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This paper details the development of two partern recognition approaches—meodified target factor analysis (TFA)
and artificial neural netwerk analysis—applied to Auger electron spectra for precise discrimination of thin-film
TiN, compound composition. Use of Auger electron spectroscopy for the analysis of titanium nitride films offers
advantages over other spectroscopic methods in its ability to analyze either blanket-deposited films or submicron
features on patterned wafers and its speed of sample preparation and spectral processing. However, severe overlap
of the charactertstic Ti LMM and N KLL transitions between 380 and 390 eV prohibit direct stoichiometry
messurement. Modified TFA and muitilayer perceptron (VILP) neural network approaches are applied to the task
of discriminating TiN_ stoichiometries to within 2% of 2 nominal 1:1 compesition. The modified TFA procedure
succeeded in accurate prediction of AES spectra TiN_ stoichiometries in five of six sample groupings. The MLP
peural aetwork approach accurately predicted stoichiometries for all samples with reduced sample variance over
stapdard snalytical methods. This work combined AES and neural network technologies to improve significantly

the precision of the stoichiometric composition recognition capability for TiN, compounds.

INTRODUCTION

This paper details work performed in the development
of pattern recognition procedures applied to the precise
discrimination of chemical stoichiometrics of thin-film
titanium nitride (TiN,) compounds via two methods of
mathsmatical decomposition of Auger ¢lectron spectra:
multivariate linear target factor and artificial neural
network analyses. Auger electron spectroscopy (AES)
offers the advantage over other spectroscopic methods
such as x-ray photoelectron spectroscopy (XPS) and
Rutherford backscattering spectrometry (RBS) in the
analysis of titanium nitride films in its ability to analyze
either blank-deposited films or submicron features on

- patterned wafers. In addition, the sample preparation

and spectral data processing time of Auger electron
specira can be much less than other spectroscopic
methods.! The precision of AES is anticipated to be suf-
ficient to enable discrimination of stoichiometries to
within 0.5 at.% concentration differences.’

The principal difficulty arising in the use of AES for
TiN, stoichiometry discrimination is the appearance of
major overlap of the characteristic Ti LMM and N
KLL transitions between 380 and 390 eV. Because the
individual spectra cannot be measured directly, pattern
recognition techniques for discrimination of atomic
concentrations of Ti and N are required.

- To date, published AES pattern recognition studies®-?
have had success in compound concentration discrimi-
nation by utilizing targeted factor analysis (TFA)
methods developed by Malinowski and Howery.*

Stickel, Watson and Diebold's® findings show Ti and
N peak separation and accurate relative concentration

* Author to whom correspondence should be addressed.
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discrimination between TiN, samples whose atomic
concentration span +20 at.%. Our study sought to
extend their results in yielding accurate discrimination
capability for TiN_ stoichiometries that vary from a
nominal TiN, 1:1 composition by 1.5-2.0%, with a
between-sample discrimination capability of 0.5%,
matching the anticipated precision of the Aunger spectra
measurement.

This report details the results in model development
and employment of statistical and artificial neural
network pattern recognition techniques that satisfy the
TiN, concentration problem discrimination require-
ments. In addition to current resuits for the TiN, study,
the applicability of these techniques to increased
requirements in the precision of discrimination in other
areas of spectroscopy is discussed.

BACEGROUND

The structure and composition of TiN, films are known
to affect their electrical resistance and effectiveness as
diffusion barriers between aluminum and silicon in
ULSI integrated circuits. X-ray photoelectron spectros-
copy {XPS) can be used to measure titanium nitride
stoichiometries relative to a standard material using the
statistical comparison of Ti 2p and N 1s peak area
ratios.! This method has besn shown to discriminate
between samples within £0.5% relative concentratod
differences in the Ti:N ratio, with relative concentra-
tion standard deviations measured in the range 0.4-
1.0% when care is taken to produce highly reprodu:::ible .
data. This corresponds to being able to measure differ-
ences of £ 0.5 at.% concentration. .

While precise, the XPS-based procedure has inherent
drawbacks that hamper its use as a time- and labor-
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eflicient composition Measurement procadure, The
analysis area in XPS for high-sensitivity concentration
measurements js .2 therefore

parison.! Recent advances in XPS hardware and data

Auger electron Spectroscopy measursments were
expected to be equally seasitive to the precision capabil-
ities of the Stoichlometry discrimination of XPS, with
the added ability of being applied 1o small features op
patterned wafers. In addition material preparation and
data collection times are signiﬁcanrly reduced, owing to
the smaller area to he cleaned of surface contamination
and the ability to increase easily the excitation species
dux to ~1 h per sample. The actuaj mathematical com-
putation of the reiative Ti:N concentration composi-
tion of unknown samples is a matter of minutes, given
the solution to the Paitern  recogniticn problem
addressed in this Paper. The challenge in developing
accurate patter Tecognition algorithms for determi-
nation of TiN, stoichiometry using AES is the severely
overlapped characteristic peaks of the Ti LMM and N
KLL intensity specirum profiles (Fig, 1), precluding the
use of spectral peak area Comparison methods for com-
posttion discrimination, as can be done using XPS.

Gaarenstroom? investigated the yge of pattern
ecognition applied to poly(alkyf)methy]acrylate com-
pound decomposition using a TFA procedure, Using

lizing derivarive ransiorms of raw dagy to the TiN,
stoichiometry discrimination problem. They were able
to predict accurately the relative compositions of TiN,
samples that varied sample to sample by +5%. The
supervision in their TEPort was done by using assumed
known Ti and N concesntrations obraineg via Ruther-
ford backscarterin £ Spectzoscopy (RBS),

The TIN, discrimination problem discussed herein
differs from that reported by Stickle, Watson and
Diebold in the utility of XPS-dett’:n‘nincd Ti:N relative
concentration values as the assumed ‘known’ target
concantration. X-ray photoelectron spectroscopy was
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Figure 1. Auger alectron specirum of z TiN, fitm. The character.
istic N XKLL peak appears at - 380 eV. The three major Ti LMM
peaks appear a1 ~ 385, 420 and 450 eV,

utilized because of jts increased discrimination capa
of XPS over RBS in relative Concentryy
determinations 2nd becuuse it is available in gy, lab
atory. As a consequence, it js intended thay the betwe
sample stoichiometry discriminatign -Capahility ..
Auger methods Wwiil be increased by one order of mag
tude (to +0.5% ag compared to +5%).

Given the very high precision required for stoichig,
©try prediction in the +0.5% atomic concentration 4
crimination range, it was found that the standard Tf

in sample placement with Iespect to the electroq enerp
analyzer. These placement differencas fesulted ip shif;
in the absolute magnitude of the collected spectr;

by the linear TF A model. The modified TFA Procadur,
successfully vielded predicted Ti:N atomic Concentry
tion ratios that WeTe not significantly different ip Value:
and variance from tha predictions obtained using XPS
of the same samples for the majority of sampieg
analyzed, AR

The remaining lack-of-§¢ component using the TFA
procedure was assumed ‘1o be due to nou-linearity of e
data system, either ‘because of the physical data collec-

tion procsdure or-‘because of other unknown chemijca]

factors to which AES'is sensitive,

A multilaver perceptron (MLP) was constructed and
applied to the Auger TiN_ data as 2 second approach to
developing 2 prediction model, given the neural
network’s ability to learn non-linear mapping and gen-
eralize pattern learning in the presence of noise. Neural
networks have been used extensively in recent years to
address chemicg] decomposition and general spectro-
Scopic analysis problems.5-1°0 Analysis resuits ip this
work for training and testing of a back-propagation
MLP vielded a predictive mode] capabie of assessing Ti

and N atomic cogesr trations to within 0.5, atomic
concentration for dgta collected using a single spectro-

For purposes of more extensive MLP petwork vali-
dation, additional AES samples were collected,
although from the Same instrument with g different efec-
iron energy analyzer. Data from al samples were used
to recompute a TFA model. The modified TFA pro-
cedure was not apje to estimate accurately the Ti:-N
ratios owing to a significant bctwecn-spectromcter shift
effect. The MLP, however, learned the training set well
{average sample ratio estimated error = 0.10%) predict-
ed the test set sample ratios to within {5 % error on the
average. These results suggest that the neural network
approach to AES stoichiometry decomposition s a feas-
tble avenue of analysis to pursue, given the network’s
ability to learn complex, non-linear mappings.

—_—
PROBLEM DESCRIPTION
—— TR

We sought to develop a Pattern recognition too] that
could discriminate TiN, stoichiometry to within +0.5%
atomic concentration for Ti and N'ip Auger electron
Spectra. In keeping with previous AES/TiN, analysis
results,? we approached the higher precision mode] in a
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similar fashion by proposing a multivariate linear
model, as follows

(D)o = [CloxalR]nzs (1)

where: [D] is an observed intensity data matrix of o
observation sets, each comprised of v =270 energy
measurement points; {C] is a concentration matrix of n
columns, each column representing the concentration of
each principal feature by o observation sample rows;
and [R] is a characteristic feature matrix of n rows,
_each row corresponding to a v length spectrum of the
nth principal féature.

Equation (1) decomposes an observed matrix [D] of
AES spectra into oxn column matrix [C], containing
the atomic concentrations of the n principal chemical
components of the system, and [R], a corresponding
row matrix of AES features, wherein the jth row rep-
reseats the AES feature .of the jth principal chemical
component.

We decompose the sample spectra observation matrix
[D] such that the rows of [R] correspond to the charac-
teristic AES spectra of titanium and nitrogen, respec-
tively. If such characteristic features are known, the
concentration vector elements can be calculated from
any ‘unknown' AES TiN, spectra.

We rewrite Egn (1) in matrix element form as

dij=g, Cix Tij (2)

whers dj; is the jth energy interval intensity measure of
the ith sample, ¢, is the kth chemical component con-
centration of the ith sample, and 7,; is the jth energy
interval standard intensity value of the kith chemical
component,

The representation Eqn (2) of € as a linear com-
bination of standard chemical feature vectors is
assumed in the TFA model,

Alternatively, a more general model can be con-
structed that is not constrained by the linear relation-
ship of Egn (2. An MLP was developed for the
AES/TiN, discrimination problem, having a general

Input Layer

Hidden Layer

model design as follows:

xk. -] = g(z xj. a Wi, np) (3)

"

where

xj. n "__f(z xl'. L wj. nm) . (4)

and: x, , is the pth node value of the k {output) layer,
corresponding to the x, nodes, which are the predicted
Ti or N atomic concentration values; x; . is the equiva-
lent mth node vaiue of the i (input) layer, corresponding
to the mth AES sample spectrum clement, x; , is the

* equivalent nth node value of the j (hidden) layer; w,_,, is

the weight coefficient between the nth and pth nodes of
the j (hidden) and & (output) layers, respectively
(subscript k identifies the destination layer); w; .., is the
equivalent weight between the i (input) and j (hidden)
layers; and f(z) and g(z) are functional transforms for
the hidden and output layers, respectively.

The incorporation of a second (hidden) layer in an
MLP construction {Fig. 2) enables solution of the non-
linear prediction problem.'! This ability to perform
non-linear mapping and the MLP’s ability to generalize
in the presence of non-random nuisance parameters
made it a logical analytical tool choice following
exhaustion of modification to the TFA based on under-
stood physical principles affecting TiN, stoichiometry.

EXPERIMENTAL

Samples

Six titanium nitride films of varying Ti: N stoichiometry
were prepared by reactive sputter deposition (Ti target,
N./Ar gas mixture) onto Si (100> substrates in an
MRC Eclipse system; for this paper, the films are
referred to as samples 1-6. Nitrogen partial pressure

Output Layer

Figure 2. Diagram of a multitayer perceptron (MLF) neural network showing input, hidden and output layers.
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Table 1. Summary of data collection by sample stoichiometry

TN Ti:M
Sampis Na. of ratio atomic
no. repetitions from XPS toncantration®
1 10 1.057 0.514:0.486
2 10 1.065 0.516:0.484
3 10 1.585 0.615:0.385
4 10 0.973 0.493:0.507
5 10 1.000 0.500:0.500
{ref.) (assigned)
6 5 1.002 0.501:0.499
After anaiyzer change
7 5 D.931 0.485:0.505
8 5 0.830 0.482:0.518
9 5 0.814 0.477:0.523
10 5 0.951 0.487:0.513

* Calcufated from Ti/N ratio by assuming that only Ti and N are
prasant within film.

and substrate bias were varied in order to produce films
with 2 range of TiN_ composition. One film (sample 5)
was designated as ‘standard’ and assigned a Ti: N stoi-
chiometry of 1.00. At a later date, four additional TiN,
films were prepared, also by reactive sputter deposition,
using conditions that would produce films showing
nitrogen earichmernt (Ti:N < 1.00). These films are
referred to as samples 7-10.

Individual pieces, 25 mm x 25 mm in size, were
cleaved from the center of each wafer for analysis. The
pieces were glued onto stainless-steel (316L) sample
holders using colloidal silver paint and allowed to dry
for 2 minimum of 2 h prior to analysis.

Instrumentation

All data were coliected using 2 VG Scientific Microlab
Mk III siectron spectroscopy system (~ 1987), squipped
as follows:

Electron energy analyzer: hemispherical sector (150%),
150 mm radius, with three parallel detectors (version
1) or five parallel detectors (version 2) and a focusing
transfer lens,

Electron source: LaB,.

Electron optical column: dual electromagnetic lenses.

X-ray source: dual anode {Mg, Al}; nc monochro-
mator.

Jon sputtering gun: noble gas, differentially pumped;
electron impact source; single electrostatic lens, ras-
terable.

Vacuum system pressure: <1 x 107° mbar during
data collection; ~8 x 10”7 mbar during sputter
cleaning.

Between the time when data were collected from sam-
ples -6 and from samples 7-10, the electron energy
analyzer was replaced. The only difference betweer
analyzer configurations was an increase in the number
of parallel detectors from three (version 1) to five
{version 2). This analyzer replacement should affect the
absolute magnitude of individual spectra, owing to the
increased electron detection. Other changes in spectra
due to differences in transmission function should be
Mminor.

Reference composition—XPS measurements

Quantitative comparison of the ‘unknown’ film com.
positions, with respect to the ‘standard’ film, was mad;
wasing XPS. Details-of e precsdurs-2re presented elge
where;! a summary of the procedure is given below:

(1) remove surface contamination and native oxid
using ion sputtering (no evidence of O Is or C 1.
peaks in spectra);

{2) record Ti 2p and N s regions 10 times, as dat:
pairs;

(3) calculate areas of Ti 2p and N 1s photoelectror
peaks after Shirley background subtraction frop
each spectrum in the data pair;

{4) calculate Ti 2p/N s ratios for each data pair;

(5) normalize the Ti 2p/N Is ratio to the assigned stan.
dard’ film;

(6) perform Student's t-test to determine whether a sig
nificant difference in composition exists betwesr
samples.

The XPS data c_oIlcction parameters are as follows:

Electron energy analyzer: mode, CAE: pas
energy = 10 ¢V, acceptance angle = 22°; emissio;
angle = 30°.

X-ray source: type, Mg Kaz; power = 300 W; inciden
angle = 30°.

Ton sputtering gun: gas, Ar; 5 x 107° mbar in ioniza
tion chamber; energy = 3.0 keV; current = 250 nA
raster = 10 mm x 10 mm, 10 frames per second.

. The results of this analysis, yielding nominal, relative
Ti:N composition, are given in Table 1. While possibly
not representative of the absolute composition of the
individual TiN, films, it is believed that these values are
an accurate indication of their relative composition.

Composition recognition via AES

Anger electron spectroscopy was performed on the
same samples as used for the XPS measurements. Date
were collected immediately after completion of the XPS
experiments so that the sample surface was still free o
contamination and/or oxidation; cleanliness was veri
fied by collecting wide-energy-range (202000 ¢V) Auges
electron spectra from each sample surface. The follow-
ing AES data collection conditions were employed tc
produce spectra for this work:

Electron energy analyzer: mode, CRR = 10; accep
tance angle = 22°; nominal emission angle = 30°.

Incident electron beam: energy = 10 keV
current = 250 nA; angle = 30°; no raster during dat:
collection; spot size ~2000 A.

Spectral range: start energy = 340.00 eV; enc
energy = 475.00 ¢V; increment = 0.50 eV; dwell time
increment = [0 ms; spectra averaging = 10 scans.

Spectra were collected at different positions on eact
sample to enable estimation of within-sample variance
The number of repetitions is indicated in Table !. #
total of 55 spectra were collected from samples 1-6 anc
20 from samples 7-10, yielding a total of 75 spectra foi
the data analysis,
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DATA PREPROCESSING

Data preprocessing was designed to achieve data com-
pression and noise reduction, as well as to highlight
data features in such a way as to facilitate recognition
by an analysis tool. Initial investigation of composition
prediction of TiN, Auger electron spectra utilized data
preprocessing in the form of the fast Fourier transiorm
(FFT) of each 270 clement spectrum sample. The FFT
serves both to reduce the input vector size from 270
intensity readings per spectrum to 20-35 Fourier coeffi-
cients with adequate stoichiometric information for
pattern discrimination, while concurrently reducing
noise. '

In addition, for the hnear model description of the
TiN, prediction probiem, the concentration matrix {C]
can be shown to be invariant under the FFT.

The FFT is defined as

l 1
fi== 3 d;exp(—iwj) (5)
v <o
and
v=1
d; = Zof, exp(—iw, j) {6)
=

where f, is the rth Fourier coefficieat, v is the total
number of original varizble observations per data set,
d; is the jth original data set variable -observation,
i=./—1, w, is the frequency (2II f/v) and j is the
sequence number of variable observations within each
spectrum.

Bloomfield !* shows superposability for the FFT

d;=y;+z=fo =1t Lo 0

Assigning y; = ¢,ry; and z; = Cars;
dy=cyry;+ cara;=fo:=Loir, +errn (&
We sae the FFT eguality in terms of an input spectrum

vector 4 of variable length j in the TiN, model m Egn
(1). Furthermore

yi* = ay; =>j;‘_,
v—1
== 3 ay;exp(—iwj)
D i=0

=daf, . %)
It follows that
d;=cyr;+ Cz":.,i:’frz.r

=G + Ca e, (10)

L8 ¥

In martrix notation

[Fol = [Cl[Fal {11
where [F,] are the FFT coefficients of [} and [FR]
are the FFT coefficients of [R]. This shows the concen-
tration matrix [C] to be invariant under the FFT.

No initial spectrum variable normalization (i.e.
variance stabilization or mean adjustment) was per-
formed for any of the analyses presented in this work.
While variance stabilization is common for data in
which different variable measurements come from
widely differing parent populations, it is not necessarily
desired for chemometric application where loss of infor-

mation of the relative lengths of the component axes
may in fact damp features® For the AES spectra
analyzed here, the samples were expected to vary in
intensity primarily in the Ti- and N-sensitive energy
range (i.e. 380-390 eV} with variation observed in other
ranges due principally to random error. Stabilization of
varjances in this case where required precision
approaches the level of noise would effectively mask the
desired stoichiometric patterns.

TARGET FACTOR ANALYSIS

Method

In TFA we seek to decompose the observation matrix
[D] into a concentration matrix [C],,, and a character-
istic feature spectra matrix [R],,,, which corresponds
to the concentrations and characteristic spsctra of Ti
and N for a given sample.

To accomplish this, the covariance matrix
{Z] = [DI'[D] is constructed. The notation {D] rep-
resenis the oxp raw or transposed data matrix to be
decomposed. The matrix [Z] can be diagonalized by
identifying an orthogonal matrix, { @], such that

[0]17'[Z1[Q] = [Ad;] = [4] (12)

where the 4, arc the set of eigenvalues of [O] and dj; the
Kronecker Delta function. The columns of [Q] rep-
resent the eigenvectors of [Z]. Malinowski* derives the
following relationships between [Q] and the matrices

[R] 2nd [C] |
[o1" = [R] )
(2101 = [C] (14

The eigenvectors @, of [Z] are orthogonal and n (the
number of eigenvectors) equals the rank of [Z] (which
is generally the minimum of v = number of variables or
o = number of observations, owing to the presence of
experimental error). For illustration, we assume v <o
throughout the remainder of this section.

It is required to show that the system of equations is
adequately represented by only n' = 2 dimensions, cor-
responding to Ti and N components of the spectra.

The procedures used to determine n’, the dimensions
of the system that explain variance in the data points
not attributed to experimental error, center on use of
eigenvalues, For [Z] representing a covariance matrix,
the corresponding eigenvector @, represents the relative
magnitude of error explained by {, to the total variance
v; (A1) x 100 = per cent of total variance explained by
Q,. Consequently, the larger 4, the more important its
corresponding eigenvector as a dimension in explaining
svstem variance.

Dimension reduction is achieved by only including
‘significant’ eigenvectors in the reconstruction of the
data matrix [D]. Assuming the @, vectors are ordered 1,
2, ..., v by decreasing magnitudes of their correspond-
ing A, values, decision rules for inclusion of the n’ largest
eigenvectors are employed and the reduced dimension
[D**] matrix is computed

{D+ +]n_w = [C+ +]axﬂ£R * +]n'xv (15)
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This dimension - #"<v is acceptable when
[AD] = [D] ~ [D**] represents error equivalent to an
estimate of experimental error,

Principal component analysis (PCA) is utilized to
perform the orthogonal decomposition of [D] and
determination of the eigenvector matrix [Q]. We refer
the reader to Ref. 14 for a comprehensive description of
the PCA procedure. For our application, a simple Scree
chart'® of percentage variance explained by eigenvalue
order was sufficient to determine the dimension beyond
which the plot leveled to a percentage varance attrib-
uted to experimental error alone. The order of the
eigenvalue prior to the leveling out of the variance rep-
reseats the »' value,

The decomposition of [D**] into orthogonal prin-
cipal-component matrices [C**] and [R**] does not
ensure that the columns of {C* *] represent the Ti and
N atomic concentrations, respectfully, for the o sample
rows; nor does it ensure that the rows of [R* *7 corre-
spond to the characteristic features of Ti and N, respec-
tively. In fact, given the high degree of overlap at ~387
¢V, Ti and N components indicate a strong correlation
rather than orthogonality of dimensions. Consequently,
an oblique rotation of the [R**} and [C**] matrices
is required that will match that of the natural system.

Malinowski details a least-squares approach to iden-
tifying a transformation matrix [ 7]

o™ *]=({C " ITTI 'R ")) (16}
[D7 7] = ([CocaM[Recar]) )

where [C,..1] is the column matrix of Ti and N atomic
concentrations and [R,_,,] is the row matrix of Ti and
N characteristic AES features, )

A matrix [C, ], comprised of the known Ti and N
atomic concentrations for the samples, is vsed in the
mode! training. For alt analysis the [C,, ] matrix of
known sample composition coefficients is obtained from
analyses of XPS spectra obtained for each of the train-
ing samples.

Analysis results

An initial FFT of the 55 sample spectra indicates that
20-30 FFT coefficients are sufficient to recreate the
original spectra accurately. This is shown in Fig. 3,
where the rate of change of absolute magnitude of FFT
coefficients drops noticeably after 20. The following
TFA set of results was obtained with reduced data con-
sisting of the first 30 FFT coefficients per sample. All
analysis utilized the 55 observation spectra described in
Table 1.

The PCA analysis was performed with no variable
variance stabilization or mean adjustment, ie. the data
covariance matrix was used for matrix decomposition.
The PCA percentage variance explained by eigenvector
results (Table 2) indicates that the data system of equa-
tions is accurately defined by the first one or two prin-
cipal components, with >99.9% variance explained,

The TFA results (Table 3) indicate low average error
values of the TFA-predicted Ti/N ratios compared to
the given XPS seed ratios, but sufficient lack of fit exists
to warrant a re-evaluation of the basic linear mode!

. assumption and/or source of estimation error.

Amplitude

750000
500000
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. .Ar Fon WY f\_vnh_i—-_‘_A-T—‘ﬁ—--*-'-v‘ﬁ—'w' Freguen
¥ Y200 30 40 50 60 qency

Figure 3. Representation of the first 60 fast fourier transform
(FFT) coefficients of the original AES spectrum of 270 paints by
energy.

Examination of the original data spectra reveals a
between-sample intensity-scale ‘shift that cannot be
attributed to random error or to the difference in Ti: N
concentration. For example, Fig. 4 displays 19 Auger

Table 2. Principal component analysis—no variance stabiliza-
tion transform

Principal
component Cumulative % vanance
no, Eigenvalus oxplained
1 3.012 x10"2 99,595
2 1.190 x 10° 99,999
3 15034714 100.000
4 7277168 100.000

Table 3. Target factor analysis results for
predicting Ti/N composition ratie:
Do variance stabilization trans-

form
Sample XPs TFAJAES
no, sovd valus predicted value % Emror
1 1.057 1.087 +2.84
2 1.065 1.083 +1.69
3 1.595 1.570 -1.57
4 0.973 0.967 -0.62
5 1.000 0.975 -247
6 1.002 1015 +1.30
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Intensity
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Figure 4. Raw data AES spectra of tiwee samples with the
batwesn-sample ‘shift’ effect far exceeding more subtie peak
shape changes due to film stoichiometry. The shifting effect is
uncorrelated with Ti/N component magnitude and assumed to bae
a function of the data collection procedure.

electron spectra obtained from three samples (samples
2.3 and 3). The XPS-generated Ti/N ratios are effec-
tively no different between samples, yet a visual shift
exists in the spectra. This nuisance variation was
hypothesized to be due to the difference in exact posi-
tioning of a sample at the focal point of the electron
energy analyzer input lens, causing multiplicative shift-
ing of intensity values between samples. This only
occurs when samples are changed, hence the good preci-
sion for data collected for a single sample run. The rela-
tive intensity value differences within any sample
spectra are preserved between samples of like Ti:N
concentration ratios under this model. !

We capture the concept of a scaling effect between
samples

dij = ,:Z,IK:{CH "u) (18)

where d;; is the jth observation of the ith sample spec-
trum, i=1,...,0j=1...,0n is the number of signifi-
cant dimensions and K is the scalar specific on the ith
sample.

The basic assumption here is that K, does not affect
the relative intensities recorded from one clectron
energy level to another, thereby preserving the concept
of standard Auger transition features in like materials.
Only the intensity slope from energy point to successive
point is impacted and such an effect (k) is constant
throughout any given spectrum.

Given this ‘scale’ model as defined in Eqn (18), the
PCA decomposed matrix, denoted {C*] for two signifi-
cant dimensions or factors, is now represented by
Keyy
Kzeyy Kicza

K¢y
[C*] = (19

Kocor Kooz

where ¢, is the concentration of the Ith principle com-
ponent of the ith sample.

It is no longer appropriate to target transform {C*]
to the XPS-seeded matrix, where ¢;; + ¢;; = 1 for all i
The relation that holds instead is the relative concentra-
tion of the first column element of [C*] to the second
column element

———'—~——-=—:- (20)

Consequently, the sum-of-squares expression involved
in the target procedure minimization is of the form

0
Z [Ratio{X PS); — Ratio(C*T);)* (21)
i=1
where
Ratio(X PS), = ==
C:ccd:z

K{caty; + €12ty
K{cytay + €iztas)

Ratio{C*T), =

Minimization of expression (21) with respect to the
four elements of (T) no longer has a closed form solu-
tion. A random initial value search procedurc employ-
ing a steepest descent algorithm to locate a global
minimum was performed. The resulting TFA percentage
deviations of the predicted atomic concentration ratios
from XPS-seed ratios are given in Table 4 along with an
associated two-sided Student’s t-hypothesis-test for
equality. At a = 0.05 {i.e. to 95% confidence), the pre-
dicted ratio is not significantly different from the XPS-
seed ratio for all but one sample (sample 5), whose P
value is 0.008.

Table 4. Target factor analysis results for predicting TifN
composition ratios: scalar shift medification

applied
Ti/N cormposition ratio
TFAJAES P unlue far twa-sided
Sample XPS preditted t-tost Hy"
no. seed value value % Ervor {TifN g = TN og}
1 1.057 1.064 +0.66 0.07
2 1.065 1.061 -0.38 0.57
K| 1.598 1.593 -0.13 0.84
4 0.973 0.981 +0.82 0.52
5 1.000 0.987 -1.30 0.008
6 1.002 1.013 +1.10 0.07

a probability. calculated under the null distribution, of obtain-
ing a test result as extreme as that cbserved in the sample. A
high P value {e.g. P > 0.05) supports failure to reject H,.
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Discussion

The TFA method yields the marginal predictive capa-
bility of the Ti/N atomic concentration ratio from FFT
AES spectra when 2 scaling modification is employed.
In five of six sampies, the AES-based predicted Ti/N
ratios were not statistically different than XPS-
measured ratios for a = 0.05. The borderline fit for the
remaining sample using this modified TFA model does
not appear to be due to additional factors larger than
two that are unaccounted for, given the >99.9% cumu-
jative variance explained by the first two principal com-
ponents. It is more likely that the basic model

. assumption of linearity is not sufficient within the very

precisc Ti/N relative concentration window of interest.
Knowledge of variation in sample positioning during
data collection suggested the scaling modification that
resulted in an average 39% reduction in absolute devi-
ation between seed and predicted values, However,
additional physical causes for system non-linearity are
unknown and no readily apparent transforms are sug-
gested from residual analysis to improve the fit.

NEURAL NETWORK ANALYSIS

Method

In the face of a potentially non-linear model and a strin-
gent concentration precision requirement of +0.5%
atomic concentration, an artificial nearal network
approach was implemented. Among the reported
strengths of this approach are a network’s ability to
converge to correct prediction or classification estimates
in the presence of highly pon-linear relationships
between input and output information and effectively
flter noise or non-essential nuisance effects present in
the data sample. The apparent shifting of Auger elec-
tron spectra between samples (Fig. 4), which was attrib-
uted to the data collection methods, could be filtered as
non-essential by a correctly designed neural network.

“The MLP used in this study is a two-layer feed-
forward neural metwork (Fig. 2) that takes as input an
information vector and utilizes a network of weights
and hidden nodes to compute, forward fashion, an
output prediction vector. Back propagation refers to the
method by which the feed-forward network is ‘trained’
to map input to output vectors and is widely attributed
to Rumelhart,’® with a similar algorithm having been
introduced by Packer.!” During training, the network
computes a prediction vector. The output prediction
vector is compared to the ‘known’ output and an error
metric is computed. A steepest descent gradient is com-
puted, which indicates how the weight structures should
change in order to minimize the total error. This
descent gradient information is ‘back propagated’ to the
weighting structures at both the input and hidden layers
and the weights modified accordingly.

The MLP is an extension of the single-layer percep-
tron first introduced by Rosenblatt in 1958.2° The
single-layer discrete network can be shown to converge
upon a correct training solution when the pattern
classes are linearly separable. The MLP can, on the

other hand, implement arbitrary complex (non-linear)
input/output mappings 107 sepiracoy ciasses,

For the feed-forward MLP utilized to predict the
Ti/N relative atomic concc‘qgratiqn ratio, two layers
were constructed consisting of a 20 n0d¢ mput vector of
FFT cocfficients from the spectra, a 10 node hidden
layer and a single-node output value of the Ti:N com-
position ratio. Each layer is fully intecconnected to the
successive layer via a weight structure. The value of a
hidden node x; , is the hyperbolic tangent transform of
the inner product of the input vector X; and connecting
weight vector W)

Xjon =f( 3£ Xiom W), mu) (22)

m=1
for
_ e+: + e—:
T} = i
j( ) ,E+: —_ e—z (‘-3)

Similarly, the output prediction ratio is the hyperbolic
tangent of the inner product of X; and W

X =1 ( A;xj. " Wi, nl) 24

During training of this supervised network, the global
error between the network computed Ti/N ratio and
X PS-seaded ratio is computed for a given input vector.
In the case of a single output node, the global error Eis
simply half of the squared difference between known
and predicted ratios. Back-propagation of error is
achieved by computing the gradient of the total error
with respect to the weights wy ,; and adjusting the
weight proportionaily in the direction of the steepest
error descent. The error gradient with respect fo the
wy, , values is accomplished by application of the chain
rule as follows

J8E _( oE Ox, ({:Jirzer,:'i 25)
6wk.,,1_ 9%, 1/ \Onety 1J\ 0w nt -

40
nett_ 1 = Zl(xJ-' ,, wk, ,,j_) (26)

for

and 2!l other terms defined as in Eqn (3). By similar
application of the chain rule, the weights w; ,, ar¢
updated in the direction of steepest global error descent
using the generalized delta rule. The specific rule used
to train the petwork in this study is a modification of
the generalized delta rule called the Extended Delta Bar
Delta (EDBD) algorithm.!® The EDBD algorithm uti-
lizes heuristic rules by which a learning coefficient (a
coefficient that dictates the size of the step taken along
the path of steepest descent) and momentum term (a
weight change that is proportional to the previous
weight change) are adjusted to accomplish faster con-
vergence. For more comprehensive discussion of MLP,
back-propagation algorithms or EDBD algorithms, the
reader is directed to Zurada,?® Schalkoff*! or Mina
and Williams.!® Following back-propagation of €rro!
and weight update, the network is then presented with
another input vector and the entire process repeats unti!
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the network converges to within the required precision
of the global error.

Results

The first 30 FFT coeflicients per spectrum for 45 of the
55 sample spectra described in Table 4 were used to
train the ML P back-propagation network. The remain-
ing 10 spectra were used to test the network. The
network was trained for a total of 27000 input presen-
tations. The plot of presentation cycle number versus
root-mean-square error of the predicted vs. supervised
output ratio is shown in Fig. 5.

Table 5 lists the Ti/N atomic concentration ratios
predicted by the network along with percentage error
from associated XPS-seed ratio values for the train and
test sets. Results of two-sided t-tests comparing the
network-predicted sample means to the XPS-analyzed
sample mean yield no significant difference between
means for any sample types, with both train and test
group P values >0.50. The large P values strongly
support the failure to reject a null hypothesis of Ti/N
mean equality. -

The sample variance of the within-sample group
MLP predicted ratios for all six sample groups was not
significantly larger than the XPS ratio sample variances.
The null hypothesis H, [o®nn (AES) € o7y (XPS)]
could not be rejected, with all sample test P values
=>0.65. -

Owing to the relatively small number of different
sample materials used in the above analyses, 20 addi-
tional spectra collected using the same spectrometer
after the electron energy analyzer had been changed
from .one with three parallel detectors to one with five
parallel detectors (see Experimental section). The 20
spectra consisted of five repetitions, each of four
samples; the XPS-estimated Ti/N ratios are shown in
Table 1 for the samples, referred to as samples 7-10.
Figure 6 shows clearly the relatively large intensity shift
effect evident between spectra collected with the two dif-
ferent analyzers, reflecting the increased sensitivity of
the system with five parallel detectors. An equivalent
scalar transform is applied within subsequent TFA and
MLP analysis to minimize the impact of the non-linear
eficct on the AES spectra due to the analyzers,

Table S. Neural network Ti/N compesition ratio pre-

dicted values
Ti/N composition ratio
NN/AES P valua for

Sample XPS prodicted t-test H "

na. seed value veiue % Error (TN g = TifN, )
Training set .

2 1.065 1.065 0.000 >0.90

3 1.58% 1.595 0.000 >0.20

4 0.973 0.975 0.206 0.74

5 1.000 1.000 0.000 >0.90

6 1 .0_02 1.000 0.200 o7
Test sat

1 1.057 1.059 0.203 0.67

* A large P value supports failure to reject 4.

RMS Error

0.0035

0.003

0.0025

6.002

0.0015

0.001

0.0005

: L +— Training Cycle
5000 15000 25000

Figure 5. Plot of network training cycle versus root-mean-square
{RMS) error of the predicted versus supervised output Ti: N ratio
value for network trained using samples 2-6.

Intensity
250000
200000 Sample 7-10 {Spectrometer 2)
150000
100000
— Samples 1-6 (Spectromster 1}
. - Kinetic Energy / eV
360 400 440

Figure 8. Raw data AES spactra of 10 samples from two different
slectron energy analyzer configurations on the same instrument. A
significant intansity shift effect exists. Scalar transform partially
remaves the effect.
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Table 6. Target factor analysis results for predicting
TifN composition raties from data from twp
different energy analyzer configurations

TifN composition ratio

TRAAES P vatue for

Sernple XP3 predicted 1-tes1 M "
no. seed valua welug % Error TN,y = TifN, )

1 1.057 1.005 4.92 <Q.001
2 1.065 1.004 8.73 <0.01
3 1.585 1.566 1.82 0377
4 0.973 0.987 144 0.006
5 1.000 0.988 1.20 0.005
6 1.002 0.854 0.80 0.134

7 0.981 1.007 2.65 <0.001
8 0.830 0.994 6.88 <0.001
g 0914 0.881 842 <0.001
10 0.957 1.078 12.64 <0.001

* A large P value supponts failure to reject A

The modified TFA analysis was repeated using all 10
samples. Results of the two-sided r-tests comparing
TFA Ti/N ratio means to XPS sample means are dis.
played in Table 6. The percentage error betwesn the
TFA means and targeted XPS sezsd values is signifi-
cantly larger than that measured for the original, single
analyzer data, with eight of the 10 samples exhibiting
significantly different mean value differences. This indi-
cated that the scalar transform adjustment for the shift

effect was not sufficient to eliminate nuisance sources of.

non-linearity betwesn spectra. Table 7 includes the esti-
mated mean variances for all samples obtained from the
TFA analysis. With the exception of sample 3, all other
mean variances are within the range exhibited by the
XPS sample analyses,

A second MLP neural network was trained and
tested with the combined 10 sample data set, totaling 75
spectra. A scaling transform was applied to the raw
data spectra to heip mitigate the between-spectrometer
sampling shift. The transform was computed as follows

Xij = dyjay/d;; (27)

Table 7. Comparisan of sample variances of predicted Ti/N
ratios between TFA and neural petwork (NN}

analyses
Ti/N composition ratio estimated standard deviation
{P valye)*
Sample xes TRAJAES NN/AES
na. seed valus value value
1 0.047 0.006 (>0.50)  0.096 (0.04)
2 0.099 0.006 (>0.50)  0.035 (>0.50)
3 0.140 0.456 {<0.01) 0,035 (>0.50)
& 0.061 0.012 (>0.05)  0.025 (>0.50)
5 0.051 0.007 (>0.50)  0.047 (>0.50)
6 0.051 0.003 (>0.50)  0.101 {0.05)
i 0.051 0.005 (>0.50)  0.019 (>0.50)
g 0.050 0.010 (>0.50)  0.028 (>0.50)
9 0.043 0.008 (>0.50) 0.037 (>0.50)
10 0.058 0.065 {0.42) 0.023 (>0.50)

*P vaiues listed are F test results for
Ties € Ores- £ values < 0.05 indicar
diminish the Ti/N estimate by AES aver XPS.

the null hypothesis #,, :
e a failure to match or

—_ B S
Table 8. Neural network training and test set resules of Ti/N
--«cOmposition sxtie pradicticn
TifN compasition ratia
Auger P wF valus for
Sarnple XPS predicted ttost H 8
na. seed valus valus % Emor ('r.mm ..'r,m‘“)
Training set
2 1.065 1.064 0.08 >0.90
3 1.595 1.885 0.00 >0.90
4 0.8973 0.974 0.10 >0.90
s 1.000 0.289 .10 0.88
7 0.981 0.98t 0.00 0.85
] 0.914 0.918 0.44 0.42
10 0.957 0.857 0.00 0.88
Test set
1 1.057 1.024 312 <0.01
& 1.002 1,005 0.30 0.72
8 0.930 0.941 1.18 0.09

* A large £ value supports failure to reject H .

where d;; is the jth observation of the ith sample spec-
trumj=1,...,270 and i,..., 75).

The network consisted of an input layer of 30 F. ourier
coeflicients and a hidden layer of 10 nodes, pruned to
four. Hidden node removal {pruning) occurred when the
network training performance’ did not increase after
8000 presentations of the training set and the network
performance did not degrade by more than 25% when
the candidate node was disabled. This procedure -of
network performance stabilization followed by node
pruning continued until the remaining four hidden
nodes could not be disabled without network per-
formance falling below 75% accuracy. Pruning attempts
to minimize network complexity and is based on the
concept that a simpler network that does well on a
training set will generalize better and consequently
perform better on a test set. The final output layer con-
sisted of a single Ti/N ratio node, as before. The
network was trained for a total of 99000 input vector
presentations,

The network was trained using the EDBD algorithm,
as before, with a hyperbolic tangential transfer function
used for both the hidden and output layers.

Table 8 lists the results of the test and training sample
Ti/N ratio estimates. Only sample 1 of the test set
results in rejection of the null hypothesis of no differ-
ence between XPS and AES mean estimates, with an
error of 3.12%. The remaining nine samples (seven
training and two test samples) show no significant dif-
ferences. The mean variance estimates for this MLP
model are found in Table 7, with all sample P values
=0.04.

Discussion

Both of the MLP neural networks trained for this study
accurately predicted Ti and N atomic concentrations
for Auger spectra when XPS-analyzed spectra were
used as the seed or known concentrations. In addition,
the variance of the concentration estimates was gener-
ally smaller or not greater than that of the reported
XPS-based values. We note that the peura! petwork
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solution accommodated non-linear shift effects intro-
duced both within 2 single electron energy analyzer
data set as well as between analyzer samplings. The
marginal estimation of one test sample ratio by the
neural network would likely improve with availability
of additional training samples. The modified TFA pro-
cedure produced marginal results when faced with
between-sampie shifts on a single analyzer, but failed to
estimate accurately the Ti/N concentrations for samples
taken between two similar analyzers. Given these
results, the neural metwork models appear preferable
over the TFA procedure in being able to accommodate
suspected non-linear nuisance effects and yield consis-
tent and accurate Ti/N concentration predictions within
+0.5% atomic concentration precision.

CONCLUSION

This work sought to realize the logistic and analysis
tengfits of AES methods over other spectroscopy
methods by deveioping 2 data anaiysis method that
matched the stoichiometric discrimination precision

capabilities of XPS. A modified TFA approach was
developed and yielded, at best, marginaily comparable
results to standard XPS analysis of TIN, films.
However, an MLP analysis design applied to the AES
spectra was successful in both matching the discrimi-
nation capability of XPS analysis methods and yielding
estimated Ti/N ratio variance estimates that were not
larger or significantly smaller than those produced by
the XPS analysis methods for the majority of samples
analyzed. The improved performance of the MLP gver
the TFA pattern recognition systems is attributed to the
neural network’s ability to learn complex, non-linear
mappings.

From these results, we conclude that neural network
technology holds great promise for achieving precision
pattern recognition in other chemical spectroscopy
applications. Our work continues in the areas of
resolution of other spectral interference/overiap prob-
lems, such as chemical state separation in XPS data,
development of rapid and routine analyses packages for
complex spectral data sets and performing routine spec-
tral analysis and sample classification, such as particle
and defect identification using Auger electron and elec-
tron microprobe methods. -
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