge remains for many real-life
samples where alternative mounting is not feasibls. clear that the development of ToF-
SIMS analysers has lagged behind other developnsemsts as high performance primary ion
beams and growing industrial applications. Improwestrument and mass spectrometer
designs for topographic samples are absolutelyiarta enable the application of ToF-SIMS

to a wider range of samples.

In dealing with the large volumes of data generdtgdmodern ToF-SIMS instruments,
multivariate methods have been demonstrated tatmessful in extracting relevant chemical
information with minimal analyst input. The mainatlenge is in the interpretation of the
multivariate results and this requires extensivéeustanding of both the multivariate methods
as well as the nature of ToF-SIMS data. The stutiiee provide guidance and clear
examples on a number of important aspects including choice of method, data
preprocessing and interpretation of results. Howet® multivariate methods to be a
widespread tool for ToF-SIMS analyses, a numbasafes, both fundamental and practical,
will need resolution. Multivariate methods needlb® made more robust to instrumental
influences such as the non-linear nature of ToFSta, whilst more efficient algorithms
are urgently needed due to the significant compuoemory constraints which do not allow

the whole raw data set to be analysed without Bgmt binning and peak selection. The
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development of advanced informatics methods forgierimass spectra, which utilise recent
progress in the exploding field of —omics (e.g.tpomics and metabolomics), would also

bring considerable benefits to the ToF-SIMS comryuni

Finally, the preliminary study on organic depthfpmag using argon cluster ions has helped
launch the acceptance of the technology, whiclow widely recognised as the way forward
as attested by a number of instrument manufactuleveloping commercial argon cluster
guns. Data from these new instruments strongly auppe conclusion that argon clusters
give superior results to ¢& Further research is essential to develop the alogly and
applications, including to elucidate the mechan@nsputtering, evaluate a wider range of
organic materials, characterise the extent of demagd the ultimate depth resolution
achievable, explore their application for low fragmmation surface mass spectrometry and
investigate the use of argon clusters in combinatidh other improvements such as sample
rotation, cooling and nitric oxide radical scavengto achieve the best performance. With
these developments, argon cluster ions have thitirgxainique promise of 3D chemical
imaging for organic materials with nanometre regoty which will revolutionise product

innovation and research for many industries.
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