7

A
METHOD FOR CORRECTI NG SPECTRAL’ DATA FOR DATA DUE TO THE SPECTRAL
MEASUREMENT PROCESS | TSELF AND ESTI MATI NG UNKNOWN PROPERTY AND/ OR
COVPES| TI‘O\I DATA OF A SAMPLE USI NG SUCHgd .

BACKGROUND OR_IHE | NVENTION , This inventjon relates, in i¥%s :
.aspect, to'gor- recting rreasured spectralldata of a nunber of sanpl es. —ﬁ%}cg
“the effects ‘of data ari si ng fromthe nmeasurenment process itself (ral’he

t han fromt he sarrpl e conponents). @@{’@%
' SPECTRAL DATA MEASUREMENT AND CORRECTION

This Sheet Has Been Replaced

HTEWAR

This invention relates, in its broadest aspect, to correcting

measured spectral data of a number of samples for the effects of data

4 arising from the measurement ._proce.ss"it.sel_f (rather than from the sample
components). However, it finds particular application to a method of
estimating unknown property andfer composition data of a sample,
incorporating steps to provide correction for such measurement process

_ spectral data. Examples of property and composition data are chemical”
. composition measurements (such as the concentration of individual
chemical components as, for example, benzene, toluene, xylene, or the

BAGKGROUND OF THE INVENTION ”“’I

concentrations of a class of compounds as, for example, paraffin}, physical
property measurements (such as density, index of refraction, hardness,
viscosity, flash point, pour point, vapor pressure), performance property
measurement (such as octane number, cetane number, combustlblhty)
and perception (smell/odor, color).

The infrared (12500 — 400 cm-!) spectrum of a substance
contains absorption features due to the molecular vibrations of the
constituent molecules. The absorptions arise from both fundamentals
(single quantum transitions occurring in the mid—infrared region from
4000 — 400 cm-!t) and combination bands and overtones (multiple quanta
transitions occurring in the mid— and the near—infrared region from
12500 — 4000 cm-t). The position (frequency or wavelength) of these
absorptions contain information as to the types of molecular structures
that are present in the material, and the intensity of the absorptions
contains information about the amounts of the molecular types that are
present. To use the information in the spectra for the purpose of
identifying and quantifying either components or properties requires that
a calibration be performed to establish the relationship between the the
absorbances and the component or property that is to be estimated. For
complex mixtures, where considerable overlap between the absorptions of
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(or wavelength) domain. This correlation allows these absorptions to be
mathematically distinguished from random spectral measurement noise
which shows no such correlation. The linear algebra computations which
separate the correlated absorbance signals from the spectral noise form
the basis for techniques such as Principal Components Regression (PCR)
and Partial Least Squares (PLS). As is well known, PCR is essentially
the analytical mathematical procedure of Principal Components Analysis
(PCA), followed by regression analysis. Reference is directed to "An
Introduction to Multivariate Calibration and Analysis", Analytical
Chemistry Vol. 59, No. 17, September, 1987, pages 1007 to 1017, for an
introduction to Multiple Linear Regression (MLR), PCR, and PLS

PCR and PLS have been used to estimate elemental and
chemical compositions and to a lesser extent physical or thermodynamic
properties of solids and liquids based on their mid— or near—infrared
spectra.  These methods involve: [1] the collection of mid— or
near—infrared spectra of a set of representative samples; {2] mathematical
treatment of the spectral data to extract the Principal Components or
latent variables (e.g. the correlated absorbance signals described above);
and [3] regression of these spectral variables against composition and/or
property data to build a multivariate model. The analysis of new
samples then involves the collection of their spectra, the decomposition of
the spectra in terms of the spectral variables, and the application of the
regression equation to calculate the composition/properties.

The mathematical/statistical treatment of spectral data using
PCR or PLS does not differentiate among possible sources of signals
which are correlated in the frequency domain. In particular, PCR and
PLS do not differentiate between signals arising from variations in sample
components and signals arising from variations in the spectral
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rel ation- ship BEMIEEARY ProMsor %&dﬁn&“g h%eaéﬁﬁg@ﬁ%tsl’ﬁ?tm’ common
measurement process signals include, but are not limited to, variations in
the spectral baseline due to changes in instrument performance or changes
in cell window iransmittance, and signals due to water vapor and/or
carbon dioxide in the spectrometer light path. These measurement
process signals can contribute to the Principal Components or latent
variables obtained by PCR or PLS, and may be correlated to the
composition/property data during the regression. The resultant
regression model will then be sensitive to variations in these measurement

process variables, and measured compositions or properties can be in
€rTor.

In addition to senmsitivity to measurement process signals,
methods based on PCR or PLS do not correct for variations in the overall
scaling of the spectral data. Such scaling variations can result from a
variety of factors including wvariations in cell pathlength due to
positioning of the cell in the spectrometer, and expansion or contraction
of the cell during use. For situations where the sample flows through the
cell during the measurement, variations in flow can also cause variations
in the scaling of the spectral data which are equivalent in effect to
variations in pathlength. PCR and PLS models require that spectral data
be scaled to a specified pathlength prior to analysis, thus requiring that
the pathlength be separately measured. The separate measurement of the
cell pathlength prior to the use of the cell in collection of the sampie
spectrum is not convenient or in some cases (e.g. for an on—line flow cell)
not possible, nor does such separate measurement necessarily account for
the sources of variation mentioned above. Errors in the measured
pathlength produce proportional errors in the composition/property data
estimated by PCR and PLS models.

SUMMARY OF THE INVENTION

The present invention addresses in particular the problem of how
to correct the measured spectral data of the calibration samples so that
the data is substantially insensitive to measurement process signals. In
general, the invention also seeks to provide a generally improved method
which estimates unknown property and/or compositional data of a sample
under consideration but which is essentially insensitive to spectral data
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estimation includes steps to effect the aforesaid correction for the
measurement process spectral data. The spectral data for n calibration
samples is quantified at f discrete frequencies to produce a matrix X (of
dimension f by n) of calibration data. The first step in the method’
involves producing a correction matrix Up of dimension f by m
comprising m digitized correction spectra at the discrete frequencies f the
correction spectra simulating data arising from the measurement process
itself. The other step involves orthoganalizing X with respect to Ug to
produce a corrected spectra matrix X whose spectra are orthogonal to all
the spectra in Us. Due to this orthogonality, the spectra in matrix X,
are statistically independent of spectra arising from the measurement
process itself. If (as would normally be the case) the samples are
calibration samples used to build a predictive model interrelating known
property and composition data of the n samples and their measured
spectra so that the model can be used to estimate unknown property
and/or composition data of a sample under consideration from its
measured spectrum, the estimated property and/or composition data will
be unaffected by the measurement process itself. In particular, neither
baseline variations nor spectra due for example to water vapor or carbon
dioxide vapor in the atmosphere of the spectrometer will introduce any
error into the estimates. Although the samples used to produce the
spectral data forming the matrix X will usually be calibration samples
and the description of the preferred embodiment relates to correcting
spectral data of calibration samples for the effects of data arising from
the measurement process itself for developing a predictive model, the
steps of the data correction method could be used on spectra for a
spectral library, with the objective of performing spectral library
searching for sample identification using the corrected spectra as reference
spectra. It is also remarked that the spectra can be absorption spectra
and the preferred embodiments described below all involve measuring
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other spectral measurement wavelength ranges including, for example,
ultraviolet, visible spectroscopy and Nuclear Magnetic Resonance (NMR)
spectroscopy.

Generally, the data arising from the measurement process itself
are due to two effects. The first is due to baseline variations in the
spectra. The baseline variations arise from a number of causes such as
light source temperature variations during the measurement, reflectance,
scattering or absorption by the cell windows, and changes in the
temperature (and thus the sensitivity) of the instrument detector. These
baseline variations generally exhibit spectral features which are broad
(correlate over a wide frequency range). The second type of measurement
process signal is due to ex—sample chemical compounds present during '
the measurement process, which give rise to sharper line features in the
spectrum. For current applications, this type of correction generally
includes absorptions due to water vapor and/or carbon dioxide in the
atmosphere in the spectrometer. Absorptions due to hydroxyl groups in
optical fibers could also be treated in this fashion. Corrections for
contaminants present in the samples can also be made, but generally only
in cases where the concentration of the contaminant is sufficiently low as
to not significantly dilute the concentrations of the sample components,
and where no significant interactions between the contaminant and
sample component occurs. It is important to recognize that these
corrections are for signals that are not due to components in the sample.
In this context, "sample" refers to that material upon which property
andfor component concentration measurements are conducted for the
purpose of providing data for the model development. By "contaminant,"
we refer to any material which is physically added to the sample after the
property/component measurement but before or during the spectral
measurement.
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and signals due modeled by a set of preferably orthogonal, frequency (or wavelength)
dependent polynomials which form the matrix Uy of dimension fby m
where m is the order of the polynomials and the columns of Ug are
preferably orthogonal polynomials, such as Legendre polynomials.
Alternatively the inventive method can be applied to correct only for the
effect of ex—sample chemical compounds (e.g. due to the presence in the
atmosphere of carbon dioxide and/or water vapor). In this case, the
spectra that form the columns of U, are preferably orthogonal vectors
that are representative of the spectral interferences produced by such
chemical compounds. It is preferred, however, that both baseline
variations and ex—sample chemical compounds are modeled in the
manner described to form two correction matrices Up of dimension fby p
and Xg, respectively. These matrices are then combined into the single
matrix Uy, whose columns are the columns of Up and X arranged
side—by—side.

In a preferred way of performing the invention, in addition to
matrix X of spectral data being orthogonalized relative to the correction
matrix Ug, the spectra or columns of Uy are all mutually orthogonal.
The production of the matrix Uy having mutually orthogonal spectra or
columns can be achieved by firstly modeling the baseline variations by a
set of orthogonal frequency (or wavelength) dependent polynomials which
are computer generated simulations of the baseline variations and form
the matrix Up, and then at least one, and usually a plurality, of spectra
of ex—sample chemical compounds (e.g. carbon dioxide and water vapor)
which are actual spectra collected on the instrument, are supplied to form
the matrix X5 Next the columns of X; are orthogonalized with respect
to Up to form a new matrix Xs‘. This removes baseline effects from
ex—sample chemical compound corrections. Then, the columns of Xg’ are
orthogonalized with respect to one another to form a new matrix Us, and
lastly Up and Ug are combined to form the correction matrix Ua, whose
columns are the columns of Up and Us arranged side—~by—side. It would
be possible to change the order of the steps such that firstly the columns
of X; are orthogonalized to form a new matrix of vectors and then the
(mutually orthogonal) polynomials forming the matrix Up are
orthogonalized relative to these vectors and then combined with them to
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also data due to noise. Therefore, once the matrix X (dimension fby n)
has been orthogonalized with respect to the correction matrix Ug
(dimension f by m), the resulting corrected spectral matrix X¢ will still
contain noise data. This can be removed in the following way. Firstly, a
singular value decomposition is performed on matrix X, in the form X =
ULVt where U is a matrix of dimension fby n and contains the principal
comporent spectra as columns, ¥ is a diagonal matrix of dimension n by
n and contains the singular values, and V is a matrix of dimension = by »
and contains the principal component scores, V¢ being the transpose of V.
In general, the principal components that correspond to noise in the
spectral measurements in the original n samples will have singular values
which are small in magnitude relative to those due to the wanted spectral
data, and can therefore be distinguished from the principal components
due to real sample components. Accordingly, the next step in the
method involves removing from U, £ and V the ¥+1 through n principal
components that correspond to the noise, to form the new matrices U,
¥’ and V-’ of dimensions fby %, k by k and n by k, respectively. When
these matrices are multiplied together, the resulting matrix, corresponding
with the earlier corrected spectra matrix X, is free of spectral data due
t0 noise.

For the selection of the number (k) of principal components to
keep in the model, a variety of statistical tests suggested in the literature
could be used but the following steps have been found to give the best
results. Generally, the spectral noise level is known from experience with
the instrument. From a visual inspection of the eigenspectra (the
columns of matrix U resulting from the singular value decomposition}, a
trained spectroscopist can generally recognize when the signal levels in
the eigenspectra are comparable with the noise level. By wvisual
inspection of the eigenspectra, an approximate number of terms, &, to
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k1, k, k+1, k+2 terms in them and the standard errors and PRESS
(Predictive Residual Error Sum of Squares) values are inspected. The
smallest number of terms needed to obtain the desired precision in the
model or the number of terms that give the minimum PRESS value is
then selected. This choice is made by the spectroscopist, and is not
automated. A Predicted Residual Error Sum of Squares is calculated by
applying a predictive model for the estimation of property and/or
component values for a test set of samples which were not used in the
calibration but for which the true value of the property or component
concentration is known. The difference between the estimated and true
values is squared, and summed for all the samples in the test set {the
square root of the quotient of the sum of squares and the number of test
samples is sometimes calculated to express the PRESS value on a per
sample basis). A PRESS value can be calculated using a cross validation
procedure in which one or more of the calibration samples are left out of
the data matrix during the calibration, and then analyzed with the
resultant model, and the procedure is repeated until each sample has been
left out once.

The polynomials that are used to model background variations
are merely one type of correction spectrum. The difference between the
polynomials and the other "correction spectra" modeling ex—sample
chemical compounds is twofold. First, the polynomials may conveniently
be computer—generated simulations of the background (although this is
not essential and they could instead be simple mathematical expressions
or even actual spectra of background variations) and can be generated by
the computer to be orthogonal. The polynomials may be Legendre
polynomials which are used in the actual implementation of the correction
method since they save computation time. There is a well—known
recursive algorithm to generate the Legendre polynomials (see, for
example, G. Arfken, Mathematical Methods for Physicists, Academic
Press, New York, N.Y., 1971, Chapter 12). Generally, each row of the
Up matrix corresponds to a given frequency (or wavelength) in the
spectrum. The columns of the Up matrix will be related to this
frequency. The elements of the first column would be a constant, the
elements of the second column would depend linearly on the frequency,
the elements of the third column would depend on the square of the
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variation can be used and orthogonalized via one of these procedures.
The other "correction spectra" are usually actual spectra collected on the
instrument to simulate interferences due to ex—sample chemical
compounds, e.g. the spectrum of water vapor, the spectrum of carbon
dioxide vapor, or the spectrum of the optical fiber of the instrument.
Computer generated spectra could be used here if the spectra of water
vapor, carbon dioxide, etc. can be simulated. The other difference for the
implementation of the correction method is that these "correction
spectra" are not orthogonal initially, and therefore it is preferred that
they be orthogonalized as part of the procedure. The polynomials and
the ex—sample chemical compound  "correction spectra" could be
combined into one matrix, and orthogonalized in one step to produce the
correction vectors. In practice, however, this is not the best procedure,
since the results would be sensitive to the scaling of the polynomials
relative to the ex—sample chemical compound "correction spectra". If
the ex—sample chemical compound "correction spectra" are collected
spectra, they will include some noise. If the scaling on the polynomials is
too small, the contribution of the noise in these "correction spectra” to
the total variance in the correction matrix Uy would be larger than that
of the polynomials, and noise vectors would end up being included in the
ex—sample chemical compound correction vectors. To avoid this,
preferably the polynomials are generated first, the ex—sample chemical
compound "correction spectra” are orthogonalized to the polynomials, and
then the correction vectors are generated by performing a singular value

decomposition (described below) on the orthogonalized "correction
spectra".

As indicated above, a preferred way of performing the correction
for measurement process spectral data is firstly to generate the orthogonal
set of polynomials which model background variations, then to



in the nmethod invol ves producing a correction rratTm@GheddH&rHee}nszla@arfenSI on f

by mconprising mdigitised correc- tion spectra e
frequéncies f, the correction spectra sinul ating ] romthe
measurenent process itself. The other step involv zing X

wWith respect to Uerr] to produce a corredfed spectra matrix X err] whose

spectra are orthagejahalla 345% t"@@rre?z?i%ﬁ [sgé& nl el G5 ]ex—%ﬁﬂe I%pendent

orthogonality, the s r trix are statistjca
of spgctra ari sﬁ‘?HIPOBP@?n@%e ‘F?éh%r@ﬂaéﬂ@ #hd/epswater seapor) |0 this sebulte@ nor -

mal |y be the casgpdideca SRETIICScorfettion Veblodd!, OfhdS ﬁ'imilfsto Uft6gdnaline!ithd a
predictive mdell‘ﬁgﬂ# rrelati n known progert corrp05|t| n data of the

n sanpl es and a%‘ﬁfeé'fﬂ U pBRAEQIs s ﬁ??dé’lsm(SaﬁmBBlaﬁsé‘ﬂu?o
esti mat e unknowtesompesitiyn. adﬂhmﬂtlplen@&mﬁlesoaf Yevrfectibn s@eétwme? Ugei6¥al

r nd/ or
conposi 11 o dat A0t Sh FERTTARRe: B8 gt P Tl el o o SR
particul ar, nei twillr bodess| thae thar nwnhbernsf lmtla.bﬁemrtewodus;)ef:ﬁa" exThp|ahes 0
wat er vapor or GaRpGaRke! R¥feSifonidReh the measurement noise. Essentially, principal

components analysis (PCA) is being performed on the orthogonalized
"correction spectra" to separate the real measurement process data being
modeled from the random measurement noise.

It is remarked that the columns of the correction matrix Ua do
not have to be mutually orthogonal for the correction method to work, as
long as the columns of the data matrix X are orthogonalized to those of
the correction matrix Us. However, the steps for gemerating the U.
matrix to have orthogonal columns is performed to simplify the
computations required in the orthogonalization of the spectral data X of
the samples relative to the correction matrix Uy, and to provide a set of
statistically independent correction terms that can be used to monitor the
measurement process. By initially orthogonalizing the correction spectra
Xs due to ex—sample chemical compounds to Up which models
background variations, any background contribution to the resulting
correction spectra is removed prior to the orthogonalization of these
correction spectra among themselves. This procedure effectively achieves
a separation of the effects of background variations from those of
ex—sample chemical compound variations, allowing these corrections to be
used as quality control features in monitoring the performance of an
instrument during the measurement of spectra of unknown materials, as
will be discussed hereinbelow.

When applying the technique for correcting for the effects of
measurement process spectral data in the development of a method of
estimating unknown property and/or composition data of a sample under
consideration, the following steps are performed. Firstly, respective
spectra of n calibration samples are collected, the spectra being quantified
at f discrete frequencies (or wavelengths) and forming a matrix X of
dimension f by n. Then, in the manner described above, a correction
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preferred next step is to orthogonallze X with respect to Uy to produce a corrected
spectra matrix X, whose spectra are each orthogonal to all the specira in
Ua. The method further requires that ¢ property andfor composition
data are collected for each of the n calibration samples to form a matrix
Y of dimension n by ¢ (¢ > 1). Then, a predictive model is determined
correlating the elements of matrix Y to matrix X;. Different predictive
models can be used, as will be explained below. The property and/or
composition estimating method further requires measuring the spectrum
of the sample under consideration at the f discrete frequencies to form a
matrix of dimension f by 1. The unknown property and/or composition
data of the samples is then estimated from its measured spectrum using
the predictive model. Generally, each property and/or component is
treated separately for building models and produces a separate f by 1
prediction vector. The prediction is just the dot product of the unknown
spectrum and the prediction vector. By combining all the prediction
vectors into a matrix P of dimension f by ¢, the prediction involves
multiplying the spectrum matrix (a vector of dimension f can be
considered as a 1 by fmatrix) by the prediction matrix to produce a 1 by
¢ vector of predictions for the ¢ properties and components.

As mentioned in the preceding paragraph, various forms of
predictive model are possible. The predictive model can be determined
from a mathematical solution to the equation Y = XtP + E, where X} is
the transpose of the corrected spectra matrix X, P is the predictive
matrix of dimension f by ¢, and E is a matrix of residual errors from the
model and is of dimension n by ¢. The validity of the equation Y = XtP
+ E follows from the inverse statement of Beer’s law, which itself can be
expressed in the form that the radiation—absorbance of a sample is
proportional to the optical pathlength through the sample and the
concentration of the radiation—absorbing species in that sample. Then,
for determining the vector y, of dimension 1 by ¢ containing the
estimates of the ¢ property and/or composition data for the sample under
consideration, the spectrum x, of the sample under consideration, xq
being of dimension f by 1, is measured and y, is determined from the
relationship yy = x$P, xt being the transpose of matrix x,.
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variations gen- the sample under consideration from the spectrum x, of the sample under
consideration would then involve using the relationship y, = x,A(AtA)-L
This calculation, which is a constrained form of the K—matrix method, is
more resiricted in application, since the required inversion of YtY
requires that Y contain concentration values for all sample components,
and not contain property data.

The mathematical solution to the equation Y = XtP + E (or X,
= AY* + E) can be obtained by any one of a number of mathematical
techniques which are known per se, such as linear least squares regression,
sometimes otherwise known as multiple linear regression (MLR), principal
components analysis/regression (PCA/PCR) and partial least squares
(PLS). As mentioned above, an introduction to these mathematical
techniques is given in "An Introduction to Multivariate Calibration and
Analysis", Analytical Chemistry, Vol. 59, No. 17, September 1, 1987,
Pages 1007 to 1017.

The purpose of generating correction matrix Uy and in
orthogonalizing the spectral data matrix X to Up is twofold: Firstly,
predictive models based on the resultant corrected data matrix X, are
insensitive to the effects of background variations and ex—sample
chemical components modeled in U,, as explained above. Secondly, the
dot (scalar) products generated between the columns of Uy and those of
X contain information about the magnitude of the background and
ex—sample chemical component interferences that are present in the
calibration spectra, and as such, provide a measure of the range of values
for the magnitude of these interferences that were present during the
collection of the calibration spectral data. During the analysis of a
spectrum of a material having unknown properties and/or composition,
similar dot products can be formed between the unknown spectrum, xu,
and the columns of Un, and these values can be compared with those
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calibration is accomplished and the time the productive model is applied
for the estimation of properties and components for the sample under
test. These dot products thus provide a means of performing a quality
control assessment on the measurement process.

The dot products of the columns of Uy with those of the spectral
data matrix X contain information about the degree to which the
measurement process data contribute to the individual calibration spectra.
This information is gemerally mixed with information about the
calibration sample components. For example, the dot product of a
constant vector (a first order polynomial) with a spectrum, will contain
information about the total spectral integral, which is the sum of the
integral of the sample absorptions, and the integral of the background.
The information about calibration sample components is, however, also
contained in the eigenspectra produced by the singular value
decomposition of X¢. It is therefore possible to remove that portion of
the information which is correlated to the sample components from the
dot products so as to recover values that are uncorrelated to the sample .
components, i.e. values that represent the true magnitude of the
contributions of the measurement process signals to the calibration
spectra. This is accomplished by the following steps:

(1) A matrix Vg of dimension n by m is formed as the product of
XtU,, the individual elements of Vy being the dot products of
the columns of X with those of Uyg;

(2) The corrected data matrix X; is formed, and its singular value
decomposition is computed as UVt

(3) A regression of the form V, = VZ + R is calculated to establish
the correlation between the dot products and the scores of the
principal components: VZ represents the portion of the dot
products which is correlated to the sample components and the
regression residuals R represent the portion of the dot products
that are uncorrelated to the sample components, which are in
fact the measurement process signals for the calibration samples;

(4) In the analysis of a sample under test, the dot products of the
unknown spectrum with each of the correction spectra (columns
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calibration.

It will be appreciated that the performance of the above disclosed
correction method and method of estimating the unknown property
andfor composition data of the sample under conmsideration involves
extensive mathematical computations to be performed. In practice, such
computations would be made by computer means comprising a computer
or computers, which would be connected to the instrument in a
measurement mode 50 as to receive the measured output spectrum of the
calibration sample, ex—sample chemical compound or test sample. In a
correction mode in conjunction with the operator, the computer means
stores the calibration spectra to form the matrix X, calculates the
correction matrix Uy, and orthogonalizes X with respect to the correction
matrix Us. In addition, the computers means operates in a storing mode
to store the ¢ known property and/or composition data for the n
calibration samples to form the matrix Y of dimension n by ¢ {c2 1). In
a model building mode, the computer means determines, in conjunction
with the operator, a predictive model correlating the elements of matrix
Y to those of matrix X.. Lastly, the computer means is arranged to
operate in a prediction mode in which it estimates the unknown property
andfor compositional data of the sample under comsideration from its
measured spectrum using the determined predictive model correlating the
elements of matrix Y to those of matrix X,

In more detail, the steps involved according to a preferred way of
making a prediction of property and/or composition data of a sample
under consideration can be set out as follows. Firstly, a selection of
samples for the calibrating is made by the operator or a laboratory
technician. Then, in either order, the spectra and properties/composition
of these samples need to be measured, collected and stored in the
computer means by the operator and/or laboratory technician, together
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si de- by si de. matrix Xc and, if PCR is used, performs the singular value decomposition
on matrix X;. The operator has to select (in PCR) how many of the
principal components to retain as correlated data and how many to
discard as representative of (uncorrelated) noise. Alternatively, if the
PLS technique is employed, the operator has to select the number of
latent variables to use. If MLR is used to determine the correlation
between the corrected spectra matrix X, and the measured property
and/or composition data Y, then a selection of frequencies needs to be
made such that the number of frequencies at which the measured spectra
are quantized is less than the number of calibration samples. Whichever
technique is used to determine the correlation (i.e. the predictive model)
interrelating X; and Y, having completed the calibration, the laboratory
technician measures the spectrum of the sample under comsideration
which is used by the computer means to compute predicted property
and/for composition data based on the predictive model.

These and other features and advantages of the invention will
now be described, by way of example, with reference to the drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

Figures 1 to 5 are scattergrams of different property and
composition data when determined by conventional techniques plotted
against the same data determined by the spectroscopic method disclosed
herein;

Figures 6 to 10 show various graphical depictions and spectra
relating to binary blends of iscoctane and heptane;

Figures 11 to 17 show various graphical depictions and
eigenspectra relating to the analysis of a 5—component additive package
and to a comparison with the K Matrix Method;
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An algorithm, termed The Constrained Principal Spectra
Analysis (CPSA), is described hereinbelow, and it’s application to
multivariate, spectral analysis is demonstrated. @CPSA is a novel
modification of Principal Components Analysis (PCA) which allows the
spectroscopist to input his knowledge of the spectral measurement process
into the development of spectral based multivariate models so as to
maximize the stability and robustness of these models for the subsequent
measurement of property and composition data for unknowns. CPSA
allows signals in the calibration spectra which are due fo the spectral
measurement process rather than the sample components to be modeled
such that the resultant predictive models can be constrained to be
insensitive to these measurement process signals. The measurement
process variables for which constraints are developed also server as
quality control variables for monitoring the status of the measurement
process during the subsequent application of the model for measurement
of unknowns.

A corresponding modification can also be made to the PLS and
MLR techniques, which, as explained above, are alternatives to PCA (or
PCR). The respective modifications will be referred to herein as
Constrained Partial Least Squares (CPLS), and Constrained Multiple
Linear Regression (CMLS). Generically, CPSA, CPLS and CMLR will be
referred to as Constrained Spectral Analysis (CSA).

The mid— and near—infrared spectra of a molecule consist of
numerous absorption bands corresponding to different types of molecular
vibrations. In a complex mixture, the absorptions due to a specific
molecular type will all vary together in intensity as the concentration of
the species changes. The fact that the intensities of these multiple
absorptions are correlated in the frequency (wavelength) domain allows



pl e chem cal conmpound. corrections. Then, the col mﬁlasnnaquk’{eemﬂaceaare

orthogonal i zed with respect to one another to for U[err],
ion matrix
nged

and lastly Uerr] and Uerr] are com bined to fo

Uerr], whose colums are the colums of Uerr] a

side-by-side. It would be possible to chai?e t he order of the steps such

that firstly the colums of Xsare orthogonalized to form a new matrix of

vectors and then thém fonbeudisiiyguisitedofpn. randedn) ngisd yhatrisuacdroelatedgint ke

matrix Uerr] ar t S

cori ned wi th 1 REATERIP SRR, VSRR et E AR GBS bRCAC Bkl

| ess preferred beQnmpcments dahlyais sort Rertied veeast§quarks agenisedattd identify and

oLy oM 1 8 20 o kdlfteCtid My dolBGted lgibisPhAGhe kbl of Htdhich M X
S

t he baseline variation variations due to ex-sa
cheni cal corrpourmgc"aﬂad There spastnal |ve§§bla% 681 [be FegTEPsed ragainist @r@erthngnd urrent

per f or mance. oh&?s' cédckﬁ’ﬁﬁﬂléﬁ‘ daﬁ;i"%rs QHP'cﬁhﬁﬂ%ﬁ%hrs%&nﬂ&I %o Idevélbg 4Bt ri X

X w Il include not n .Y sp (fe} data due sur emne process Itself

but al so data dudT® CHB‘F Jeodeln o DurHige th ‘br?é‘é-{yﬁﬁe° RQWBE, ( erréP&‘%"@n afe py n)

has been orthogonjekompesedi inh teresp@E tthese iife Cepetizal lveﬁables, and regression
relationships are used to predict the property/composition of the new
samples.

In all real spectral measurements, the variation in sample
component concentrations is generally not the omly source of frequency
correlated signal. Signals arising from the measurement process (e.g. the
instrument, the cell, etc.) are superimposed on the absorptions due to the
sample components. To the mathematics, these measurement process
signals are indistinguishable from the sample component absorptions, and
are thus extracted as spectral variables. If these measurement process
variables are correlated to the property/concentration (or errors in these
values) during the regression, predictions based on the resultant model
will be dependent on variations in the measurement process. CPSA
allows the spectroscopist to model potential sources of measurement
process signals and remove them as spectral variables prior to the
regression. The resultant predictive models are constrained to be
insensitive to the measurement process signals, and are thus more stable
and robust to variations in the spectral data collection.

Examples included in this report demonstrate the use of CPSA
for developing predictive models, and compare the CPSA results to those
obtained via other multivariate methods.

Introduction

Principal Components Regression and Partial Least Squares
multivariate data analyses are used to correlate the molecular information
inherent to spectral data to property and compositional variables. Both
PCR and PLS are most often applied to under—determined calibrations,
i.e. to calibrations where the number of data points per spectrum exceeds
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thle the algorithms used to extract the Principal Components and PLS
latent variables differ in computational methodology, both are based on
an assumption that there are only two sources of variance in the spectral
data. Real components are assumed to give rise to multiple signals whose
intensities are linearly correlated in the frequency (or wavelength)
domain. Random spectral noise is assumed to be uncorrelated in the
frequency domain. The algorithms are designed to isolate the signals that
are correlated from the random noise so as to produce spectral variables
that can be regressed against concentration and/or property data to
produce a predictive model. If the signals due to sample components
were the only source of frequency correlated signal in the spectral data,
both computational methods would yield stable, robust predictive models
which could be used for the subsequent analysis of unknown materials.
Unfortunately, in all real spectral measurements, there are additional
sources of signals whose intensities are linearly correlated in the frequency
domain, which contribute to the total spectral variance, and which are
associated with the measurement process rather than the samples. For
mid—infrared spectroscopy, examples of the measurement process signals
would include reflectance/scattering loses from cell windows, and spectral
interferences due to trace water and carbon dioxide in the spectrometer
purge gas. If these measurement related signals were constant, they
would have no effect on the predictive models. However, since these
measurement process signals are themselves subject to variation among
real spectra, they are, to the mathematics, indistinguishable from the
sample component signals, they can be extracted along with the sample
component variations during the variable reduction, and they may be
correlated to the properties or component concentrations (or to errors in
these dependent values) in the generation of the predictive model. The
resultant model will then not be stable and robust with respect to
changes in the measurement process related signals.

Spectral preprocessing is used to minimize the effect of

measurement related variance on multivariate models. Baseline
correction algorithms are an example of commonly employed
preprocessing. Data points at which minimal sample component

intensity is expected are selected and fit to a "baseline function" (a
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(1) The calculations used in preprocessing the spectral data are
generally based on a selected subset of the spectral data (e.g. a
single point offset correction, or a two point linear baseline
correction), and are sensitive to the noise characteristics of the
points used for the correction. Depending on the relative
magnitudes of the noise and the signal being removed, the
preprocessing may be ineffective in removing the measurement
process signals, or may only substitute one source of variation
(correlated to the spectral noise) for another (the signal being
subtracted).

(2) For some types of signals (e.g. spectral interferences which are
not well resolved from sample signals, or higher order background
terms), effective, reproducible preprocessing algorithms are
difficult to develop.

(3) The spectral variables which are removed by the preprocessing
step are not orthogonal to the variables (Principal Components)
defined by the multivariate analysis. The lack of orthogonality
makes it difficult to statistically define the effects of the
preprocessing on the resultant model.

(4) Since by definition, the preprocessing is applied before the
muliivariate analysis, the preprocessing algorithms are not
generally included as an integral part of most multivariate
programs. The user is thus left with the job of developing and
implementing his own preprocessing algorithms and integrating
them with the multivariate analysis programs. Since different
algorithms can be required to handle different types of
measurement process signals, and since the variables that are
removed by each algorithm are not orthogonal, the ultimate
effect of the preprocessing on the stability and robustness of the
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spectrum of) potential sources of measurement related signals. The
algorithm generates a set of orthonormal correction variables (spectra)
which are removed from the spectral data prior to the multivariate
variable reduction. The multivariate predictive model generated in this
manner is constrained so as to be insensitive (orthogonal) to the presence
of these measurement process signals in the spectral data. Since the
algorithm uses the entire spectral range in generating the constraints, it is
relatively insensitive to spectral noise. The algorithm can correct for
polynomial backgrounds as well as poorly resolved spectral interferences.
Since the "preprocessing" is an integral part of the algorithm, the effects
of including corrections on the resultant predictive model can be readily
tested. Finally, the correction variables defined by the CPSA algorithm
serve a useful quality control variables for monitoring the measurement
process during analysis of unknowns.

Although the Constraint algorithm described here is specifically
applied as a variation of a Principal Components Analysis, the same
methodology could be used to develop a constrained version of the Partial
Least Squares analysis.

Mathematical Basis for CPSA

The object of Principal Components Analysis (PCA) is to isolate
the true number of independent variables in the spectral data so as to
allow for a regression of these variables against the dependent
property/composition variables. The spectral data matrix, X, contains
the spectra of the » samples to be used in the calibration as columns of
length f, where f is the number of data points (frequencies or
wavelengths) per spectrum. The object of PCA is to decompose the f by
n X matrix into the product of several matrices. This decomposition can
be accomplished via a Singular Value Decomposition:
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type of correct i@ﬂerﬁpﬁCE{hH Meft eigenvector matrix) is of dimension f by n, I (the
diagonal matrix containing the singular values o) is of dimension n by n,
and V¢ is the transpose of V (the right eigenvector matrix) which is of
dimension n by n. Since some versions of PCA perform the Singular
Value Decomposition on the transpose of the data matrix, X%, and
decompose it as VIUt, the use of the terms left and right eigenvectors is
somewhat arbitrary. To avoid confusion, U will be referred to as the
eigenspectrum matrix since the individual column—vectors of U (the
eigenspectra) are of the same length, f as the original calibration spectra.
The term eigenvectors will only be used to refer to the V matrix. The
matrices in the singular value decomposition have the following

-9- sumed for all the«sanples in the test setTh(stShctﬁBaﬂn@e}ﬂmﬁ of the

quotient of the sum of squé*es and the num ber of S
basis). A

properties: .
Ut = I, (2)
VVt= VitV = [, (3)
XtX = VAVt and XXt = UAUt (4)

where I, is the n by n identify matrix, and A is the matrix containing
the eigenvalues, X (the squares of the singular values), on the diagonal
and zeros off the diagonal. Note that the product UU* does not yield an
identity matrix for n less than f Equations 2 and 3 imply that both the
eigenspectra and eigenvectors are orthonormal. In some version of PCA,
the U and ¥ are matrices are combined into a single matrix. In this case,
the eigenspectra are orthogonal but are normalized to the singular values.

The object of the variable reduction is to provide a set of
independent variables (the Principal Components) against which the
dependent variables (the properties or compositions) can be regressed.
The basic regression equation for direct calibration is

Y = XtP (5)

where Y is the n by ¢ matrix containing the property/composition data
for the n samples and ¢ properties/components, and P is the f by ¢
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Note that for a single property/component, the prediction is obtained as

the dot product of the spectrum of the unknown and the prediction
vector. The solution to equation 5 is

[X{1Y = [XYXP = P (7)

where [Xt]- is the inverse of the Xt matrix. The matrix Xt is of course
non—square and rank deficient (f>n), and cannot be directly inverted.
Using the singular value decompositions, however, the inverse can be
approximated as

[Xft = UB-tVe (8)

where X1 is the inverse of the square singular value matrix and contains
1/o on the diagonal. Using equations 7 and 8, the prediction vector
matrix becomes

P = UB-IVtY (9)

As was noted previously, the objective of the PCA is to separate
systematic (frequency correlated) signal from random noise.  The
eigenspectra corresponding to the larger singular values represent the
systematic signal, while those corresponding to the smaller singular values
represent the noise. In general, in developing a stable model, these noise
components will be eliminated from the analysis before the prediction
vectors are calculated. If the first k<n eigemspectra are retained, the
matrices in equation 1 become U’ (dimension fby k), X’ (dimension k by
k} and V- (dimension n by k).

X=USV't+E (10)
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product V-Vt no longer yields an identity matrix. To simplify notation

the ¢ will be dropped, and U,X and V will henceforth refer to the rank

reduced matrices. The choice of k, the number of eigenspectra to be used

in the calibration, is based on statistical tests and some prior knowledge

of the spectral noise level.

Although the prediction of a property/component requires only a
single prediction vector, the calculation of uncertainties on the prediction
require the full rank reduced V matrix. In practice, a two step, indirect
calibration method is employed in which the singular value decomposition
of the X matrix is calculated (equation 1), and then the
properties/compositions are separately regressed against the eigenvectors

Y=VB+E (11)
B =VtY (12)

During the analysis, the eigenvector for the unknown spectrum is
obtained

v = xtUt (13)
and the predictions are made as
y=vB (14)

The indirect method is mathematically equivalent to the direct method of
equation 10, but readily provides the values needed for estimating
uncertainties on the prediction.

Equation 6 shows how the prediction vector, P, is used in the
analysis of an unknown spectrum. We assume that the unknown
spectrum can be separated as the sum of two terms, the spectrum due to
the components in the unknown, x;, and the measurement process related
signals for which we want to develop constraints, x5, The prediction then
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of the eigenspectra, which in turn are themselves linear combination of
the original calibration spectra (U = XVE-). If the original calibration
spectra are all orthogonalized to a specific measnrement process signal,
the resulting prediction vector will also be orthogonal, and the prediction
will be insensitive to the measurement process signal. This
orthogonalization procedure serves as the basis for the Constrained
Principal Spectra Analysis algorithm.

In the Constrained Principal Spectra Analysis (CPSA) program,
two types of measurement process signals are comsidered. The program
internally generates a set of orthonormal, frequency dependent
polynomials, Up. Up is a matrix of dimension f by p where p is the
maximum order (degree minus one) of the polynomials, and it contains
columns which are orthonormal Legendre polynomials defined over the
spectral range used in. the analysis. The polynomials are intended to
provide constraints for spectral baseline effects. In addition, the user
may supply spectra representative of other measurement process signals
(e.g. water vapor spectra). These correction spectra (a matrix X of
dimension fby s where s is the number of correction spectra) which may
include multiple examples of a specific type of measurement process
signal, are first orthogonalized relative to the polynomials via a
Gram—Schmidt orthogonalization procedure

Xs' = Xs - Up(Upth) (16)

A Singular Value Decomposition of the resultant correction spectra is
then performed,

X5’ = UghsVst (17)
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X¢ = X — Up(UntX) (17)

The Principal Components Analysis of the corrected spectra, X, then
proceeds via the Singular Value Decomposition

Xe = UBcVet (18)
and the predictive model is developed using the regression

Y=VB (19)
The resultant prediction vector

Pe = U IVtY (20)

is orthogonal to the polymomial and correction eigenspectra, Uy. The
resulting predictive model is thus insensitive to the modeled measurement
process signals. In the analysis of an unknown, the contributions of the
measurement process signals to the spectrum can be calculated as

Va = I 1Uxtx (21)

and these values can be compared against the values for the calibration,
Va, to provide diagnostic as to whether the measurement process has
changed relative to the calibration.

The results of the procedure described above are mathematically
equivalent to including the polynomial and correction terms as spectra in
the data matrix, and using a constrained least square regression to
calculate the B matrix in equation 12. The constrained least square
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The Constrained Principal Spectra Analysis method allows
measurement process signals which are present in the spectra of the
calibration samples, or might be present in the spectra of samples which
are latter analyzed, to be modeled and removed from the data (via a
Gram—Schmidt orthogonalization procedure) prior to the extraction of
the spectral variables which is performed via a Singular Value
Decomposition (16). The spectral variables thus obtained are first
regressed against the pathlengths for the calibration spectra to develop a
model for independent estimation of pathlength. The spectral yariables
are rescaled to a common pathlength based on the results of the
regression and then further regressed against the composition/property
data to build the empirical models for the estimation of these parameters.
During the analysis of new samples, the spectra are collected and
decomposed into the constrained spectral variables, the pathlength is
calculated and the data is scaled to the appropriate pathlength, and then
the regression models are applied to calculate the composition/property
data for the new materials. The orthogonalization procedure ensures that
the resultant measurements are constrained so as to be insensitive
(orthogonal) to the modeled measurement process signals. The internal
pathlength calculation and renormalization automatically corrects for
pathlength or flow variations, thus minimizing errors due to data scaling.

The development of the empirical model consists of the following steps:

(1.1) The properties and/or component concentrations for which empirical
models are to be developed are independently determined for a set of
representative samples, e.g the calibration set.  The independent
measurements are made by standard analytical tests including, but not
limited to: elemental compositional analysis (combustion analysis, X—ray
fluorescence, broad line NMR); component analysis (gas chromatography,
mass spectroscopy); other spectral measurements (IR, UV/visible, NMR,
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(2.0)The Constrained Principal Spectra Analysis (CPSA) algorithm is
applied to generate the empirical model. The algorithm consists of the
following 12 steps:

(2.1) The infrared spectral data for the calibration spectra is loaded into
the columns of a matrix X, which is of dimension f by n where fis the

number of frequencies or wavelengths in the spectra, and n is the number
of calibration samples.

(2.2) Frequency dependent polynomials, Uy, (a matrix whose columns are
orthonormal Legendre polynomials having dimension fby p where p is the
maximum order of the polynomials) are generated to model possible
variations in the spectral baseline over the spectral range used in the
analysis.

(2.3) Spectra representative of a other types of measurement process
signals (e.g. water vapor spectra, carbon dioxide, etc.) are loaded into a
matrix X; of dimension fby s where s is the number of correction spectra
used.

(24) The correction spectra are orthogonalized relative to the
polynomials via a Gram—Schmidt orthogonalization procedure

XS' = Xs - Up(Uths) (2.4)

(2.5) A Singular Value Decomposition of the correction spectra is then
performed,

Xy’ = UgheVit (2.5)

to generate a set of orthonormal correction eigenspectra, Us. s are the
corresponding singular values, and Vs are the corresponding right
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-12- the polynomials and correction eigenspectra are then removed from the
calibration data, again using a Gram—Schmidt orthogonalization
procedure

Xe = X — Ug(UatX) (2.6)

(2.7) The Singular Value Decomposition of the corrected spectra, X, is
then performed

xC = UcEcht (2.7)
(2.8) The eigenspectra from step (2.7) are examined and the a subset of
the first k eigenspectra which correspond to the larger singular values in

Y are retained. The k+1 through # eigenspectra which correspond to
spectral noise are discarded.

Xe = Ul Vit + Ey (2.8)
(2.9) The k right eigenvectors from the singular value decomposition, Vi,
are regressed against the pathlength values for the calibration spectra,Yp
(an n by 1 row vector),

where Ep is the regression error. The regression coefficients, By, are
calculated as

Bp = (VitVi) VatYp = VitYy, (2.9b)

(2.10) An estimation of the pathlengths for the calibration spectra is
calculated as

Y, = V1B, (2.10)

A n by n diagonal matrix N is then formed, the itb diagonal element of N
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(2.12) The renormalized matrix is regressed against the properties and or
concentrations, Y (Y, a n by ¢ matrix containing the values for the n
calibration samples and the ¢ property/concentrations) to obtain the
regression coefficients for the models,

Y=ViB+E (2.12a)
B = (Vi/tVy’ )1V’ Y (2.12b)

(3.0) The analysis of a new sample with unknown properties/components
proceeds by the following steps:

(3.1) The absorption spectrum of the unknown is obtained under the
same conditions used in the collection of the calibration spectra.

(3.2) The absorption spectrum, Xy, is decomposed into the constrained

variables,
Vu = z-lUktXu (3.2b)

(3.3) The pathlength for the unknown spectrum is estimated as

-

YP = Vqu (3.3)

(3.4) The eigenvector for the unknown is rescaled as

vu’ = VulTp/¥p) (3.4)
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radi ati on- absorbance of a sanple is proportional to the optical pathlength
t hrough the sanpl e and the concentration of the radiation- absorbing
species in that sanpl¥u =TheM for determning the vector y[er&}5 of
dinmension 1 by ¢ containing the esti- nmates of the c property and/ or

conposition data for_ the sanple under_ consideratiqn, the spectrum x[err] of
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xlerr] being t hgutts{d%nti%cﬁneea? fresggztxsrel rXané %& Hle' spectrometer, or to avoid regions
of low signal content and high noise.
(5.1) The samples used in the calibration may be restricted by excluding
any samples which are identified as multivariate outliers by statistical
testing.
(6.1) The regression in steps (2.9) and (2.12) may be accomplished via a
step—wise regression (see, for example, W.J. Kennedy and J.E. Gentle,
Statistical Computing, Marcel Dekker, New York, 1980) or PRESS based
variable selection (see, for example, D.M. Allen, Technical Report
Number 23, University of Kentucky Department of Statistics, August
1971), so as to limit the number of variables retained in the empirical

model to a subset of the first k variables, thereby eliminating variables

which do not show statistically significant correlation to the parameters
being estimated.
(7.1) The Mahalanobis statistic for the unknown, Dy3, given by

Du2 = v'u'(Vkl th’)—lv‘x't (7.1)

can be used to determine if the estimation is based on an interpolation or
extrapolation of the model by comparing the value for the unknown to
the average of similar values calculated for the calibration samples.

(7.2) The uncertainty on the estimated value can also be estimated based
on the standard error from the regression in (2.12) and the Mahalanobis
statistic calculated for the unknown.

(8.1) In the analysis of an unknown with spectrum xy, the contributions
of the measurement process signals to the spectrum can be calculated as

Va = Po Unlxy (8.1)

These values can be compared against the values for the calibration, Vg,
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Examples of the use of the CPSA method described above for the
generation of empirical models are provided for cases illustrating the use
of different portions of the infrared region, and the estimation of
compositions as well as physical and performance properties. These
examples are identified as Examples 1 to 5 below and the results are
illustrated in Figures 1 to 5 respectively. These figures demonsirate the
validity of the present method of estimating property and composition

data.
Example 1 — Estimation of a Component Concentration using
Mid—Infrared:
Parameter estimated Weight percent benzene
Sample types Powerformates
Calibration samples measured by Gas Chromatography
Spectrometer used Mattson Polaris/Icon
Average Pathlength Calibration set 500 microns
Spectral range used 5000 — 1645 cm ™1
Excluded subregions 3150—2240 cm !
Constraints used 3 polynomial terms
(quadratic)
Water vapor spectrum
Regression method used PRESS
Number of calibration spectra 77
# eigenspectra used in regressions (k) 5
# retained in pathlength regression 4
Standard Error Pathlength Regression 1.272 microns
# retained in composition regression 5
Standard Error composition regression 0.063 weight percent

A Constrained Principal Components model was constructed for
the estimation of benzene content of powerformates. The spectra of 77
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model generation. Benzene contents for the reference samples used in the
calibration were obtained via gas chromatographic analysis. A CPSA
model was developed using 3 polynomial correction terms to account for
possible background variations, and a water vapor correction spectrum to
account for possible purge variations. A PRESS based step—wise
regression (see, for example, the above mentioned D.M. Allen reference)
was employed for developing both a pathlength estimation model, and the
benzene content. Of the 5 Constrained Principal Component variable
input into the PRESS regression, 4 were retained for the pathlength
estimation, and all 5 were retained for the benzene estimation. The
standard error for the estimation of the cell pathlength was 1.272
microns, and the standard error for the estimation of the benzene content
was 0.063 weight percent. A plot of the infrared estimated benzene
content versus that measured by GC for the 77 reference samples is
shown in Figure 1.

Example 2 — Physical Property Estimation by Mid—Infrared:

Parameter estimated API Gravity

Sample types Petroleum mid—distillates
Calibration samples measured by ASTM D1298
Spectrometer used Mattson Polaris/Icon
Average Pathlength Calibration set 29.57 microns

Spectral range used 3650 — 500 cm !

Excluded subregions 2989-2800 cm 1,

2400-2300 cm ",

1474~1407 cm-t
Constraints used 3 polynomial terms

(quadratic)

Water vapor spectrum
Regression method used PRESS
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A # retained for pathlength regression 21
Standard Error Pathlength Regression 0.159 microns
# retained in composition regression 21
Standard Error composition regression 0.660 degrees API

A Constrained Principal Components model was constructed for
the estimation of API Gravity for petroleum mid—distillates. The
spectra of 91 reference mid—distillates were collected over the 3650 to 500
cm-! region using a Mattson Polaris/Icon FT—IR spectrometer operating
at 2 cm! resolution and employing 100 scans for signal averaging. 30
micron potassium bromide cells were employed. To avoid ranges where
the sample absorption was beyond the linear response range of the
spectrometer, and to avoid the need for adding a carbon dioxide
correction term to the model, the data in the 2989—2800 cm™t, 2400—2300
cm-t and 1474—1407 cm-t regions was excluded during the model
generation. APl Gravities for the reference samples used in the
calibration were obtained via ASTM D1298. A CPSA model was
developed using 3 polynomial correction terms to account for possible
background variations, and a water vapor correction spectrum to account
for possible purge variations. A PRESS based step—wise regression (see,
for example, the above mentioned D.M. Allen reference) was employed for
developing both a pathlength estimation model, and the API Gravity
model. Of the 24 Constrained Principal Component variable input into
the PRESS regression, 19 were retained for the pathlength estimation,
and 21 were retained for the API Gravity estimation. The standard error
for the estimation of the cell pathlength was 0.159 microns, and the
standard error for the estimation of the API Gravity was 0.660 degrees
API. A plot of the infrared estimated API Gravity versus that measured
by ASTM D1298 for the 91 reference samples is shown in Figure 2.

Example 3 — Estimation of a Performance Property using Near—Infrared:
Parameter estimated Cetane number

Sample types Petroleum mid—distillates
Calibration samples measured by ASTM D-613
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Number of calibration spectra - 93

# eigenspectra used in regressions (k) 13

# retained for pathlength regression 11

Standard Error Pathlength Regression 1.535 microns

# retained in composition regression 10

Standard Error composition regression 1.258 cetane number

A Constrained Principal Components model was constructed for
the estimation of Cetane Number for petroleum mid—distillates. The
spectra of 91 reference mid—distillates were collected over the 10000 to
3800 cm-! region using a Mattson Sirius 100 FT—IR spectrometer
operating at 2 cm- resolution and employing 100 scans for signal
averaging. 500 micron calcium floride cells were employed. Cetane
numbers for the reference samples used in the calibration were obtained
via ASTM D—613. A CPSA model was developed using 3 polynomial
correction terms to account for possible background variations. A PRESS
based step—wise regression (see, for example, the above mentioned D.M.
Allen reference) was employed for developing both a pathlength
estimation model, and the cetane number model. Of the 13 Constrained
Principal Component variable input into the PRESS regression, 11 were
retained for the pathlength estimation, and 10 were retained for the
cetane number estimation. The standard error for the estimation of the
cell pathlength was 1.535 microns, and the standard error for the
estimation of the cetane number was 1.258 cetane numbers. A plot of the
infrared estimated cetane number versus that measured by ASTM D—613
for the 91 reference samples is shown in Figure 3.

Example 4 — Elemental Composition Esimation by Mid—Infrared:

Parameter estimated Weight percent hydrogen
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Constraints used 3 polynomial terms
(quadratic)
Water vapor spectrum
Regression method used PRESS
Number of calibration spectra 91
# eigenspectra used in regressions (&) 24 -
# retained for pathlength regression 19
Standard Error Pathlength Regression 0.159 microns
# retained in composition regression 21
Standard Error composition regression 0.0551 weight percent

A Constrained Principal Components model was constructed for
the estimation of hydrogen content for petroleum mid—distillates. The
spectra of 91 reference mid—distillates were collected over the 3650 to 500
cm-! region using a Mattson Polaris/Icon FT—IR spectrometer operating
at 2 cm-! resolution and employing 100 scans for signal averaging. 30
micron potassium bromide cells were employed. To avoid ranges where
the sample absorption was beyond the linear response range of the
spectrometer, and to avoid the need for adding a carbon dioxide
correction term to the model, the data in the 2989—2800 cm-1, 2400—2300
cm-! and 1474—1407 cm-! regions was excluded during the model
generation. Hydrogen contents for the reference samples used in the
calibration were obtained via Broad line NMR. A CPSA model was
developed using 3 polynomial correction terms to account for possible
background variations, and a water vapor correction spectrum to account
for possible purge variations. A PRESS based step—wise regression (see,
for example, the above mentioned D.M. Allen reference) was employed for
developing both a pathlength estimation model, and the hydrogen content
model. Of the 24 Constrained Principal Component variable input into
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the PRESS regression, 19 were retained for the pathlength estimation,
and 21 were retained for the hydrogen content estimation. The standard
error for the estimation of the cell pathlength was 0.159 microns, and the
standard error for the estimation of the hydrogen cotent was 0.0551
weight percent hydrogen. A plot of the infrared estimated hydrogen
content versus that measured by broad line NMR for the 91 reference
samples is shown in Figure 4.

Example 5 — Chemical Composition Estimation by Mid—Infrared:

Parameter estimated Weight percent ZDDP
Sample types Lubricant additive package
Calibration samples measured by Weight % in blends
Spectrometer used Digilab FTS-20C
Average Pathlength Calibration set 62.0 microns
Spectral range used 1800 — 490 cm -t
Excluded subregions 1475 — 1435 cmt
Constraints used 3 polynomial terms
(quadratic)
Water vapor spectrﬁm
Regression method used Step—wise
Number of calibration spectra 30
# eigenspectra used in regressions (k) 7
# retained for pathlength regression 7
Standard Error Pathlength Regression 0.17 microns
# retained in composition regression 7
Standard Error composition regression 0.16 weight percent

A Constrained Principal Components model was constructed for
the estimation of the zinc dialkyl dithiophosphate (ZDDP) content for
lubricant additive packages. 30 reference blends of an additive package
containing a polyisobutenyl polyamine dipersant, a overbased magnesium
sulfonate detergant, a sulfurized nonyl phenol, ZDDP and diluent oil were
prepared for the calibration. The additive concentrations in the reference
blends were varied at +/— 8 to 12 percent of the target concentrations.
Solutions containing 50% additive package in cyclohexane were prepared
and spectra were collected over the 3650 to 400 cm-! region using a
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was employed for developing both a pathlength estimation model, and the
ZDDP content. Of the 7 Constrained Principal Componeént variable
input into the PRESS regression, 7 were retained for the pathlength
estimation, and 7 were retained for the ZDDP content estimation. The
standard error for the estimation of the cell pathlength was 0.17 microns,
and the standard error for the estimation of the ZDDP cotent was 0.16
weight percent. A plot of the infrared estimated ZDDP content versus
that used in preparing the 30 blends is shown in Figure 5.

Further examples will now be given.
Example 6 — Binary Blends of Isooctane and Heptane

The first example demonstrates how a Constrained Principal
Components Analysis can be used to develop a model that is robust
relative to variations in signals arising from the spectral measurement
process. Mid—infrared (4000—400 cm-t) spectra of 22 binary mixtures of
isooctane (2,2,4—trimethyl pentane) and n—heptane were collected on a
Mattson Polaris/Icon FT—IR spectrometer at 2 cm-! resolution, using 100
scans for signal averaging and a 25 micron potassium bromide fixed
pathlength cell. The single beam sample spectra were ratioed against
empty beam background spectra for the calculation of the absorbance
spectra.  Principal Components Analysis and Constrained Principal
Components Analysis were both used to generate models for the
estimation of the isooctane and heptane contents of the binary mixtures.
To avoid absorbances that might be outside the linear response range of
the spectrometer, only the data in the 2000—690 cm-! spectral range were
used in the models. The spectra of 11 of the binary mixtures were used
in developing the models, and the spectra of the remaining 11 mixtures
were used to test the models. The concentrations of the mixtures used
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Figure 6 shows the statistics for the Principal Components
Analysis (PCA) of the blend spectra. As is typical with real systems, the
various statistical tests do not unambiguously indicate the true number of
spectral variables. The plot of the logarithm of the eigenvalues versus
number of Principal Components decreases relatively smoothly, showing
only minor breaks at 3 and 6 Principal Components. The indicator
function goes through a minimum at 5 variables, the cumulative variance
appear to level off afier 3 Principal Components, and the eigenvalue
ratios have maxima at 1 and 3 Principal Components. None of the
statistics indicates the true number of real components in the binary
blends. Examination of the average and standard deviation spectra for
the calibration spectra (Figure 7) suggests the sources of these additional
spectral variables. There is clearly a frequency dependent variation in
the spectral baseline as well as absorptions due to water vapor due to
incomplete spectrometer purge. Examination of the eigenspectra
produced by the PCA analysis (Figure 8) demonsirates how these
additional measurement related variations are extracted as Principal
Components. Eigenspectrum 1 shows the absorptions due to the two real
components, but is clearly offset relative to the zero absorption.
Eigenspectrum 2 shows only slight differentiation between the isooctane
and heptane absorptions, and is dominated by an offset. Eigenspectra 3
and 4 differentiate between the two real components, but also show a
frequency dependent variation in the spectral background. Eigenspectrum
5 is clearly that of water vapor. Eigenspectrum 6 is largely measurment
noise. Note that the measurement process related signals are not cleanly
extracted into single Principal Components, but are mixed among all the
spectral variables. The offset is clearly present in both Eigenspectra 1
and 2. Water vapor absorptions are observed in Eigenspectra 1,2,4 and 5,

and the frequency dependent background is present in Eigenspectra 3 and
4.

A CPSA model was developed for the same data set, using a
second order (constant plus linear) polynomial background correction and
water vapor correction spectra as constraints. Figure 9 shows the three
correction spectra used, as well as the first three eigenspectra generated
by the CPSA analysis. The eigenspectra are now orthogonal to an offset,
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requires 4 variables to account for the variation in the isooctane and
heptane concentrations. Inclusion of the fifth Principal Component in the
PCA model appears to produce a slight improvement in the Standard
Error of Estimate from the calibration, but actually produces a slight
degradation of the predictive model. The CPSA model based on two
variables has predictive power comparable to the PCA model with 4
variables, but is more robust with respect to the measurement process-
signals which are present in the spectral data. Figure 10 demonstrates
this improved robustness. The variability in the background among the

calibration samples was estimated by fitting a linear baseline to the
standard deviation spectrum in Figure 7 (calculating the slope and
intercept of the line connecting the two endpoints at 2000 and 690 cm-t).
Multiples of this estimated background were then added to the spectrum
of the sample containing 89% isooctane, and the generated spectra were
analyzed using the 4 variable PCA model and the 2 variable CPSA
model. For the PCA model, the predicted isooctane content clearly
depends on the background. Over the range of backgrounds present in
the spectral data, variations on the order of 0.05% are observed. If, in
the analysis of an unknown, a larger difference in background was present
in the spectra, errors on the order of 0.1% could easily be obtained. The
CPSA model is independent of the variation in background and produces
the same results regardless of the change in background. CPSA thus
provides a more robust and stable predictive model.

The major source of error for both the PCR and CPCR analyses
is the fact that the sum of the two components does not equal 100%. As
is shown in Table 2, if the estimated isooctane and n—heptane
concentrations are renormalized to 100%, the SEEs and SEPs are
significanlty reduced. Even after renormalization, 4 variables are required
to produce a PCR model comparable to the 2 variable CPCR model. It
should be noted that, as is shown in Table 2, if the pathlength correction
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Example 7 — Analysis of a 5 Component Additive Package
Comparison to the K Matrix Method

We have previously demonstrated the use of the K Matrix
method for the quality control analysis of a oil additive package. In the
K Matrix analysis, the calibration fby n spectral matrix, X, is expressed
as the product of two matrices, K and C.

X =KC

C is a ¢ by n matrix containing the concentrations of the ¢ real
components for the n calibration samples. The f by ¢ K matrix is
obtained as

K = XCYCCH)-t

K contains the spectra of the real components as they exist in the
calibration mixture, i.e. including any intercomponent interactions. The
K matrix obtained in the calibration can be used in the analysis of a
unknown, x, to obtain the component concentrations, ¢

¢ = (K*K)-Ktx

Unlike the Principal Component methods, the use of the K Matrix
method requires that the concentrations of all the components in the
mixtures be known such that the C matrix which must be inverted
completely specifies the calibration mixtures.

To further demonstrate how CPSA can be used to develop a
calibration for a real multicomponent analysis, a more detailed
description of the analysis presented in Example 5 will be given to to
demonstrate how a predictive model was developed using the same
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(49%), a nonyl phenol (NPS, 16%) , a zinc dialkyl—dithiophosphate
(ZDDP, 15%) a magnesium overbased sulfonate (12%) and a diluent oil
(8%). For the quality control applications, the calibration was developed
over a relatively narrow concentration range bracketing the target
product composition. 30 blends were prepared by blending the 4
additives at levels corresponding to 88%, 92%, 100%, 108% or 112% of
the target concentrations, and adjusting the diluent il level to achieve
the appropriate total weight. The levels for additives in the individual
blends were chosen randomly subject to the constraints that the number
of times each additive level was represented should be roughly equal, and
that all the components vary independently. Spectra of 50% solutions of
the blends in cyclohexane were obtained at 2 cm-! resolution using a 0.05
millimeter KBr cell on a Digilab FTS—20C FT—IR spectrometer using
500 scans for signal averaging. 15 of the 30 blends which spanned the
additive concentration ranges were chosen for development of the models
and the remaining 15 were analyzed to test the models. Figure 11 shows
the average and standard deviation spectra for the 30 blends. Spectral
data in the range from 1800 to 490 cm-! was used in the analysis. To
avoid absorbances that are too strong to accurately measure, the data in
the range from 1475 to 1435 cm-! was excluded from the analysis.

To evaluate what possible measurement process signals might be
present in the spectral data of the calibration blends, a Principal
Components Analysis was conducted on the 15 spectra. Figure 12 shows
the statistics for the PCA calculation. The various statistical tests do
not clearly indicate or agree on the number of variables present in the
spectral data, although most of the tests suggest that there are more
variables than real components. Figures 13 and 14 show the first 10
eigenspectra obtained for the PCA calculation. Clearly, at least the first
9 eigenspectra contain recognizable absorption bands which are well above
the spectral noise level. Examination of the eigenspectra and the
standard deviation spectrum indicate the sources of the additional
spectral variables. Eigenspectra 8 shows negative bands at 1215 and 761
cm-! which are due to chloroform contamination of the solutions,
chloroform having been used to rinse the cell between samples. The
standard deviation spectrum (Figure 11} shows a strongly curved
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10C, and 10D bei ngigtensepe%%ges gxsm fgo{aotﬁl s%ow7features due to the cyclohexane solvent.
In eigenspectrum 5, the bands have a dispersive shape suggestive of a
variation in bandwidth among the calibration spectra. Close examination
of the calibration spectra indicates that the cyclohexane absorptions do
vary slightly in bandwidth, presumably because of variations in the
strength of interactions with the additives. Eigenspectrum 8, on the
other hand, shows normally shaped features corresponding to the solvent.
If the solutions had all been prepared to exactly the same concentration,
and if no solvent/additive interactions were present, the spectral features
due to the cyclohexane would have been constant among all the blends,
would have been observed exclusively in eigenspectrum 1, and would not
have been detected as a separate spectral variable. In reality, the solvent
contributes two spectral variables, eigenspectrum 5 arising from variations
in the solute/solvent interactions, and eigenspectrum 8 arising from
variations in the solute/solvent concentrations. To verify that this is the
case, a second PCA analysis was conducted using the 15 calibration
blends plus 3 spectra of cyclohexane obtained under the same conditions.
Figure 15 shows some of the eigenspectra obtained from this analysis. In
the PCA calculation using only the blend spectra, the variation in the
solvent concentration was small, and showed up only as the 9th most
important spectral variable (Figure 14). Adding the spectra of the
solvent to the reference set dramatically increases the range of variation
in the solvent absorptions, making it the 2nd most important spectral
variable. Aside from the noise level, eigenspectrum 2 in Figure 15 very
closely resembles the eigenspectrum 9 in Figure 14. If solvent
concentration variation was not a spectral variable in the original 15
calibration spectra, then the inclusion of the solvent spectra would have
added an additional variable to the data. Comparison of Figures 13 and
14 to Figure 15 clearly indicates that this is not the case. The inclusion
of the solvent spectra has reordered the 9 variables (e.g. eigenspectrum 2
in Figure 13 becomes eigenspectrum 3 in Figure 14), but the 10th
eigenspectrum in both cases shows minimal absorption features above the



FIGS. 11 and 12D illustrate various spectra and sta- tistics relating to
renmoval of a sharp-lined, overlapping spectral interference; nore
specifically FI GS. 12A-12D are statistics for data 1 ncluding spéc- tral

interference, the abscissa and ordinate for FIGS. 12Apm IR plaG 16’2D
being the sane as for FIG 7, 43 HHm @l’

FIGS. 13A to 17 show various graphical depictions and
bi nary bl ends of spestrat neiseelexald hept ane; nore specifi ca
are statistics for isooctane/ heptane

13A— 13D

The above analysis indicates that 7 of the 9 spectral variables
correspond to sample variations, 5 due to additive package components, 1
due to variations in the cyclohexane solvent concentration, and 1 due to
variations in the solvent/solute interactions. The remaining 2 variables
are due to the measurement process, and correspond to background
fluctuations and chloroform contamination. Using this information, a
CPSA model can be constructed. Since the solvent concentration
variation is a variable in the spectra of the blends, the solvent spectra
were included in the reference set for the generation of the CPSA model
so as to ensure that the solvent variation could be properly modeled.
Figures 16 and 17 show the various correction spectra which are used, as
well as the resulting eigenspectra. A 3 term (quadratic) correction is-
used to account for the possible background variation. Although the
chloroform is actually in the sample, it is at a low enough level so as not
to cause significant dilution of the sample absorptions, and thus can be
treated as a measurement process variable rather than a sample
component. Since the chloroform absorptions observed in PCA
eigenspectra 8 are shifted slightly from those observed for neat
chloroform, a synthetic chloroform spectrum was generated for use as a
correction spectrum by fitting the observed absorptions to Lorenztian
bands. CPSA eigenspectrum 7 (Figure 16} appears to be roughly
equivalent to PCA eigenspectrum 10 (Figures 14 and 15} in terms of the
signal to noise of the residual absorption features. By including the 4
constraints, the CPSA model allows the spectral variance to be accounted
for in 7 variables rather than the 9 required by the PCA analysis.

Table 3 shows the Standard Errors for the K Matrix, PCA and
CPSA models. Since there are only 6 components (5 add pack
components plus cyclohexane) in the samples, the K Matrix method can
only extract 6 variables. The K Matrix model cannot account for the
solute/solvent interactions and thus produces a poorer predictive model
than the Principal Component methods which allow this interaction to be
modeled as a separate variable. The Standard Error of Estimate is lower
for the PCA model based on 9 variables than the CPSA model based on
7, because the two extra variable that correspond to measurement process
signals are being correlated to the dependent variable. If, for instance,



bi nary systemthe abscissa and ordinate for FI GS. 13A 13B 13C and 13D
bei ng t he same as for FIG 7; FIG 14 are aver agmi aadllgplquiard

(14B) devi a- tion spectra for isooctanel hept ane bl en is the
ei genspectra for PCA anal ysis of hep- tane/octane bI 16 |s t he
ei genspectra for CPSA anal ysis of heptane/ #$6ooct ane S
the conparison of the effect of frequency dependent background vari atlon of

PCA and CPSA i soot usfethy B€lA maasiel fo amalyap $be dseonstrainy gpeetdn cused foxgbe t ane
content (vol 9%;  CP4ASnodé @ﬁana t5'40¥¥>e\5fri &un@&@%gc% ﬁepq ©1y thae

cigenspectra relating to th a 5-co 'nt, add |ve cka e and

to a conparison \/Rff’ﬁc’tl% reags - W‘lﬂll el\%&ﬁoﬂmdﬁ]oi“’@ Bend 0, q.cskgro 18 i s
the average and shisgrd @BNaddihfionsPeAd M #ilf Ofot§ b ershrsporbitiveadd ﬂﬁ!ﬁéﬂ

bl ends; FI GS. 19A- 19D are stati.stics a d bl end t he

absci ssa and or diTACASETETANt (Bregsss gignals. 15}%?1%&9 i’ﬁﬁﬁ%‘g&% HSO%FE as in

FIG 7; FIG 2Goi snalyve thegesntespdidnds (TablePSAbattah);sit canfbed seen tha.t the
predictive capability of the more robust CPSA model based on 7 variables
actually exceeds that of the PCA model based on 9 variables.

For simplicity, since no water vapor absorptions were observed in
the standard deviation spectra or the PCA eigenspectra, a water vapor
constraint was not added in the development of the above CPSA model.
If this model was to be used in actual quality control applications, a
water vapor constraint would be added to insure that the results were not
affected by the instrument purge. As is seen in Table 3, the addition of
water vapor correction spectra to the model so as to improve its stability
and robustness does not effect the accuracy of the predictions for the 15
test spectra which showed no water vapor absorptions.

Example 8:

Example 8 is intended to demonstrate how a Constrained
Spectral Analysis can be employed to remove a signal arising from the
measurement process in a real application. A CPCR model was
developed to estimate the research octane number (RON) of
powerformate samples. Laboratory data was collected over the 870 to
1600 namometer range for 186 reference powerformate samples using a
LTI Industries Quantum 1200 Near—Infrared Analyzer. RON values for
the powerformate reference samples were obtained via ASTM—2699. A
CPCR model was developed using 3 polynomial correction spectra
(constant, linear and quadratic polynomials), and 5 Constrained Principal
Component variables. The Standard Error of Estimate for the model was
0.30 research octane numbers.

In testing the viability of using Near—Infrared for the
measurement of on—line research octane number, the laboratory analyzer
was equiped with a flow cell, and connected to a fast sampling loop from
a powerforming unit. Spectra of the powerforming product were collected



conponent add pack; FIG 21 is the eigen spectra for PCA anal y5| s of five
conmponent add pack; FIG 22 is the eigen spectra flbsSieeKagboh eplagedof five
conponent add pack and cycl ohexane; FIG 23 is the for CPSA
anal ysis of five conponent add pack and cycl ohexane; he ei gen
spectra for CPSA anal ysis of five conponen#badd pack and cycl ohexane;

FIGS. 25 to 28 relate to an exanpl e denonstrating how constrai ned spectral
anal ysi s can be L esppiroximmstelyof enimetes intervals uging dhe ssagiegnenditions as rveest

appl i cati on; e“fsg&)q&l {Hecc%l Yion & Re 1%% Q%e{ﬁ? Gj?{é @Emdesﬁﬁ%a% rmd |

conponent s nDdeI researc OoCt ane nu
wi t hout wat er vapbe ressarchcedtane, numbﬁre(l't‘xg@reakﬂécﬁhgs'ad iaspegicdieefcillsdiondat a

research octane rghighey”lwifich WRY A%@h NBbrd tBidOfhdn RRpected changes in the
product composition. By subtracting successive spectra (Figure 19), it
was established that the oscillation was due to a periodic variation in the
absorption the range of 1400 nanometers. The absorption was identified
as being due to atmospheric water vapor (Figure 20) which was present
in the instrument light path, and the oscillation was tracked to the cycle
time of an air conditioning unit present in the instrument shake where
the analyzer was located. From Figure 19, it is clear that the for short
time periods (<40 minutes), there were only minor changes in the
powerformate product composition, and the periodic changes in the
estimated RON where due soley to the variations in the humidity in the
instrument. Difference spectra generated over longer time intervals {(e.g.
93—135 minutes) demonstrated that the magnitude of the water vapor
absorption was comparable to the differences in absorption due to actunal
compositional changes. From Figure 20, it can be seen that the water
vapor absorption falls within the same spectral range as absorptions due
to the powerformat hydrocarbons.

To minimize the effect of humidity variations on the estimation
of research octame number, a water vapor correction was added to the
model. A ‘"water vapor" spectrum was generated by subtracting
successive spectra from the on—line data over periods when the
composition was expected to show minimal variation. A CPCR model
was constructed using the 3 polynomial background corrections, the water
vapor correction, and using 5 Constrained Principal Components in the
regression. The resultant model was then used to reanalyze the same
on—line data (Figure 21). The inclusion of the water vapor correction
eliminated the periodic oscillation by producing a model that was
insensitive to variations in the humidity.

Example 9: Measurement Process Quality Control

CPSA allows the spectral variables which are associated with the
measurement process to be modeled so that the predictive models can be
constrained to be insensitive to these variables. The contribution of these



-19 - FIG 26 is shows the initial Powerformat e——spéc—tﬁmﬁ—ﬁ_us-—spectrum

at indicated tine, where the abscissa i s adsorbance pl qfted t
wavel engt h ‘i n nanoneters; FIG 27 shows NVR Power f OF gEE Gees ‘
and NI R water vapor spectrum (bottom plotted against H
nanonet ers; FIG 28 shows the constrainedgprinci pal |88

research octane nunber of Powerformates: final nodel with water vapor

correction, wherohdieaiabS/akiabRs ! AR isPR% At [ RPRBEMRD et ABRusNUIRRE
plot- ted against tine on line. F | lustrate theg effect of
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respectively; mre?ge%?;?e%l rfai, (iﬁle lr\élative contributions of the constraint variables to a
spectrum are obtained merely by taking the dot product of the constraint
vector with the spectrum. The range of values obtained for the
calibration spectra represent the range of measurement process variation
during the collection of the reference spectra, and can be used to identify
reference spectra which are outliers with respect to the measurement
process. In building the predictive model it may be desirable to recollect
the spectral data for these outliers so as to optimize the model.
Similarly, the values of the constraint variables for an unknown spectrum
being analyzed serve as an indication of measurement process during the
analysis, and can provide a warning if the measurement process has
changed significantly relative to the calibration. CPSA thus provide a
means of performing quality control on the measurement process,
indicating conditions under which changes in the measurement process
rather than changes in the sample might be affecting the predicted
results.

Figures 22 and 23 show examples of how the constraint variables
can be used to monitor the spectral measurement process. In the
isooctane/heptane example above (Example 6), the spectra were collected
in a rapid fashion without allowing sufficient time for the spectrometer to
be fully purged. As a result, absorptions due to water vapor are
superimposed on the component spectra, and are isolated as a Principal
Component (eigenspectrum 5 in Figure 8) by a PCA calculation. In
developing the CPSA model, water vapor correction spectra were used to
generate a constraint. Figure 18 shows a plot of the dot product of the
reference and test spectra with the water vapor constraint. The value of
the constraint variable clearly identifies spectra which are outliers with
respect to the water vapor level, in this case spectra which show a
significantly lower water vapor level than the average. Figure 23 shows
similar data for the chloroform constraint used in the additive package
example (Example 7). Chloroform was used to rinse the cell between
samples, tends to penetrate into small openings between the spacer and
the windows, and is not always completely removed even when a vacuum
is pulled on the cell. The value of the chloroform constraint variable



FIG 29 shows an exanple of measurenment process quati-ty—eoentrol—of-water

vapor correction for isooc- tane/heptane spectra, where the abS| ssa is DOT
prod- ‘uct With water correction spectrum FIG 3 RIRESE ¢
measur enent process quality control of chloroform c:
spectra, where the abscissa is DOT productgmith chl okl
spectrum FIG 31 shows an apparatus for estimating an un- known property

or conposi tional lakg ﬁﬁxcﬂte?asggét‘f%(far) whﬁ;ﬁ@{ hﬁc} %si‘mﬁféeﬁi)t BP'BEIBW ﬁsﬁﬁl)pl or

generating the spﬁc- trum ral i ty atTon ‘sanp aving
known properti es 5)AV§ragRAmeIEt of mdéqnéawt@ns‘&ﬁﬁapﬁes%e ote that

CO?SI d;ar Stl _?_R Vm@ﬁﬁ:eut{hbnﬁdﬂlks POPRY chidfofrm C@ﬁmiﬁht ls?@ctd@xha(ﬁg&ret o6 Qre h
estimate e apparatus.also c ri ut.er ei,ves e
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Constrai ned Prinachlpebfofipectra Analysis (CPSA), is described hereinbel ow,
and it's application to nultivariate, spectral analysis is denonstrated.

CPSA is a novel nodification of Princi- pal Conmponents Analysis (PCA) which
al l ows the spec-

It will be appreciated that various modifications and changes may
be made to the methods and apparatus disclosed herein within the scope
of the invention as defined by the appended claims. Such modifications
and changes will be obvious to the skilled addressee and will not be
further described herein.



troscopist to input his know edge of the spectral mea- surenent process

into the devel opnent of spectral based nultivari ate frodel's 'so-as to~

maxi m‘'ze -the stabil- ity and robustness of these m)lslel
un

I? th dsequent
nmeasurenent of property and conposition data for ‘ ,g‘,?»f >
signals in the calibration spec- tra whicldgare due 1i:'l e Eﬁﬂﬁ

R than the
sanpl e conponents to be nodel ed such t h&alldhé resultant predictive nodels

measur enent process
can be constrained to be |nsen§ “ s&&a&@f@ﬁtm &g};nt process signals.

Isooctane Heptane
Volume % Volume %
Calibration Samples

2 78 22
4 82 18
6 84 16
8 86 14
10 88 12

12 90 10
14 92 8
16 94 6
18 96 4
20 98 2
22 100 0

Test Samples
1 76 24
3 80 20
5 83 17
7 85 15
9 87 13

11 89 11
13 o1 9
15 93 7
17 95 5
19 97 3
21 99 1



The neasurenment process variables for which con- straints are devel oped
al so server as quality control variables for nonitaring the status_of the
measur énent’ process during the subsequent application of the nodel for,

measur enent of unknowns. A correspondi ng nodi fi cat i i ShertiaBen RBuciride t O
the PLS and MR techni ques, which, as expl4g ned above,H 1 1 mw ves to
PCA (or PCR). The respec- tive nodifications will be r L G ein as
Con- strained Partial Least Squares (CPLS), and Constral ne Li near

Regression (CMLS). Generically, CPSA, CPLFabie@ CMLR will be referred to as

Con- strained Spectral i l n&fﬁm& ared spectra
of a nol ecul e consi st oﬁ%@%@@%?ﬁ%ﬁ%ﬁggrr spong%eﬁg to
different types of nolecular vibrations. In a conplex mxture, the
absorptions due to a specific nolecular type will all vary together in
intensity as the_concentra- tjon_of the species chﬁn es. The fact that the
intensities of tPA¥PBOhulti ith & abkOPHBR®NS are corrd$BIRBY in the fre- quency

(wavel engt h) domMgdeR! | ows pchem §BEbe di s§EP- gui sS$EE for r§ERIom noi se t hat
is uncorrelated in the

Models based on 11 reference spectra without pathlength correction:

PCR 2 2.715 3.396 6.736 8.198
3 0.263 0.551 0.466 1.081
4 0.197 0.187 0.035 0.077
5 0.118 0.213 0.035 0.085
6 0.129 0.218 0.030 0.062
CPCR 2 0.196 0.248 0.045 0.056

Results renormalized so heptane plus isooctane equals 100%:

PCR 4 0.040 0.077 0.040 0.077
5 0.028 0.094 0.028 0.094
CPCR 2 0.056 0.071 0.056 0.071

Results for models employing pathlength correction:

PCR 2 6.394 6.986 6.394 6.986
3 0.445 0.977 0.445 0.977
4 0.045 0.072 0.045 0.072
5 0.034 0.091 0.034 0.081
CPCR 2 0.056 0.071 0.056 0.071

SEE = Standard Error of Estimate for Calibration
SEP = Standard Error of Prediction for Test Set



frequency domain. Miultivariate data anal ysis methods such as Princi pal
Conponents Analysis or Partial Least Squares are used to identify ant—
i solate the frequency correl ated signals anong a seri egy0d S8l i oration
spectra. These spectral variables can be regressed agal ng o ¢d and
conponent concentration data for the calibrg- tion sar'rpIEm)= # a
predi ctive nodel. During the analysis of unknowns, the
deconposed in ternms of these same spectral variables, and regression
rel ati onships are used to predict the proffabled conposi- tion of the new
sanples.  In all real ensrhligh PRMEGIEHCA ahd TP RBIIANOL AR ©
conponent concentration Ty ency
correlated signal. Signals aris- ing frBack Apalgsissur enent process (e.g. the
instrument, the cell, etc.) are superinposed on the absorptions due to the
I nen h h i h r n r I gnal
S rt ot s Mords bessdion 13 blend Spectra plus cyclohexane | OCeSS St onals

Results renormalized so 5 add pack components add to 100%

Model # of Standard Error of Estimate
Var. Disp NPS ZDDP MgSulf Oil

K Matrix 6 0.369 0.363 0.150 0.164 0.704
PCA 9 0.148 0.217  0.106 0.088 0.126
CPSA 7 0.291 0.271 0.143 0.128 0.220
CPSA * 7 0299 0273 0.144 0.127 0.229

Model # of Standard Error of Prediction
Var. Disp NPS ZDDP MgSulf Oil

K Matrix 6 0.412 0.398 0.132 0.300 0.612
PCA 9 0.429 0.285 0.147 0.300 0.367
CPSA 7 0.410 0.267 0.098 0.314 0.378
CPSA * 7 0.402 0.263 0.099 0.313 0.375

# of Var. = Number of variables in model

Disp = Dispersant, NPS = Nonyl Phenol, ZDDP = Zinc
Dialkyl—Dithiophosphate, MgSulf = Magnesium Sulfonate
* CPSA model including water vapor constraint



-21 - t he sanpl e conponent absorptions, and are thus ex- tracted as
spectral variables. If these nmeasurenment pro- cess’ vafﬁszgggeggasggeakepmed

correlated to the property/concentra- tion (or errors |

during the regression, predictions based on the result# ?i,’i, [wsm
depen- dent on variations in the neasuregént process. OF&

spectroscopi st to nodel potenti al sour ceg,! measur enment process Si gnal S
and renove them as spec- tral variabl es—pﬁ-m to the regression. The
resul tant pre- dictive nodel s PAtA AmalysisrofiGRSA Congimaintssensitive to the
measur enent process signals, and are thus nore stable and robust to
variations in the spectral data coll ection. Exanples included in this

report denonstrate the use of CPSA for devel oping predictive nodels, and
com Constraint Disp NPS ZDDP MgSulf Qil

Polynomial 1 (constant)

0.902 2.094 1.342 1.436 2.521
Polynomial 2 (linear)

-5.500 2.099 1.149 —0.843 12.110
Polynomail 3 (square)

-1.321 -5.880 —1.147 1.009 1.060
Correction 1 (CHCL;)

-0.221 -0.34 0.213 -0.105 0.230



pare the CPSA results to those obtained via other mul ti- _ variate nethads.
| NTRODUCT! ON Princi pal Conponents Regression and Partial Least Squares
nmul tivari ate data anal yses are used to correlate the riiisébasl Zas BeenReplavedii on

i nherent to spectral data to property and conpositional |
PCR and PLS are nost often applied to unggr-determ ned ’

R

: il

- ! S,
i.e. to calibrations where the nunber of data points per spe!:ﬂrum exceeds
the nglnber OL calibration sanples. Therefore, both nethods require a
vari abl e reduction L.ch L educes, the di si onalyi f S - al
data. Wile the al go\rAH‘ opstIaneg, e%cr‘%agfgl?%gr%ﬁn%sgc#ﬁgﬁ dCoBﬁrr%‘gsné;\l s and
PLS | atent vari adpeetisostopiseto imputcidsmimoutedgeaf thetspedral ggsasutementsnpe aBased
on an as- sunptjo a h 0Nl SMard ' he
spectral data. aae‘té‘iﬁwéz}ﬁeﬁ@@dg#@s‘g%sﬁéé’ﬁ 3‘&5{“3@5 ﬁggﬁt%@r{u t:tgltg&
signal s whose i ninezsurément Precess, nand Itp develop| mullivaripte reredictige emogels or
wavel ength) domegpiey, EANYARSARG! 18! b dnsdhtive? 18 VAR dshiuitic optopdsst ed i

t he frequency donain. orithns are_desjgned.to isolate.the signals
i S T fagnion serve as quality con%roq

that are corr el asigenls.r Jrhetgoastraintsosgveloped in this
variables for the measurement process, allowing for the optimization of
the calibration and subsequent monitoring of the spectral measurement.
The CPSA algorithm provides advantage over speciral preprocessing
techniques in that: (1) it uses all available spectral data to derive and
remove the measurement process variables and as such is less sensitive to
spectral moise than methods based on limited ranges of the data, (2) it

uses a single calculation method to remove all types of measurement

process variations including variables for which preprocessing algorithms
would be difficult or impossible to develop (e.g highly overlapping
interferences or higher order background variations), (3) it provides
measurement process variables which are orthogonal to the spectral
Principal Components thereby insuring maximum stability of the
predictive model, and (4) it incorporates the modeling and removal of
measurement process variables as an integral part of the analysis thereby
removing the necessity for the development of separate preprocessing
methods and algorithms.

It will be appreciated that various modifications and changes may
be made to the methods and apparatus disclosed herein within the scope
of the invention as defined by the appended claims. Such modifications
and changes will be obvious to the skilled addressee and will not be
further described herein.



noi se so as to produce spectral variables that can be regressed agai nst
conceptratjon and/or property data to produce a predictive nodel. If the
signals due to sanple conponents were the only source of frequency corre-
| ated signal in the spectral data, both gpnputational nethods would yield
stabl e, robust predictive nodels MhI%P could be used for the subsequent
anal ysi s of

mat er i ;al S. Unfortunately, in all real spect raI \ ”!ml |I‘LII“.!|““$| ﬂ!ﬂ)wn
-4 |

v 1. A method for correcting spectral data of n samples for the
effects of data arising from the spectral measurement process itself (rather
than from the sample components), said spectral data being quantified at
f discrete frequencies to produce a matrix X (of dimension f by n) of
calibration data, said method comprising:—

() producing a correction matrix Uy of dimension f by m
comprising m digitised correction spectra at said discrete frequencies f
said correction spectra simulating data arising from the measurement
process itself; and

(i) orthogonalising X with respect to Uy to produce a
corrected spectra matrix X. whose spectra are each orthogonal to all of
the spectra in Uy.

14

[ 2. A method as claimed in claim £ for which matrix X is to be
corrected only for the effect of baseline vartations, wherein said baseline
variations are modelled by a set of orthogonal frequency (or wavelength)
dependent polynomials which form said matrix Uy of dimension f by m
where m is the order of the polynomials and the columns of Uy are
orthogonal polynomials.

I,

{3. A method as claimed in claim 2, wherein said orthogonal

polynomials are Legendre polynomials.

| 4. A method as claimed in claim 1 for which matrix X is to be
corrected only for the effect of ex—sample chemical compounds, wherein
the spectra that form the columns of Uy are orthogonal vectors that are
representative of those ex—sample chemical compounds.

/ A method as claimed in claim 1, wherein step (i) comprises:—

(ia)  modelling baseline variations by a set of orthonormal
frequency (or wavelength) dependent polynomials which form the columns
of a matrix Up of dimension f by p where p is the order of the

This Sheel Has Been Replaced
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measurenents, there are additional sources of—sa—gﬁat—s—whese—t-nt ensities

are linearly correlated in the fre- quency dongi. ontribute to the

total *spectral variance, and which are associal Iwam, j sure- nent

process rather than the sanples. For md-infr c , exanpl es

of the measurenment process signals woul i nclude refl ect ance/ scattering

loses from Peiéoéﬁil AMSandoihd DRRAAS 8 UL A€ bHEsR0IERS peliRoialsy ace  wat er

and carbon dio I'n the spectroneter Burge gas. P these neasurenent

rel ated signals were constant t hey woul d have no effect on the predictive

gggelazt tgowevert si ny thegggpyyﬁfgsl Lyt e lgasd daeo&sssa,nﬁilgrweetrame whitlenisel ves
variation a rea
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reduction, an
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rel ated signals.

(ic) orthogonalising the column(s) of X5 with respect to Uy to
form a new matrix Xs’;

(id)  orthogonalising the column(s) of Xs* among themselves
to form a new matrix Usg;

(ie) combining matrices Up and Us to form a matrix Ug
whose columns are the columns of Up and Us arranged side—by—side.

i 6. A method as claimed in claim 5, wherein step (ic) is
performed by a Gram—Schmidt orthogonalization procedure.

t(’° 7. A method as claimed in claim 5, wherein the ex—sample
spectrum is that of water vapor and/or carbon dioxide vapor.

A 8 A method as claimed in any one of claims 5 to 7, wherein in
step (id), a singular value decomposition of matrix Xs’ is used to
generate the orthogonal correction spectra Us, the first s terms of which
correspond to the number of different types of ex—sample spectral
interferences being modelled are retained while any remaining terms are
eliminated, and the resulting matrix Ug is combined with matrix Up in
step (ie) to form matrix Us.

9. A method as claimed in any preceding claim, comprising the
further steps of: —

(iii) performing, on matrix X, the singular value
decomposition X = UZVt, where U is a matrix of dimension f by n and
contains the principal component spectra as columms, X is a diagonal
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Spectral preprocessing is used to mnimze the-effect of neasurenent

rel ated variance on nmultivariate nod- els. Basel I’ﬂﬁ correction algorithns

are an exanpl e of commonl y enpl oyed preprocessi ! ﬂ"!ml whi ch
m ni mal sanpl e conponent intensity is expect ed it to a

" basel I ne function (a constant of fset, &% frequency dependent *pol ynoni al ) .

The “base- lin &ﬁé#&&ﬂei S|s ;g,mtt f‘su [HER defvﬁlﬁlei hed¥ 15l a

variate calibra |on or ana tract on al orlthms are al so
be enpl oyed i n ptaix ofc Mﬁgﬁ ﬂfb)"t B’é’g et K9St r al

interferences (¥t Gein @fraﬂﬁjégga,fv'-rhe Obj ect|ve of the preprocessing is to
renove the neasurene process rel ated signals fromthe spectral data prior

to the variabl e reductlon There are several disadvantages to the
preprocessi ng met hodgiw)hat r@m@mhg/mm&ﬁm yz end Vykal kol thpeughr alpromigalsi s.

1) Th | cul at
Gener al §ab§§eic°'mci>”§e@§§tt s BRE TS 5F o \BE 4DRFEN idaBlrefinls B e
poi nt of f set com rcelibration samples; vw formi the matciaes T4s 8r iand Ybrwbshlasm)Of and
are sensi tive tg I8 fIOF8F 1R HFLE by BoredfectiVyPRAdT s Used Tor the

(v) multiplying these matrices U/, ¥/ and V- together to
form another matrix whose columns of spectral data substantially exclude
spectral data due to noise.

f , 10. A method of estimating unknown property andfor
‘ composition data of a sample, comprising:—

(1) collecting respective spectra of n calibration samples, the
spectra being quantified at f discrete frequencies (or wavelengths) and
forming a matrix X of dimension fby #;

(it) producing a correction matrix Ug of dimension fby m
comprising m digitised correction spectra at said discrete frequencies £,
said correction spectra simulating data arising from the measurement
process itself;

(i) orthogonalising X with respect to Us to produce a
corrected spectra matrix X whose spectra are each orthogonal to all the
spectra in U,;

(iv)  collecting ¢ property and/or composition data for each of
the n calibration samples to form a matrix Y of dimension n by ¢ (¢ >

1)

(v) determining a predictive model correlating the elements
of matrix Y to those of matrix X;

(vi)  measuring the spectrum of the sample under
consideration at said f discrete frequencies to form a matrix of dimension

This Sheet Has Been Replaced l
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- 23 - correction. Depending on the relative magnitudes of the noise and
the signal being renoved, the preprocess- ing may be ineffective in
renovi-ng t’he neasurenent process signals, or may_only substitute one source
of variation (correlated to the spectral noise) “for another (the si gnal
bei ng subtract ed). (2) For sone types &6 S|gna ﬂuﬂml j ﬂ |nterfer-
ences which arﬁ% resol ved from sanpl e si rder

background ter B ectlve reproduc- ible preproce55|ng algorlthns are
difficult to develop

(vii) estimating the unknown property and/or composition

data of the sample under consideration from its measured spectrum using
the predictive model.

11. A method as claimed in claim 10, wherein the predictive
model is determined in step (v) using a mathematical technique to solve
the equation Y = XtP + E, where X} is the transpose of Xe, Pis a
prediction matrix of dimension fby ¢, and E is a matrix of residual errors
from the model and is of dimension n by ¢ and wherein, for determining
the vector y, of dimemsion 1 by c¢ containing the estimates of the ¢
property and/or composition data for the sample under consideration, the
spectrum X, of the sample under consideration, xy being of dimension f
by 1, is measured and y, is determined from the relationship yy = x$P,
x} being the transpose of spectrum vector Xy.

4 12. A method as claimed in claim 11, wherein said mathematical
technique is principal components regression.

51 13. A method as claimed in any one of claims 10 to 12, wherein
the m spectra forming the columns of matrix Uy are all mutually
orthogonal.

" b
[

14. A method as claimed in any ome of claims 18-to 12, wherein
step (ii) comprises:—

G

(iia) modelling baseline variations by a set of orthonormal
frequency (or wavelength) dependent polynomials which form the columns
of a matrix U, of dimension f by p where p is the order of the
polynomials and the columns of Up are orthonormal polynomials;

(iib) supplying at least one ex—sample spectrum which is
representative of an anticipated spectral interference due to an ex—sample
chemical compound, this ex—sample spectrum or these ex—sample spectra
forming the column(s) of a matrix Xs of dimension fby s where s (> 1)
is the number of such ex—sample spectra and is greater than or equa.l to
the number of such ex—sample spectral interferences s’; T
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(3) The spectral variables which are renoved by the-ﬁ#—ep%ovess"r‘ng'ﬁ—ep are
not orthogonal to the variables (Principal Conponen

L : he
mul tivari ate analysis. The |lack of orthogonality m}ﬂi‘uﬂﬁ“lﬂﬁﬁ“ﬂm“ to
statistically define the effects of the preprocessi resukt ant
nodel . (4) Since by definition, the prddprocessing is applied before the
mul tivariate anal ysi sg. & he i b RO BricH Sesnedt &eUG8! | Y
(ijc) o?fh%&ﬂ’a‘iﬁﬁﬁ the cBhuifi(sy bf X3 es |

i ncluded as an integr part nost “mul t1varidte prograns. The usSer is
thus left with fomm 4 sewonald/ &sGpi ng and i npl enenting his own pre-
processing algorithnms and integrating themw th the nultivariate analysis

prograns. Since different algo- rifhnms _can, be r Ledto ndl e different
types of nea- surementidro sevﬁﬁénssfzheaﬁﬁw(ﬁﬁ&%gW&PBQ@F’E@Y%‘P are

renoved by eachfgyn09melwhdngixeUgot orthogonal, the ultimate effect of the
preprocessing on the stability and robustness of the predictive nodel
becone increasingly difficult to determ ne. The purpose of this
description is to des(iié)be cembiing matiicdsrityand Vs to fooni ymadrix dJi whesepor at e

Pr epr 0cessi NG ag .l i 45 bolRh oF1v, R OYbiaNgAd Ale-BAGkigsi s The Con-

/ { 15. A method according to any one of claims 10 to 14, wherein,
for determining any significant change in the measurement process data
between the times steps (i) and (vi) were performed, the following steps
are carried out:

(a) a matrix Vg of dimension n by m is formed as the dot
product XtU,, where Xt is the transpose of matrix X;

(b) the corrected data matrix X¢ is formed and its singular
value decomposition computed as UEVt, where U is a matrix of dimension
fby n and contains the principal component spectra as columns, I is a
diagonal matrix of dimension n by n and contains the singular values,
and V is a matrix of dimension n by » and contains the principal
component scores, Vt being the transpose of V;

{c) a regression of the form Vo = VZ + R is determined;
(d) a vector vy is formed as the dot product of the measured
spectrum of the sample under consideration, xy, with each of the columns

of the correction matrix Uy, va = xtUy;

(e) a corrected spectrum x. is formed as a result of
orthogonalising x, with respect t0 Un, X¢ = Xy — Uavt;

® the scores for the corrected spectrum are calculated as
v = xtUX-t where x is the transpose of x¢;

(g) the measurement process signals are calculated as
I = Vg — vZ; and
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strained Principal Spectra Analysis (CPSA) algorit hm al | ows the user to

nodel (e.g. provide an exanple spec- trum of) pot Iﬂmtmm
measuf‘enent rel ated sig- nals. The algorithm genelmﬂl@mﬁ rt honor nal
cor- rection variables (spectra) which are renoved f fom-t h% shectral data
prior to the multivariate variable reduc-5&ion. The multivariate predictive

rodel generated 11tV MRVAR ml g BRbf 3ha Slbaihed B 10 ufl obiipRRA e (0

thogonal ) to the pres neasurenent process_signals_in the
spectral data. $hecangehof anlygsiafhBy uskesebna éusmﬁt%nfs&éf&fme indicades 3

generating the goRkEAl talge i themegbhitbhi Yrob@8@aed.t i Ve to spectral noi se.
The al gorithm -24 -
PR 16.  Apparatus for estimating unknown property and/or
compositional data of a sample, comprising:—

- a spectrometer for generating the spectrum of a plurality
of calibration samples n having known properties and/or composition c,
and the spectrum of a sample under conmsideration having unknown
property and/or composition data which is to be estimated; and

— computer means arranged to receive the measured
spectrum data from the spectrometer and operable

(i) in a data .correction mode to perform, in
conjunction with an operator, steps (i) to (iii) of claim 10;

(ii) in a storing mode to store the ¢ property and/or
compositional data for each of the n calibration samples to form the
matrix Y of dimension z by ¢ (¢ 2 1);

(i) in a model building mode to determine, in
conjunction with the operator, a predictive model according to step (v) of
claim 10;

(iv)  in a measurement mode to perform step (vi) of
claim 10; and

(v) in a prediction mode to perform step (vii) of
claim 10, in order to estimate the unknown property and/or composition
data of the sample under consideration according to the determined
predictive model correlating the elements of matrix Y to the corrected
spectra matrix X, resulting from the orthogonalization of matrix X with
respect to the correction matrix Ug.

—_
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can correct for polynom al backgrounds as well as poorly resolved spectral
interferences. Since the "pre- processing” is an integral part of the
algorrthm” the effects of including corrections on the resultant predic-
tive nodel can be readily tested. Finally, the correction variables defined
by the CPSA al gorithm serve a useful qual®®ty control variables for

noni toring the nmeasure- NMENABSTRAATE OF i THE2DISEEOSURE unknowns.

Al though the Constraint al gorrthm-describe ere 1's specifically applied as
a variation of a Principal Conpo- nents Analysis, the sane nethodol ogy
could be used to develop a constrained version of the Partial Least Squares
anal ysi s. MATHEMATI CAL BASI S FOR CPSA  The obj ect of Principal
Conmponents Analysis (PCA) is to isolate the true nunber of independent

variables in the spectral data so as to allow for a regression of these
vari abl es agai nst the dependent property/conposition

For correcting measured spectral data of n samples for data due
to the measurement process itself, e.g. due to spectral baseline variations
and for water vapor and carbon dioxide present in the atmosphere of the
spectrometer used to make the spectral measurements, the spectral data
being quantified at f discrete frequencies to produce a matrix X (of
dimension f by n) of calibration data, matrix X is orthogonalized with
respect to a correction matrix Uy of dimenmsion f by m comprising m
quantified correction spectra, at the discrete frequencies f, which simulate
data arising from the measurement process itself. The correction method
is preferably included in a method of estimating unknown property
and/or composition data of a sample under consideration, in which the n
samples are calibration samples and a predictive model is developed
interrelating known property and composition data of the calibration
samples to their spectral data corrected for the data due to the
measurement process itself.  Then, the unknown property and/or
composition data of the example under consideration is estimated from
the predictive model on the basis of its measured spectrum.

——
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vari abl es. The spectral data matrix, X, contains the spectra of the n
sanples to be used in the calibration as colums of length f, where f is

t he ntinber” of data points (frequencies or wavel engths) per spectrum The
object of PCAis to deconpose the f by n X matrix into the product of
several matrices. This deconposition can be acconplished via a Singular

Val ue Deconposition: X=U err]V (n
where U (the left eigenvector matrix) is of dinension f by n, [err] (the

di agonal matrix containing the singular values o) is of dinension n by n,
and V'is the transpose of V (the right eigenvector matri x) which is of
dinmen- sion n by n. Since saone versions of PCA performthe S @I ar Val ue
Deconposition on the trangpose of the - 25-

FIGURE 1

BENZENE WT% BY GAS CHROMATOGRAPHY

BENZENE WT% BY INFRARED

This Sheet Has Been Replaced

- JHREN




data matrix, X, and deconpose it as V[err]U , the use of the terms |eft
and right elgenvectors I's sonewhat arbi- trary. To avoid confusion, Uwll
be réferréd to as the eigenspectrum matrix since the individual col um- vec-
tors of U (the eigenspectra) are of the sanme length, f, as the original
calibration spectra. The term eigenvectors will only be used to refer to
the V matrix. The matrices in the singular value deconposition have the

foll ow ng properties: UU=-I[err]
(2) W =V V=l [err] (3)
X X=V[err]V and XX = Uerr] V (4)

50

FIGURE 2

APl GRAVITY (ASTM D1298)
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where I[err] is the n by nidentify matrix, and Ais the matrix containing
the eigenvalues, [err] (the squares of the singu- |ar values), on the

di agonhal ahd zeros off the diagonal. Note that the product UJ err] does not
yield an identify matrix for n less than f. Equations 2 and 3 inply that
both the eigenspectra and ei genvectors are orthonor- mal. In some version
of PCA, the Uand [err] are matrices are conbined into a single matrix. In
this case, the el genspectra are orthogonal but are nornalized to the

si ngul ar val ues. The object of the variable reduction is to provide a set
of i1 ndependent variables (the Principal Conponents) against which the
dependent variables (the preperties—er—econrposttions)—ean—be rdBressed The
basi c regression equationjfor direct calibration is Y=X{P

(5) where Y is the n by o at ri x containing the property/- gonposition
data for the n sanples andl °c Bropertles' conponents, and P ils the f by c
matri x of regression coeftici Fonposi tion
dat a

o
Te)

FIGURE 3

CETANE NUMBER (ASTM D-613)
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to the spectral data. We will refer to the ¢ colums of P as prediction
vectors, since during the analysis of a spectrumx (dinmension f by 1), the
predi ¢ttion of the properties/conponents (y of dinension | by c) for the
sanpl e i s obtained by y=X[err]p

(6) - 26 - Note that for a single
property/ conponent, the predic- tion is obtained as the dot product of the
spectrum of the unknown and the prediction vector. The solution to
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equation 5 is [ X[err]][err] Y=[Xerr]][err]X P=P

(7) where [X[err]][err] is the inverse of the X matrix. The matrix X err]
is of “course non-square and rank deficient (f >n), and cannot be directly
inverted. Using the singular value deconpositions, however, the inverse can
be approxi- mated as [ X[err][err]=Uerr]V

(8 where [err] is the inverse of the square singular value matrix and
contains 1/[err] on the diagonal. Using equa- tions 7 and 8, the prediction

vector matri x becones P=Uerr] VY
(9) As was noted previ the objective of the PCAis to separate
systematic (frequency corfelated) signal fromrandom noi se. The
ei genspectra corresponding do the |arger singular values represggnt the
systematic sig- nal, whilge tRose corresponding to the small er Fggngul ar
-
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val ues represent the noise. In general, in devel oping a stable nodel, these
noi se conponents wll be elimnated fromthe anal ysis before the prediction
vectors are cal- culated. If the first k<n eigenspectra are retained, the
matrices in equation 1 becone U (dinmension f by k), [err]' (dinension k by
k) and V' (dinmension n by k). X= Uerr]'+E

(10) where Eis an f by n error matrix. ldeally, if all the wvariations
in the data due to sanple conponents are accounted for in the first k

ei genspectra, E cont g ms<_onty Tangdomynoi se.t+t—shoutd—be—roted that the
product V'V no |longer yie entity matrix. To sinplify| notation
the ' will be dropped, and U err % Wi | I} henceforth refer o the rank
reduced matrices. The choice of k) the aunber of eigenspectrajto be used
in the calibration, |is based on stafii|stk=cal| tests and sone prhoﬁ?
know edge of the spectral noise |eveli. E E
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§ =
= -
Lo << :
< 18 |3 5 %
O 2l g g | 2
Ry B LE
“00 ; .QL(LD.
A » .
n- o
O
(O 7T T o"- T T T T T Q‘-
wn = & & 8 g8 8§ 8 §
o 0 © o© o
S INDICATOR FUNCTION EIGENVALUE RATIO
LL
-0 - O
2 5
4 -
N 2
: 8
S—"1] | 2 2
CL .m& »m%
(&)
o TELLS :
L o < ;
res O k‘/ 2 "’%
Nl % Q. *
2 S |
O
-(6 T é T cr\l T o T q;— 8(7 T ld’.r TT {é' T T I;.T -
- & & 8

LOG EIGNVALUE CUMULATIVE PERCENT VARIANCE

This Sheet Has Been Replaced

JUARIT0




- 27 - Al t hough the prediction of a property/conponent requires only a
singl e prediction vector, the calculation of uncertainties on the
predi‘ction require the full rank reduced V matrix. In practice, a two step,
indirect cali- bration nethod is enployed in which the singular val ue
deconposition of the X matrix is cal culated (equation 1), and then the
properties/conpositions are separately regressed agai nst the eigenvectors

Y=VB+E V
(12)+ During the analysis, the ei genvectog fﬁ?@%wﬁn é
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spectrumis obtained : v=x[err]U err] (13)
and the predictions are made as y=vB

(14) "The i'ndirect method is nmathematically equivalent to the direct nethod
of equation 10, but readily provides the val ues needed for estinating
uncertainties on the pre- diction. Equation 6 shows how the prediction .
vector, P, is used in the analysis of an unknown spectrum W as- sune that
t he unknown spectrum can be Sepa”%ﬂg&%tj in m of two terns, the spectrum
due to the conpo- nents in the u Ea and the neasurenent process
rel ated signals for which we want to devel op con- straints, x[err], The
predi ction then becones y=x[err]P=x[err] P+x[err]P

(15)

EIGENSPECTRUM 1

L

A EIGENSPECTRUM 2

NI C L WO ViVAY G
EIGENSPECTRUM 3

[ EIGENSPECTRUM 4
A

M

EIGENSPECTRUM 67
2000 CM-1 690
""""""""" INDICATES ZERO ABSORBANCE LEVEL

This Sheet Has Been Replaced

IS




If the prediction is to be insensitive to the neasurenent process signals,
the second termin equation 15 nust be zero. This inplies that the
predlctlon ‘vector nust be orthogonal to the measurenent process signal
spectra. From equation 10, the prediction vector is a |inear com bination
of the eigenspectra, which in turn are them selves |inear conbination of
the original calibration spectra (U= XV[err]). If the original calibration

spectra are all orthogonalized t Gaxﬁgqsg g?asurenent pro- cess signal
the resulting prediction vector willl t hogonal , and the prediction

will be insensitive to the neasurenment process signal. This
ort hogonal i zati on i - 28 -
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procedure serves as the basis for the Constrained Princi- pal Spectra

Anal ysis al gorithm

In the Constrained Principal

Spectra Anal ysis (CPSA)

program two types of neasurenent process signals are considered. The

programinternally gener- ates a set of orthonornal

polyno- mals, Uerr].
t he maxi num order (degree m num one) of the pol yno-
col ums whi ch are orthonor nal

Uerr]

spectral range used in the anal ysis.

provi de constraints for spectral
may supply spectra re
(e.g. water vapor spe
di rension f by s wher
I nclude multiple exan

are first orthogonal

FIGURE 10

frequency dependent
is a mtrix of dinmension f by p where p is

mals, and it contains

Legendre pol ynom al s defined o t he
The polynom als are int ed to
baseline effects. In addi- tg t he user
QLQPentative of ot her neasurement prace gggnals
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e s is the nunber correction spectra) h may
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relative to the polynonials via a G am Schm dt orthog: onal i zati on

procedure X[err]'=X[err]- Yerr](Uerr]Xerr])
(16) A Sinfgul ar Val ue Deconp05|t|on of the resultant cor- rection spectra
is then perforned, Xerr]' = Uerr]Verr]' (17)

to generate a set of orthonormal correction eigenspec- tra, Uerr]. The

user selects the first s' ternms corresponding to the nunber of neasurenent
rel ated signals being nodel ed, and generates the full set of corrgction

terms, Uerr], which | ncludes both the pol ynom al s and sel ed drrection
ei genspectra. These cprrection terns are2then renoved fromth& calibration
data, again using a G am Schm dt orthogongl|i zati on procedure
Xerr]=Y-Uerr](YUerr]'X (17)
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- 29 - The Principal Conponents Analysis of the corrected spectra,
X[ err], then proceeds via the Singular Value De- conposition

X[err]= Uer]Verr] (18) and the predictive
nodel is devel oped using the regres- sion Y= V[err]B
(19) The resultant prediction vector
10 -
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Plerr]=Uerr]-[err]V[err]Y ' (20) is orthogonal
to the polynom al and correction eigen- spectra, Uerr]. The resulting
predi‘ctive nodel is thus insensitive to the nodel ed nmeasurenent process
signals. In the analysis of an unknown, the contributions of the

measur enent process signals to the spectrum can be cal cul ated as and

t hese val ues can be conpared agai nst the values for the calibration,
V[err], to provide diagnostic as ﬁ\tjﬁE t_ﬂ measur enent process has
changed relative to the cali bratF:J r glts of the procedure
descri bed above are mathenatically equivalent to including the pol ynom al
and correction terns as spectra in the data matrix, and using a

constrai ned | east square regression to calculate the B matrix in equation
12. The constrained least sguare prnhndllrn Ls nmore—sepsitive—t6 t he
scaling of the
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correction spectra since they nust account for sufficient variance in the
data matrix to be sorted into the k eigen- spectra that are retained in

t he regre55| on step. By or- thogonalizing the calibration spectra to the
correction spectra before calculating the singular val ue deconpo- sition,
we elimnate the scaling sensitivity. The Constrained Principal Spectra
Anal ysis method al | ows neasurenent process signals which are present in the
spectra of the calibration sanpl IED present in the spectra of
sanpl es which are latter ana- IyEFOIGU‘E d and renoved fromthe
data (via a
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Gram Schmi dt orthogonal i zati on procedure) prior to the extraction of the
spectral variables which is per- fornmed via a Singular Value Deconposition
(16)."The spectral variables thus obtained are first regressed agai nst the
pat hl engths for the calibration spectra to devel op a nodel for independent
estimation of path- length. The spectral variables are rescaled to a conmon
pat hl ength based on the results of the regression and then further
regressed agai nst the conpositi OF BE/ fSa to build the enpirical
nodels for the estima- tion of t eﬂzgﬁJ e During the anal ysis of new
sanples, the spectra are coll ected and deconposed into the constrai ned
spectral variables, the pathlength is calculated and the data is scaled to
the appropriate pathliength, and then the regression nodels are applied to
cal cul ate the conposition/property data for the new materials. The

ort hogonal i zat | gpa—proeceturerenstres—that—the resuttanmt—TEasurengnt s are

constrained so as to be insgnsitive (orthogE]@EN&PE@deMdd measur ement

Process signals| The internal t hl engt h cal cul at;i pn and
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renormal i zation automatically corrects for pathlength or flow variations,
thus mnimzing errors due to data scaling. The devel opnent of the

enpi riccal Trodel consists of the foll ow ng steps: (1.1) The properties
and/ or conponent concentra- tions for which enpirical nodels are to be
devel oped are independently determ ned for a set of representative sanples,
e.g. the calibration set. The independent nea- surenents are nade by
standard anal ytical tests incl ud-ysipq, o] ém’ted to: el emental
conpositional analysis (conbusti Flwaé g‘ y fluorescence, broad |ine
NMVR) ; component anal ysis (gas chromat ography, nass spectroscopy); other
spectral neasurenents (IR, UV/v- isible, NVMR <color); physical property
measurenents (APl or specific gravity, refractive index, viscosity or

Vi scosi ty i ndex)—ane—perfortance—property neasure- MENtS (octang nunber,
cetane nunber, cpnbustibility). For chem cals applications whereithe nunber
of sanple conpongnts Is Ilmfe.d, the conpositional data nmay re- fil ect

wei ghts or vol unes used in pfepari POtAYNOMIAL CORRECTION 1

/( L OLYNOMIAL CORRECTION 2

POLYNOMIAL CORRECTION 3
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- 31- (1.2) Absorption spectra of the cali brati on sanples are
collected over a region or regions of the infrared, the data being
digiti ‘zed &t discrete frequencies (or wavel engt hs) whose separation is
| ess than the width of the absorption features exhibited by the sanples.
(2.0) The Constrained Principal Spectra Analysis (CPSA) algorithmis
applied to generate the enpirical

FIGURE 17
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model . The al gorithm consists of the followi ng 12 sfﬁps (2.1) The

I nfrared spectral data for the calibration spectra is |loaded into the
columg of 'a matrix X, which i s of dinension f by n where f is the nunber
of frequen- cies or wavelengths in the spectra, and n is the nunber of
calibration sanpl es. (2.2) Frequency dependent polynomals, Uerr], (a
matri x whose col ums are orthonornal Legendre pol ynom als having di nensi on
f by p where p is the maxi mum order of the polynonials) are geg@rated to
tral range

nodel possible variatio
used in the anal ysis. (2.3) Spectra representative of a ot e8types of
mea- surenent process signals (e.g. water vapor spectra, car-| bon dioxide,
etc.) are loaded into almatrix X err] of dinen- sio by s ere s is the
nunber of correction spectra used. (2.4) The corr i on spectra are
orthogonalized rela- tiye to the polynomals via 11dt orthogo-
nal i zati on procedure X[err] =Xerr]- Yerr](Yerr]' rr])
(2.4)
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(2.5) A Singular Value Deconposition of the correc- tion spectra is then
per formed, X[err]= Uerr]V[err] (2.5) to
generate a'set of orthonormal correction eigenspec- tra, Uerr]. [err] are
t he correspondi ng singular values, and V[err] are the corresponding right
ei genvectors, ' indicating the matrix transpose.
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(2.6) The full set of correction terms, Uerr]=UerriUerr], which includes
both the pqlynom als and correction eigenspectra are then rennved fromthe
cal i brdtion data, again using a Gam Schm dt orthogonal i zati on procedure

Xerr]=X- Uerr](Yerr]X (2.6) (2.7) The Singul ar
Val ue Deconposition of the cor- rected spectra, Xerr], is then perforned
X[err]= Uerr]Verr], (2.7) (2.8) The

ei genspectra fromstep (2.7) are exam ned and the a subset of e first k
ei genspectra whi ch cptre—spont—to—the—targer—sthngear—veatugs [err] are
retai ned. The k 1 through n elgenspectré\mhich correspond t® [spectral noise
are di scarded.
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Xerr]= Uerr]Vierr]Eerr] (2.8)‘“ (2.9) The k right
ei genvectors fromthe singular value deconposition, VK, are regressed
agai nSt the pathlength values for the calibration spectra, Y[err] (an n by

1 row vector), Y[err]= V[err]Bp+ Ep (2.9a)
where E[err] is the regression error. The regression coeffi- cients,
Blerr], are calculated as Blerr]=(V[err]V[err]) -[err] V[err]'Y[err]
= V[err]Y[err] (2.9hb) (2.10) An estimation @ the
pat hl engths for the cal i—-b#-ax—Lgn—s-pesi—La—J—s—eaJ—aﬂ—ax—ed—a-s——g
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- 33- A n by n diagonal matrix N s then forned, the ith di ago- nal
clement of N being the ratio of the average path- | ength for the
cal i bratioh spectra, y[err], divided by the estimted pathlength val ues for

the i[err] calibration sam ple (the i[err] elenent of Y[err]). (2.11)
The right eigenvector matrix is then renornmal- ized as Verr]=NV[err]
(2.11) (2.12) The renornmalized matrix is regressed against the
properties and or concentrations, Y (Y, an by c matri x c@taining the
val ues for the n caliu:qh;on* prgsayd t C PEPPET LY oncentrations)
to obtain the regre55|on§§oef|0| nts fo&tthe nDdeI§¥ -
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Y= V[err] B+E - (2.12a) < B =( V[err]V[err])
-[err]Verr]Y (2-12b) (3.0) The analysis of a new sanple
wi t h unknotwn properties/conponents proceeds by the follow ng steps: (3.1
The absorption spegtrum ef the unknown i s obtai ned under the sane
condi tions used in:the csllec- tion of the calibration spectra. (3.2) The
absorption spectrum x[err], is deconposed into the constrained vari abl es,
[err] _ (3.2a) . [err]
(3. 2b). (3.3) The pd ETTED OT ¢/ NS UNKHOWA SREC T U estimated as
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(3.4) The eigenvector for the unknown is rescal ed as [eﬁfi‘é@%‘?'ﬁs 154

(3.4) where y[err]
in (2.10).

[err]
.- 34-

(‘3 8) .The .prdperties/ concentrat ions are estimated as
3‘h153heet Has Been Replaced
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BACKGROUND OF THE INVENTION

!

This invention relates, in its broadest aspect, to correcting
measured spectral data of a number of samples for the effects of data
arising from the measurement process itself (rather than from the sample
components). However, it finds particular application to a method of
estimating unknown property and/or composition data of a sample,
incorporating steps to provide correction for such measurement process

spectral data. Examples of property and composition data are chemical”

composition measurements (such as the concentration of individual
chemical components as, for example, benzene, toluene, xylene, or the
concentrations of a class of compounds as, for example, paraffin), physical
property measurements (such as density, index of refraction, hardness,
viscosity, flash point, pour point, vapor pressure), performance property
measurement (such as octane number, cetane number, combustibility),
and perception (smell/odor, color). '

The infrared (12500 — 400 cm-t) spectrum of a substance
contains absorption features due to the molecular vibrations of the
constituent molecules. The absorptions arise from both fundamentals
(single quantum transitions occurring in the mid—infrared region from
4000 — 400 cmt) and combination bands and overtones (multiple quanta
{ransitions occﬁrring in the mid— and the near—infrared region from
12500 — 4000 cm-t). The position (frequency or wavelength) of these
absorptions contain information as to the types of molecular structures
that are present in the material, and the intensity of the absorptions
contains information about the amounts of the molecular types that are

present. To use the information in the spectra for the purpose of

identifying and quantifying either components or properties requires that
a calibration be performed to establish the relationship between the the
absorbances and the component or property that is to be estimated. For
complex mixtures, where considerable overlap between the absorptions of

is the average pathlength for the calibration spectra

,F@s)
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(4.1) The spectral regi on used in the calibration and aﬁg}ﬂyhéq%r yS*E)FeET
limted to subregi onsihsGhasHisBeaepisled Nt ENSE absor pti dng whi ch may be
I §ns

outside the linear .res : the spectroneter,i oar § & d#oi W§s7 eyi
of | ow signal content HHEUE (5. 1) The sanplies used in_thg
calibration may be re- i xcludj ng any sanplies which are

identified as nultivariate outliers by statistical testing. (6.1) Th
regression in dudipisugb copstitpents20ccays, nuyh bealibrations imusé dbe, jagcemplispd wi se

regression (17 REERIHAAS 84 Vaal Rk ction (18), so as to limt the
nunber of varigﬂgs retal ned ign t eﬁerr%f!?n?gg'l nodel to a subset of the
first k variables, thereby elimnating vari ables which do not show

statistically signifijgagimpgiex " @batteD cach t AsRAeatBibleighds eaid TRt ed.
(7.1) The Mahal a\ﬂ(t)ibies st at ItStIC for the unknoyn, DLe_r é. _gjven b _
err] multiple abspIPtiGn EAHTBY CRIEPORLBE &P HEeTERt { KPTRRahas i on
I's based on an motions. The intensities of these absorptions will all vary together in a
linear fashion as the concentration of the constituent varies. Such
features are said to have intensities which are correlated in the frequency
(or wavelength) domain. This correlation allows these absorptions to be
mathematically distinguished from random spectral measurement noise
which shows no such correlation. The linear algebra computations which
separate the correlated absorbance signals from the spectral noise form
the basis for techniques such as Principal Components Regression (PCR)
and Partial Least Squares (PLS). As is well known, PCR is essentially
the —ana.lytica_l mathematical procedure of Principal Components Analysis
(PCA), followed by regression analysis. Reference is directed to "An
Introduction to Multivariate Calibration and Analysis", Analytical
Chemistry Vol. 58, No. 17, September, 1987, pages 1007 to 1017, for an
introduction to Multiple Linear Regression (MLR), PCR, and PLS

Q

=

AY%4

PCR and PLS have been used to estimate elemental and
chemical compositions and to a lesser extent physical or thermodynamic
properties of solids and liquids based on their mid— or near—infrared
spectra.  These methods involve: [1] the collection of mid— or
near—infrared spectra of a set of representative samples; [2] mathematical
treatment of the spectral data to extract the Principal Components or
latent variables (e.g. the correlated absorbance signals described above);
and [3] regression of these spectral variables against composition and/or
property data to build a multivariate model. The analysis of new
samples then involves the collection of their spectra, the decomposition of
the spectra in terms of the spectral variables, and the application of the
regression equation to calculate the composition/properties.

The mathematical/statistical treatment of spectral data using
PCR or PLS does not differentiate among possible sources of signals
which are correlated in the frequency domain. In particular, PCR and
PLS do not differentiate between signals arising from variations in sample
components and signals arising from variations in the spectral



I nterpol ati on or extrapolation of the nodel by conpar
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anal ysis of an unknown with spectrum xu

measur enent pr OBEASVIeMeEntaprocess. trEorspadt—r and cagarbinitazed spectea) egmmon
[err]

the values for the ca | aghostics as

measurement proge ss(s Is i 'ﬁﬁéebetahfé t('l 18§ 16 OFRRItRAs Qﬂa' nst
I?enb % rovi

whet her the rrea@lsrséﬁ@ml tﬁﬂﬁdb@séu eﬁg@dmstamaxem/@e{f@rm%e@a@mml on.

in cell window transxmtta.nce, and signals due to water vapor and/or
carbon dioxide in the spectrometer light path. These measurement
process signals can contribute to the Principal Components or latent
variables obtained by PCR or PLS, and may be correlated to the
composition/property data during the regression. The resultant
regression model will then be sensitive to variations in these measurement
process variables, and measured compositions or properties can be in
error.

In addition to semsitivity to measurement process signals,
methods based on PCR or PLS do not correct for variations in the overall
sca.fing of the spectral data. Such scaling variations can result from a
variety of factors including wvariations in cell pathlength due to
positioning of the cell in the spectrometer, and expansion or contraction
of the cell during use. For situations where the sample flows through the
cell during the measurement, variations in flow can also cause variations
in the scaling of the spectral data which are equivalent in effect to
variations in pathlength. PCR and PLS models require that spectral data
be scaled to a specified pathlength prior to analysis, thus requiring that
the pathlength be separately measured. The separate measurement of the
cell pathlength prior to the use of the cell in collection of the sample
spectrum is not convenient or in some cases {e.g. for an on—line flow cell)
not possible, nor does such separate measurement necessarily account for
the sources of variation mentioned above. Errors in the measured
pathlength produce proportional errors in the composition/ property data
estimated by PCR and PLS models.

SUMMARY OF THE INVENTION

The present invention addresses in particular the problem of how
to correct the measured spectral data of the calibration samples so that
the data is substantially insensitive to measurement process signals. In
general, the invention also seeks to provide a generally improved method
which estimates unknown property and/or compositional data of a sample
under consideration but which is essentially insensitive to spectral data
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met hod described above™ 4 on of enpi rijcaf nodel's are prd
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Therefore, the invention relates, in its broadest aspect, to a
method of correcting spectral data of a number of samples for the effects
of data arising from the measurement process itself (rather than from the
sample components), but it finds particular application to estimating
unknown property and/or composition data of a sample where the
estimation includes steps to effect the aforesaid correction for the
measurement process spectral data. The spectral data for n calibration
samples is quantified at f discrete frequencies to produce a matrix X (of
dimension f by n) of calibration data. The first step in the method
involves producing a correction matrix U, of dimension f by m
comprising m digitized correction spectra at the discrete frequencies f, the
correction spectra simulating data arising from the measurement process
itself. The other step involves orthoganalizing X with respect to Uy to
produce a corrected spectra matrix X, whose spectra are orthogonal to all
the spectra in U,. Due to this orthogonality, the spectra in matrix X.
are statistically independent of spectra arising from the measurement
process itself. If (as would normally be the case) the samples are
calibration samples used to build a predictive model interrelating known
property and composition data of the n samples and their measured
spectra so that the model can be used to estimate unknown property
and/or composition data of a sample under consideration from its
measured spectrum, the estimated property and/or composition data will
be unaffected by the measurement process itself. In particular, neither
baseline variations nor spectra due for example to water vapor or carbon
dioxide vapor in the atmosphere of the spectrometer will introduce any
error into the estimates. Although the samples used to produce the
spectral data forming the matrix X will usually be calibration samples
and the description of the preferred embodiment relates to correcting
spectral data of calibration samples for the effects of data arising from
the measurement process itself for developing a predictive model, the
steps of the data correction method could be used on spectra for a
spectral library, with the objective of performing spectral library
searching for sample identification using the corrected spectra as reference
spectra. It is also remarked that the spectra can be absorption spectra
and the preferred embodiments described below all involve measuring
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ICéc:a.ttenr}xg) Although the description g1ven herein and with reference to

the drawings relate to NIR (near—infrared) and MIR (mid—infrared),
nevertheless, it will be understood that the method finds applications in
other spectral measurement wavelength ranges including, for example,
ultraviolet, visible spectroscopy and Nuclear Magnetic Resonance (NMR)
SpectIoscopy.

Generally, the data arising from the measurement process itself
are due to two effects. The first is due to baseline variations in the
spectra. The baseline variations arise from a number of causes such as
light source temperature variations during the measurement, reflectance,
scattering or absorption by the cell windows, and changes in the
temperature (and thus the sensitivity) of the instrument detector. These
baseline variations generally exhibit spectral features which are broad
(correlate over a wide frequency range). The second type of measurement

process signal is due to ex—sample chemical compounds present during

the measurement process, which give rise to sharper line features in the
spectrum. For current applications, this type of correction generally
includes absorptions due to water vapor and/or carbon dioxide in the
atmosphere in the spectrometer. Absorptions due to hydroxyl groups in
optical fibers could also be treated in this fashion. Corrections for
contaminants present in the samples can also be made, but generally only
in cases where the concentration of the contaminant is sufficiently low as
to not significantly dilute the concentrations of the sample components,
and where no significant interactions between the contaminant and
sample component occurs. It is important to recognize that these
corrections are for signals that are not due to components in the sample.
In this context, "sample" refers to that material upon which property
andfor component concentration measurements are conducted for the
purpose of providing data for the model development. By "contaminant,”
we refer to any material which is physically added to the sample after the
property/component measurement but before or during the spectral
measurement.
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modeled by a set of preferably orthogonal, frequency (or wavelength)
dependent polynomials which form the matrix Ua of dimension fby m
where m is the order of the polynomials and the columns of U, are
preferably orthogonal polynomials, such as Legendre polynomials.
Alternatively the inventive method can be applied to correct only for the
effect of ex—sample chemical compounds (e.g. due to the presence in the
atmosphere of carbon dioxide and/or water vapor). In this case, the
spectra that form the columns of U, are preferably orthogonal vectors
that are representative of the spectral interferences produced by such
chemical compounds. It is preferred, however, that both baseline
variations and ex—sample chemical compounds are modeled in the
manner described to form two correction matrices Uy of dimension fby p
and X, respectively. These matrices are then combined into the single
matrix U, whose columns are the columns of Up and X; arranged
side—by—side.

In a preferred way of performing the invention, in addition to
matrix X of spectral data being orthogonalized relative to the correction
matrix U, the spectra or columns of Uy are all mutually orthogonal.
The production of the matrix U, having mutually orthogonal spectra or
columns can be achieved by firstly modeling the baseline variations by a
set of orthogonal frequency {or wavelength) dependent polynomials which
are computer generated simulations of the baseline variations and form
the matrix Up, and then at least one, and usually a plurality, of spectra
of ex—sample chemical compounds (e.g. carbon dioxide and water vapor)
which are actual spectra collected on the instrument, are supplied to form
the matrix Xs Next the columns of Xg are orthogonalized with respect
to Up to form a new matrix Xg‘. This removes baseline effects from
ex—sample chemical compound corrections. Then, the columns of Xg/ are
orthogonalized with respect to one another to form a new matrix Ug, and
lastly U, and Us are combined to form the correction matrix U., whose
columns are the columns of Up and Us arranged side~by—side. It would
be possible to change the order of the steps such that firstly the columns
of X5 are orthogonalized to form a new matrix of vectors and then the
(mutually orthogonal) polynomials forming the matrix U, are
orthogonalized relative to these vectors and then combined with them to
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also data due to noise. Therefore, once the matrix X (dimension fby =)
has been orthogonalized with respect to the correction matrix Uy
(dimension f by m), the resulting corrected spectral matrix X, will still
contain noise data. This can be removed in the following way. Firstly, a
singular value decomposition is performed on matrix X, in the form X, =
UXVt, where U is a matrix of dimension fby n and contains the principal
component spectra as columns, ¥ is a diagonal matrix of dimension n by
n and contains the singular values, and V is a matrix of dimension n by =
and contains the principal component scores, V*t being the transpose of V.
In general, the principal components that correspond to noise in the
spectral measurements in the original n samples will have singular values
which are small in magnitude relative to those due to the wanted spectral
data, and can therefore be distinguished from the principal components
due to real sample components. Accordingly, the next step in the
method involves removing from U, ¥ and V the k41 through = principal
components that correspond to the noise, to form the new matrices U,
2/ and V- of dimensions fby &, k by & and n by k, respectively. When
these matrices are multiplied together, the resulting matrix, corresponding
with the earlier corrected spectra matrix X, is free of spectral data due
to noise.

For the selection of the number (k) of principal components to
keep in the model, a variety of statistical tests suggested in the literature
could be used but the following steps have been found to give the best
results. Generally, the spectral noise level is known from experience with
the instrument. From a visual inspection of the eigenspectra (the
columns of matrix U resulting from the singular value decomposition), a
trained spectroscopist can generally recognize when the signal levels in
the eigenspectra are comparable with the noise level. By visual
inspection of the eigenspectra, an approximate number of terms, &, to

e
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then selected. This choice is made by the spectroscopist, and is not
automated. A Predicted Residual Error Sum of Squares is calculated by
applying a predictive model for the estimation of property andfor
component values for a test set of samples which were not used in the
calibration but for which the true value of the property or component
concentration is known. The difference between the estimated and true
values is squared, and summed for all the samples in the test set (the
square root of the quotient of the sum of squares and the number of test
samples is sometimes calculated to express the PRESS value on a per
sample basis). A PRESS value can be calculated using a cross validation
procedure in which one or more of the calibration samples are left out of
the data matrix during the calibration, and then analyzed with the
resultant model, and the procedure is repeated until each sample has been
left out once.

The polynomials that are used to model background variations
are merely one type of correction spectrum. The difference between the
polynomials and the other "correction spectra” modeling ex—sample
chemical compounds is twofold. First, the polynomials may convexiiently
be computer—generated simulations of the background (although this is
not essential and they could instead be simple mathematical expressions
or even actual spectra of background variations) and can be generated by
the computer to be orthogonal. The polynomials may be Legendre
polynomials which are used in the actual implementation of the correction
method since they save computation time. There is a well—known
recursive algorithm to generate the Legendre polynomials (see, for
example, G. Arfken, Mathematical Methods for Physicists, Academic
Press, New York, N.Y., 1971, Chapter 12). Generally, each row of the
Up matrix corresponds to a given frequency (or wavelength) in the
spectrum. The columns of the Up, matrix will be related to this
frequency. The elements of the first column would be a constant, the
elements of the second column would depend linearly on the frequency,
the elements of the third column would depend on the square of the
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than that if the columns are to be orthogonal. The Legendre polynomials
are generated to be orthomormal, so that it is not necessary to effect a
singular value decomposition or a Gram—Schmidt orthogonalization to
make them orthogomal. Alternatively, any set of suitable polynomial
terms could be used, which are then orthogonalized using singular value
decomposition or a Gram—Schmidt orthogonalization.  Alternatively,
actual spectra collected on the instrument to simulate background
variation can be used and orthogonalized via one of these procedures.
The other "correction spectra" are usually actual spectra collected on the
instrument to simulate interferences due to ex—sample chemical
compounds, e.g. the spectrum of water vapor, the spectrum of carbon
dioxide vapor, or the spectrum of the optical fiber of the instrument.
Computer generated spectra could be used here if the spectra of water
vapor, carbon dioxide, etc. can be simulated. The other difference for the
implementation of the correction method is that these "correction
spectra" are not orthogonal initially, and therefore it is preferred that
they be orthogonalized as part of the procedure. The polynomials and
the ex—sample chemical compound  “correction spectra" could be
combined into one matrix, and orthogonalized in one step to produce the
correction vectors. In practice, however, this is not the best procedure,
since the results would be semsitive to the scaling of the polynomials
relative to the ex—sample chemical compound "correction spectra". If
the ex—sample chemical compound "correction spectra" are collected
spectra, they will include some noise. If the scaling on the polynomials is
too small, the contribution of the noise in these "correction spectra” to
the total variance in the correction matrix U would be larger than that
of the polynomials, and noise vectors would end up being included in the
ex—sample chemical compound correction vectors. To avoid this,
preferably the polynomials are generated first, the ex—sample chemical
compound "correction spectra" are orthogonalized to the polynomials, and
then the correction vectors are generated by performing a singular value
decomposition (described below) on the orthogonalized “correction
spectra".

As indicated above, a preferred way of performing the correction
for measurement process spectral data is firstly to generate the orthogonal
set of polynomials which model background variations, then to
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eliminated correspond with the measurement noise. Essentially, principal
components analysis (PCA) is being performed on the orthogonalized
"correction spectra” to separate the real measurement process data being
modeled from the random measurement noise.

It is remarked that the columns of the correction matrix Uy do
not have to be mutually orthogonal for the correction method to work, as
long as the columns of the data matrix X are orthogonalized to those of
the correction matrix Us. However, the steps for generating the Ug
matrix to have orthogonal columns is performed to simplify the
computations required in the orthogonalization of the spectral data X of
the samples relative to the correction matrix U,, and to provide a set of
statistically independent correction terms that can be used to monitor the
measurement process. By initially orthogonalizing the correction spectra
Xs due to ex—sample chemical compounds to Up which models
background variations, any background contribution to the resulting
correction spectra is removed prior to the orthogonalization of these
correction spectra among themselves. This procedure effectively achieves
a separation of the effects of background variations from those of
ex—sample chemical compound variations, allowing these corrections to be
used as quality control features in monitoring the performance of an
instrument during the measurement of spectra of unknown materials, as
will be discussed hereinbelow.

When applying the technique for correcting for the effects of
measurement process spectral data in the development of a method of
estimating unknown property and/or composition data of a sample under
consideration, the following steps are performed. Firstly, respective
spectra of n calibration samples are collected, the spectra being quantified
at f discrete frequencies (or wavelengths) and forming a matrix X of
dimension f by n. Then, in the manner described above, a correction
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spectra simulating data arising from the measurement process itself. The
next step is to orthogonalize X with respect to Ua to produce a corrected
spectra matrix X whose spectra are each orthogonal to all the spectra in
Uas. The method further requires that ¢ property and/or composition
data are collected for each of the n calibration samples to form a matrix
Y of dimension n by ¢ {¢ 2> 1). Then, a predictive model is determined
correlating the elements of matrix Y to matrix X Different predictive
models can be used, as will be explained below. The property and/or
composition estimating method further requires measuring the spectrum
of the sample under consideration at the f discrete frequencies to form a
matrix of dimension f by 1. The unknown property and/or composition
data of the samples is then estimated from its measured spectrum using
the “predictive model. Generally, each property and/or component is
treated separately for building models and produces a separate f by 1
prediction vector. The prediction is just the dot product of the unknown
spectrum and the prediction vector. By combining all the prediction
vectors into a matrix P of dimension f by ¢, the prediction involves
multiplying the spectrum matrix (a vector of dimension f can be
considered as a 1 by fmatrix) by the prediction matrix to produce a 1 by
¢ vector of predictions for the ¢ properties and components.

As mentioned in the preceding paragraph, various forms of
predictive model are possible. The predictive model can be determined
from a mathematical solution to the equation Y = XtP + E, where X} is
the transpose of the corrected spectra matrix X, P is the predictive
matrix of dimension fby ¢, and E is a matrix of residual errors from the
model and is of dimension 7 by ¢. The validity of the equation Y = X!P
+ E follows from the inverse statement of Beer’s law, which itself can be
expressed in the form that the radiation—absorbance of a sample is
proportional to the optical pathlength through the sample and the
concentration of the radiation—absorbing species in that sample. Then,
for determining the vector yy, of dimension 1 by c¢ containing the
estimates of the ¢ property and/or composition data for the sample under
consideration, the spectrum x, of the sample under consideration, xy
being of dimension f by 1, is measured and y, is determined from the
relationship yu = xtP, x} being the transpose of matrix xy.
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estimated as A = X Y(Y'Y)t. The estimation of the vector yy of
dimension 1 by ¢ containing the ¢ property and/or composition data for
the sample under consideration from the spectrum x, of the sample under
consideration would then involve using the relationship yy = x A(AtA)-L,
This calculation, which is a constrained form of the K—matrix method, is
more restricted in application, since the required inversion of Y'Y
requires that Y contain concentration values for all sample components,
and not contain property data.

The mathematical solution to the equation Y = XtP + E (or X,
= AY! + E) can be obtained by any one of a number of mathematical
techniques which are known per se, such as linear least squares regression,
sometimes otherwise known as multiple linear regression (MLR), principal
components analysis/regression (PCA/PCR) and partial least squares
(PLS). As mentioned above, an introduction to these mathematical
techniques is given in "An Introduction to Multivariate Calibration and
Analysis", Analytical Chemistry, Vol. 59, No. 17, September 1, 1987,
Pages 1007 to 1017.

The purpose of generating correction matrix U, and in
orthogonalizing the spectral data matrix X to U, is twofold: Firstly,
predictive models based on the resultant corrected data matrix X¢ are
insensitive to the effects of background variations and ex—sample
chemical components modeled in U,, as explained above. Secondly, the
dot (scalar) products generated between the columns of U, and those of
X contain information about the magnitude of the background and
ex~sample chemical component interferences that are present in the
calibration spectra, and as such, provide a measure of the range of values
for the magnitude of these interferences that were present during the
collection of the calibration spectral data. During the analysis of a
spectrum of a material having unknown properties and/or composition,
similar dot products can be formed between the unknown spectrum, xy,
and the columns of U,, and these values can be compared with those
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The dot products of the columns of U, with those of the spectral
data matrix X contain information about the degree to which the
measurement process data contribute to the individual calibration spectra.
This information is generally mixed with information about the
calibration sample components. For example, the dot product of a
constant vector (a first order polynomial) with a spectrum, will contain
information about the total spectral integral, which is the sum of the
integral of the sample absorptions, and the integral of the background.
The information about calibration sample components is, however, also
contained in the eigenspectra produced by the singular value
decomposition of X, It is therefore possible to remove that portion of
the information which is correlated to the sample components from the
dot products so as to recover values that are uncorrelated to the sample '
components, i.e. values that represent the true magnitude of the
contributions of the measurement process signals to the calibration
spectra. This is accomplished by the following steps:

(1) A matrix V, of dimension n by m is formed as the product of
XtU,, the individual elements of V4 being the dot products of
the columns of X with those of Uy;

(2) The corrected data matrix X is formed, and its singular value
decomposition is computed as UTV¢;

(3) A regression of the form V, = VZ + R is calculated to establish
the correlation between the dot products and the scores of the
principal components: VZ represents the portion of the dot
products which is correlated to the sample components and the
regression residuals R represent the portion of the dot products
that are uncorrelated to the sample components, which are in
fact the measurement process signals for the calibration samples;

(4) In the analysis of a sample under test, the dot products of the
unknown spectrum with each of the correction spectra (columns
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calculated as v = xtUE-, and the uncorrelated measurement
process signal values are calculated as r = vq — vZ. The

magnitude of these values is then compared to the range of

values in R as a means of comparing the measurement process
during the analysis of the wunknown to that during the
calibration.

It will be appreciated that the performance of the above disclosed
correction method and method of estimating the unknown property
and/or composition data of the sample under conmsideration involves
extensive mathematical computations to be performed. In practice, such
computations would be made by computer means comprising a computer
or computers, which would be connected to the instrument in a
measurement mode so as to receive the measured output spectrum of the
calibration sample, ex—sample chemical compound or test sample. In a
correction mode in conjunction with the operator, the computer means
stores the calibration spectra to form the matrix X, calculates the
correction matrix U,, and orthogonalizes X with respect to the correction
matrix U,. In addition, the computers means operates in a storing mode
to store the ¢ known property and/or composition data for the n
calibration samples to form the matrix Y of dimension n by c{¢21). In
a model building mode, the computer means determines, in conjunction
with the operator, a predictive model correlating the elements of matrix
Y to those of matrix X Lastly, the computer means is arranged to
operate in a prediction mode in which it estimates the unknown property
andfor compositional data of the sample under consideration from its
measured spectrum using the determined predictive model correlating the
elements of matrix Y to those of matrix X..

In more detail, the steps involved according to a preferred way of
making a prediction of property andfor composition data of a sample
under consideration can be set out as follows. Firstly, a selection of
samples for the calibrating is made by the operator or a laboratory
technician. Then, in either order, the spectra and properties/composition
of these samples need to be measured, collected and stored in the
computer means by the operator and/or laboratory technician, together
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avoi d ranges Wgtfy X, and, if PCR is used, performs the singular value decomposition
on matrix X; The operator has to select {(in PCR) how many of the
principal components to retain as correlated data and how many to
discard as representative of (uncorrelated) noise. Alternatively, if the
PLS technique is employed, the operator has to select the number of
latent variables to use. If MLR is used to determine the correlation
between the corrected spectra matrix X. and the measured property
and/or composition data Y, then a selection of frequencies needs to be
made such that the number of frequencies at which the measured spectra
are quantized is less than the number of calibration samples. Whichever
technique is used to determine the correlation (i.e. the predictive modet)
interrelating X. and Y, having completed the calibration, the laboratory
technician measures the spectrum of the sample under consideration

which is used by the computer means to compute predicted property
and/or composition data based on the predictive model.

These and other features and advantages of the invention will
now be described, by way of example, with reference to the drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

Figures 1 to 5 are scattergrams of different property and
composition data when determined by conventional techniques plotted
against the same data determined by the spectroscopic method disclosed
herein;

Figures 6 to 10 show various graphical depictions and spectra
relating to binary blends of isooctane and heptane;

Figures 11 to 17 show various graphical depictions and
eigenspectra relating to the analysis of a 5—component additive package
and to a comparison with the K Matrix Method;
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PRESS Figures 22 and 23 illustrate the effect of correction for water
vapor and chloroform, respectively, for isooctane/heptane spectra and for
the additive package of Example 9, respectively.

An algorithm, termed The Constrained Principal Spectra
Analysis (CPSA), is described hereinbelow, and it’s application to
multivariate, spectral analysis is demonstrated. @CPSA is a novel
modification of Principal Components Analysis (PCA) which allows the
spectroscopist to input his knowledge of the spectral measurement process
into the development of spectral based multivariate models so as to
maximize the stability and robustness of these models for the subsequent
measurement of property amd composition data for unknowns. CPSA
allows signals in the calibration spectra which are due to the spectral
measurement process rather than the sample components to be modeled
such that the resuitant predictive models can be constrained to be
insensitive to these measurement process signals. The measurement
process variables for which constraints are developed also server as
quality control variables for monitoring the status of the measurement
process during the subsequent application of the model for measurement
of unknowns.

A corresponding modification can also be made to the PLS and
MLR techniques, which, as explained above, are alternatives to PCA (or
PCR). The respective modifications will be referred to herein as
Constrained Partial Least Squares {CPLS), and Constrained Multiple
Linear Regression (CMLS). Generically, CPSA, CPLS and CMLR will be
referred to as Constrained Spectral Analysis (CSA).

The mid— and near—infrared spectra of a molecule consist of
numerous absorption bands corresponding to different types of molecular
vibrations. In a complex mixture, the absorptions due to a specific
molecular type will all vary together in intensity as the concentration of
the species changes. The fact that the intensities of these multiple
absorptions are correlated in the frequency (wavelength) domain allows
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isolate the frequency correlated signals among a series of calibration

spectra. These spectral variables can be regressed against properties and
component concentration data for the calibration samples to develop a
predictive model. During the analysis of unknowns, the spectra are
decomposed in terms of these same spectral variables, and regression
relationships are used to predict the property/composition of the new
samples.

In all real spectral measurements, the variation in sample
component concentrations is generally not the only source of frequency
correlated signal. Signals arising from the measurement process (e.g. the
inst}nment, the cell, etc.) are superimposed on the absorptions due to the
sample components. To the mathematics, these measurement process
signals are indistinguishable from the sample component absorptions, and
are thus extracted as spectral variables. If these measurement process
variables are correlated to the property/concentration {or errors in these
values) during the regression, predictions based on the resultant model
wil be dependent on variations in the measurement process. CPSA
allows the spectroscopist to model potential sources of measurement
process signals and remove them as spectral variables prior to the
regression. The resultant predictive models are constrained to be
insensitive to the measurement process signals, and are thus more stable
and robust to variations in the spectral data collection.

Examples included in this report demonstrate the use of CPSA
for developing predictive models, and compare the CPSA results to those
obtained via other multivariate methods.

Introduction -

Principal Components Regression and Partial Least Squares
multivariate data analyses are used to correlate the molecular information
inherent to spectral data to property and compositional variables. Both
PCR and PLS are most often applied to under—determined calibrations,
i.e. to calibrations where the number of data points per spectrum exceeds

macmm .Sﬁiﬁ ha
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inteRsiiBS" e Bnearly correlated in the frequency {or wavelength)
domain. Random spectral noise is assumed to be uncorrelated in the
frequency domain. The algorithms are designed to isolate the signals that
are correlated from the random noise so as to produce spectral variables
that can be regressed against conrcentration and/or property data to
produce a predictive model. If the signals due to sample components
were the only source of frequency correlated signal in the spectral data,
both computational methods would yield stable, robust predictive models
which could be used for the subsequent analysis of unknown materials.
Unfortunately, in all real spectral measurements, there are additional
sources of signals whose intensities are linearly correlated in the frequency
domain, which contribute to the total spectral variance, and which are
associated with the measurement process rather than the samples. For
mid—infrared spectroscopy, examples of the measurement process signals
would include reflectance/scattering loses from cell windows, and spectral
interferences due to trace water and carbon dioxide in the spectrometer
purge gas. If these measurement related signals were constant, they
would have no effect on the predictive models. However, since these
measurement process signals are themselves subject to variation among
real spectra, they are, to the mathematics, indistinguishable from the
sample component signals, they can be extracted along with the sample
component variations during the variable reduction, and they may be
correlated to the properties or component concentrations (or to errors in
these dependent values) in the generation of the predictive model. The
resultant model will then not be stable and robust with respect to
changes in the measurement process related signals.

Spectral preprocessing is used to minimize the effect of
measurement related variance on multivariate models. Baseline
correction algorithms are an example of commonly employed
preprocessing. Data points at which minimal sample component
intensity is expected are selected and fit to a "baseline function" (a
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water vapor). The objective of the preprocessing is to remove the
measurement process related signals from the spectral data prior to the
variable reduction. There are several disadvantages to the preprocessing
methods that are typically employed for spectral analysis.

(D

(1) The calculations used in preprocessing the spectral data are
generally based on a selected subset of the spectral data (e.g. a
single point offset correction, or a two point linear baseline
correction), and are semsitive to the noise characteristics of the
points used for the correction. Depending on the relative
magnitudes of the noise and the signal being removed, the
preprocessing may be ineffective in removing the measurement
process signals, or may only substitute one source of variation
(correlated to the spectral noise) for another (the signal being
subtracted).

(2) For some types of signals (e.g. spectral interferences which are
not well resolved from sample signals, or higher order background
terms), effective, reproducible preprocessing algorithms are
difficult to develop.

(3) The spectral variables which are removed by the preprocessing
step are not orthogonal to the variables (Principal Components)
defined by the multivariate analysis. The lack of orthogonality
makes it difficult to statistically define the effects of the
preprocessing on the resultant model.

(4) Since by definition, the preprocessing is applied before the
multivariate analysis, the preprocessing algorithms are not
generally included as an integral part of most multivariate
programs. The user is thus left with the job of developing and
implementing his own preprocessing algorithms and integrating
them with the multivariate analysis programs. Since different
algorithms can be required to handle different types of
measurement process signals, and since the variables that are
removed by each algorithm are not orthogonal, the ultimate
‘effect of the preprocessing on the stability and robustness of the
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(CPSA) algonthm a.Ilows the user to model (e.g. provide an example
spectrum of) potential sources of measurement related signals. The
algorithm generates a set of orthonormal correction variables (spectra)
which are removed from the spectral data prior to the multivariate
variable reduction. The multivariate predictive model generated in this
manner is constrained so as to be insensitive (orthogonal) to the presence
of these measurement process signals in the spectral data. Since the
algorithm uses the entire spectral range in generating the constraints, it is
relatively insensitive to spectral noise. The algorithm can correct for
polynomial backgrounds as well as poorly resolved spectral interferences.
Since the "preprocessing” is an integral part of the algorithm, the effects
of including corrections on the resultant predictive model can be readily
tested. Finally, the correction variables defined by the CPSA algorithm
serve a useful quality comtrol variables for monitoring the measurement

process during analysis of unknowns.

Although the Constraint algorithm described here is specifically
applied as a variation of a Principal Components Analysis, the same
methodology could be used to develop a constrained version of the Partial

Least Squares analysis.

Mathematical Basis for CPSA

The object of Principal Components Analysis (PCA} is to isolate
the true number of independent variables in the spectral data so as to

allow for a regression of these variables against

the dependent

property/composition variables. The spectral data matrix, X, contains
the spectra of the n samples to be used in the calibration as columns of
length f where f is the number of data points (frequencies or
wavelengths) per spectrum. The object of PCA is to decompose the f by
n X matrix into the product of several matrices. This decomposition can

be accomplished via a Singular Value Decomposition:

epﬁtf Sﬁtthe To
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decompose it as VEU?, the use of the terms left and right eigenvectors is
somewhat arbitrary. To avoid confusion, U will be referred to as the
eigenspectrum matrix since the individual column—vectors of U (the
eigenspectra) are of the same length, f as the original calibration spectra.
The term eigenvectors will only be used to refer to the V matrix. The
matrices in, the singular value decomposition have the following

propfarties:
UU =1, (2)
VVit=VtV =], (3)
XtX = VAVt and XXt = UAUt (4)

where I is the n by n identify matrix, and A is the matrix containing
the eigenvalues, A (the squares of the singular values), on the diagonal
and zeros off the diagonal. Note that the product UU* does not yield an
identity matrix for n less than £ Equations 2 and 3 imply that both the
eigenspectra and eigemnvectors are orthonormal. In some version of PCA,
the U and ¥ are matrices are combined into a single matrix. In this case,
the eigenspectra are orthogonal but are normalized to the singular values.

The object of the variable reduction is to provide a set of
independent variables (the Principal Components) against which the
dependent variables (the properties or compositions) can be regressed.
The basic regression equation for direct calibration is

Y = XtP (5)

where Y is the n by ¢ matrix containing the property/composition data
for the n samples and c¢ properties/components, and P is the f by ¢
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prediction vectors, since during the analysis of a spectrum x (dimension f
by 1), the prediction of the properties/components (y of dimension 1 by
¢) for the sample is obtained by

y = xP (6)

Note that for a single property/component, the prediction is obtained as
the dot product of the spectrum of the unknown and the prediction
vector. The solution to equation 5 is

[X1Y = [X{-XtP = P (7)

where [Xt-t is the inverse of the Xt matrix. The matrix Xt is of course
non—square and rank deficient (f>n), and cannot be directly inverted.
Using the singular value decompositions, however, the inverse can be
approximated as

[Xft = UZ1ve (8)

where Z-1is the inverse of the square singular value matrix and contains
1/0 on the diagonal. Using equations 7 and 8, the prediction vector
matrix becomes

P = UB-VtY (9)

As was noted previously, the objective of the PCA is to separate
systematic (frequency correlated) signal from random noise.  The
eigenspectra corresponding to the larger singular values represent the
systematic signal, while those corresponding to the smaller singular values
represent the noise. In general, in developing a stable model, these noise
components will be eliminated from the analysis before the prediction
vectors are calculated. If the first k<n eigenspectra are retained, the
matrices in equation 1 become U’ (dimension f by k), X/ (dimension k by
k) and V- (dimension n by &).

X=UVt+E (10)
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of the spectral noise level.

Although the prediction of a property/component requires only a
single prediction vector, the calculation of uncertainties on the prediction
require the full rank reduced V matrix. In practice, a two step, indirect
calibration method is employed in which the singular value decomposition.
of _the X omatrix is calculated (equation 1), and then the
properties/compositions are separately regressed against the eigenvectors

Y=VB+E (11)
B = VtY (12)

During the analysis, the eigenvector for the unknown spectrum is
obtained

v = xtUZ-! (13)
and the predictions are made as
y=vB (14)

The indirect method is mathematically equivalent to the direct method of
equation 10, but readily provides the values needed for estimating
uncertainties on the prediction.

Equation 6 shows how the prediction vector, P, is used in the
analysis of an unknown spectrum. We assume that the unknown
spectrum can be separated as the sum of two terms, the spectrum due to
the components in the unknown, x., and the measurement process related
signals for which we want to develop constraints, xs, The prediction then
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y= xtP = xtP + xgtP (15)

If the prediction is to be insensitive to the measurement process signals,
the second term in equation 15 must be zero. This implies that the
prediction vector must be orthogonal to the measurement process signal
spectra. From equation 10, the prediction vector is a linear combination
of the eigenspectra, which in turn are themselves linear combination of
the original calibration spectra (U = XVE-t). If the original calibration
spectra are all orthogonalized to a specific measurement process signal,
the resulting prediction vector will also be orthogonal, and the prediction
will be insensitive to the measurement process signal. This
orthogonalization procedure serves as the basis for the Constrained
Principal Spectra Analysis algorithm.

In the Constrained Principal Spectra Analysis (CPSA) program,
two types of measurement process signals are considered. The program
internally generates a set of orthonormal, frequency dependent
polynomials, Up. Up is a matrix of dimension f by p where p is the
maximum order (degree minus one) of the polynomials, and it contains
columns which are orthonormal Legendre polynomials defined over the
spectral range used in the analysis. @ The polynomials are intended to
provide constraints for spectral baseline effects. In addition, the user
may supply spectra representative of other measurement process signals
(e.g. water vapor spectra). These correction spectra (a matrix Xs of
dimension fby s where s is the number of correction spectra) which may
include multiple examples of a specific type of measurement process
signal, are first orthogonalized relative to the polynomials via a
Gram~Schmidt orthogonalization procedure

Xs' = Xs — Up(UptXs) (16)

A Singular Value Decomposition of the resultant correction specira is
then performed,

Xg’ = Usstst (17)
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Xe = X — Un(UatX) (17)

The Principal Components Analysis of the corrected spectra, X then
proceeds via the Singular Value Decomposition

- Xe= ULVt | (18)
and the predictive model is developed using the regression
Y=VGB (19)
The resultant prediction vector
Pc = Ul tVtY (20)

is orthogonal to the polynomial and correction eigenspectra, Uy. The
resulting predictive model is thus insensitive to the modeled measurement
process signals. In the analysis of an unknown, the contributions of the
measurement process signals to the spectrum can be calculated as

Vo = x.-lU.tx (21)

and these values can be compared against the values for the calibration,
Vu, to provide diagnostic as to whether the measurement process has
changed relative to the calibration.

The results of the procedure described above are mathematically
equivalent to including the polynomial and correction terms as spectra in
the data matrix, and using a constrained least square regression to
calculate the B matrix in equation 12. The constrained least square
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The Constrained Principal Spectra Analysis method allows
measurement process signals which are present in the spectra of the
calibration samples, or might be present in the spectra of samples which
are latter analyzed, to be modeled and removed from the data (via a
Gram—Schmidt orthogonalization procedure) prior to the extraction of
the spectral variables which is performed via a Singular Value
Decomposition (16). The spectral variables thus obtained are first
regressed against the pathlengths for the calibration spectra to develop a
model for independent estimation of pathlength. The spectral variables
are rescaled to a common pathlength based on the results of the
regression and then further regressed against the composition/property
data to build the empirical models for the estimation of these parameters.
During the analysis of new samples, the spectra are collected and
decomposed into the comstrained spectral variables, the pathlength is
calculated and the data is scaled to the appropriate pathlength, and then
the regression models are applied to calculate the composition/property
data for the new materials. The orthogonalization procedure ensures that
the resultant measurements are constrained so as to be insensitive
{orthogonal) to the modeled measurement process signals. The internal
pathlength calculation and renormalization automatically corrects for
pathlength or flow variations, thus minimizing errors due to data scaling.

The development of the empirical model consists of the following steps:

(1.1) The properties and/or component concentrations for which empirical
models are to be developed are independently determined for a set of
representative samples, e.g the calibration set. = The independent
measurements are made by standard analytical tests including, but not
limited to: elemental compositional analysis (combustion analysis, X—ray
fluorescence, broad line NMR); component analysis (gas chromatography,
mass spectroscopy); other spectral measurements (IR, UV/visible, NMR,
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index, viscosity or viscosity Index) and performance property
measurements (octane number, cetane number, combustibility). For
chemicals applications where the number of sample components is limited,
the compositional data may reflect weights or volumes used in preparing
calibration blends.

(1.2) Absorption spectra of the calibration samples are collected over a
region or regions of the infrared, the data being digitized at discrete
frequencies (or wavelengths) whose separation is less than the width of
the absorption features exhibited by the samples.

(2.0)The Constrained Principal Spectra Analysis (CPSA) algorithm is
applied to generate the empirical model. The algorithm consists of the
following 12 steps:

(2.1) The infrared spectral data for the calibration spectra is loaded into
the columns of a matrix X, which is of dimension f by n where fis the
number of frequencies or wavelengths in the spectra, and = is the number
of calibration samples.

(2.2) Frequency dependent polynomials, Up, (2 matrix whose columns are
orthonormal Legendre polynomials having dimension fby p where p is the
maximum order of the polynomials) are generated to model possible
variations in the spectral baseline over the spectral range used in the
analysis.

(2.3) Spectra representative of a other types of measurement process
signals {e.g. water vapor spectira, carbon dioxide, etc.) are loaded into a
matrix Xg of dimension fby s where s is the number of correction spectra
used.

(24) The correction spectra are orthogonalized relative to the
polynomials via a Gram—Schmidt orthogonalization procedure

Xy = X5 — Up(UptXs) (2.4)

(2.5) A Singular Value Decomposition of the correction spectra is then
performed, '

= ‘U’sst5t (2.5)

to generate a set of orthonormal correction eigenspectra, Us. s are the
corresponding singular values, and Vg are the corresponding right
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(2.7) The Singular Value Decomposition of the corrected spectra, X, is
then performed

Xe = ULVt (2.7)
(2.8) The eigenspectra from step (2.7) are examined and the a subset of
the first k eigenspectra which correspond to the larger singular values in

Y. are retained. The k+1 through n eigenspectra which correspond to
spectral noise are discarded.

Xc = UpZy Vit + Ex (2.8)
(2.9) The k right eigenvectors from the singular value decomposition, Vi,
are regressed against the pathlength values for the calibration spectra,Yp
(an n by 1 row vector),

Yp = VkBp + Ep (2.93)

where E, is the regression error. The regression coefficients, Bp, are
calculated as

Bp = (VitVi)tVitYy = VitYy, (2.9b)

(2.10) An estimation of the pathlengths for the calibration spectra is
calculated as

Y, = ViBy (2.10)

A n by n diagonal matrix N is then formed, the itb diagonal element of N
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(2.11}) The right eigenvector matrix is then renormalized as
Vi’ = NVy (2.11)

(2.12) The renormalized matrix is regressed against the properties and or
concentrations, Y (Y, a » by ¢ matrix containing the values for the »
calibration samples and the ¢ property/concentrations) to obtain the
regression coefficients for the models,

Y=Vy'B+ E (2.123.)
B = (Vi'tVi/ )1V’ Y (2.12b)

(3.0) The analysis of a new sample with unknown properties/components
proceeds by the following steps:

(3.1) The absorption spectrum of the unknown is obtained under the
same conditions used in the collection of the calibration spectra.

(3.2) The absorption spectrum, xy, is decomposed into the constrained

variables,
Vg = E-lUktXu (3-2b)

(3.3) The pathlength for the unknown spectrum is estimated as

-

Yp = vuBp (3.3)

(3.4) The eigenvector for the unknown is rescaled as

Vo' = Vu(¥p/ ; p) (3.4)
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limited to subregions so as to avoid intense absorptions which may be
outside the linear response range of the spectrometer, or to avoid regions
of low signal content and high noise.

(5.1) The samples used in the calibration may be restricted by excluding
any samples which are identified as multivariate outliers by statistical
testing.

w Il be present anong
the calibration spectra are

(6.1) The regression in steps (2.9) and (2.12) may be accomplished via a
step—wise regression (see, for example, W.J. Kennedy and J.E. Gentle,
Statistical Computing, Marcel Dekker, New York, 1980) or PRESS based
variable selection (see, for example, D.M. Allen, Technical Report
Number 23, University of Kentucky Department of Statistics, August
1971), so as to limit the number of variables retained in the empirical
model to a subset of the first &k variables, thereby eliminating variables
which do not show statistically significant correlation to the parameters
being estimated.
(7.1) The Mahalanobis statistic for the unknown, D2, given by

Dy? = vy’ (Vi/tVy' ) vyt (7.1)
can be used to determine if the estimation is based on an interpolation or
extrapolation of the model by comparing the value for the unknown to
the average of similar values calculated for the calibration samples.
(7.2) The uncertainty on the estimated value can also be estimated based
on the standard error from the regression in (2.12) and the Mahalanobis
statistic calculated for the unknown.
(8.1) In the analysis of an unknown with spectrum x,, the contributions
of the measurement process signals to the spectrum can be calculated as

Va = Du Ustxy

(8.1)

These values can be compared against the values for the calibration, Vg,
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Examples of the use of the CPSA method described above for the
generation of empirical models are provided for cases illustrating the use
of different portions of the infrared region, and the estimation of

compositions as well as physical and performance properties.

These

examples are identified as Examples 1 to 5 below and the results are
illustrated in Figures 1 to 5 respectively. These figures demonstrate the
validity of the present method of estimating property and composition

data.

Example 1 — Estimation of a Component Concentration using
Mid—Infrared:

Parameter estimated Weight percent benzene

Sample types Powerformates

Calibration samples measured by Gas Chromatography

Spectrometer used Mattson Polaris/Icon

Average Pathlength Calibration set 500 microns

Spectral range used
Excluded subregions
Constraints used

Regression method used

Number of calibration spectra

# eigenspectra used in regressions (k)
# retained in pathlength regression
Standard Error Pathlength Regression
# retained in composition regression
Standard Error composition regression

5000 — 1645 cm™!
3150-2240 cm"!

3 polynomial terms
(quadratic)

Water vapor spectrum
PRESS

7

5

4

1.272 microns

)

0.063 weight percent .

A Constrained Principal Components model was constructed for
the estimation of benzene content of powerformates. The spectra of 77
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model generation. Benzene contents for the reference samples used in the
calibration were obtained via gas chromatographic analysis. A CPSA
model was developed using 3 polynomial correction terms to account for
possible background variations, and a water vapor correction spectrum to
account for possible purge variations. A PRESS based step—wise
regression (see, for example, the above mentioned D.M. Allen reference)
was employed for developing both a pathlength estimation model, and the
benzene content. Of the 5 Constrained Principal Component variable
input into the PRESS regression, 4 were retained for the pathlength
estimation, and all 5 were retained for the benzene estimation. The
standard error for the estimation of the cell pathlength was 1.272
microns, and the standard error for the estimation of the benzene content
was 0.063 weight percent. A plot of the infrared estimated benzene
content versus that measured by GC for the 77 reference samples is
shown in Figure 1.

Example 2 — Physical Property Estimation by Mid—Infrared:

Parameter estimated API Gravity

Sample types Petroleum mid-distillates
Calibration samples measured by ASTM D1298
Spectrometer used Mattson Polaris/Icon
Average Pathlength Calibration set 29.57 microns

Spectral range used 3650 — 500 cm~t

Excluded subregions 29892800 cm !,

2400-2300 cm Y,

1474~1407 em-t
Constraints used 3 polynomial terms

(quadratic)

Water vapor spectrum
Regression method used PRESS
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A Constrained Principal Components model was constructed for
the estimation of API Gravity for petroleum mid—distillates. The
spectra of 91 reference mid—distillates were collected over the 3650 to 500
cm-! region using a Mattson Polaris/Icon FT—IR spectrometer operating
at 2 cm"! resolution and employing 100 scans for signal averaging. 30
micron potassium bromide cells were employed. To avoid ranges where
the sample absorption was beyond the linear response range of the
spectrometer, and to avoid the need for adding a carbon dioxide
correction term to the model, the data in the 2989—2800 cm*!, 2400—2300
cm-t and 1474—1407 cm-! regions was excluded during the model
generation. APl Gravities for the reference samples used in the
calibration were obtained via ASTM D1298. A CPSA model was
developed using 3 polynomial correction terms to account for possible
background variations, and a water vapor correction spectrum to account
for possible purge variations. A PRESS based step—wise regression (see,
for example, the above mentioned D.M. Allen reference) was employed for
developing both a pathlength estimation model, and the API Gravity
model. Of the 24 Constrained Principal Component variable input into
the PRESS regression, 19 were retained for the pathlength estimation,
and 21 were retained for the API Gravity estimation. The standard error
for the estimation of the cell pathlength was 0.159 microns, and the
standard error for the estimation of the API Gravity was 0.660 degrees
APL A plot of the infrared estimated API Gravity versus that measured
by ASTM D1298 for the 91 reference samples is shown in Figure 2.

Example 3 — Estimation of a Performance Property using Near—Infrared:

Parameter estimated Cetane number
Sample types Petroleum mid—distillates
Calibration samples measured by ASTM D-613
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A Constrained Principal Components model was constructed for
the estimation of Cetane Number for petroleum mid—distillates. The
spectra of 91 reference mid—distillates were collected over the 10000 to
3800 cm-! region using a Mattson Sirius 100 FT—IR spectrometer
operating at 2 cm"t resolution and employing 100 scans for sigmal
averaging. 500 micron calcium floride cells were employed. Cetane
numbers for the reference samples used in the calibration were obtained
via ASTM D—613. A CPSA model was developed using 3 polynomial
correction terms to account for possible background variations. A PRESS
based step—wise regression (see, for example, the above mentioned D.M.
Allen reference) was employed for developing both a pathlength
estimation model, and the cetane number model. Of the 13 Constrained
Principal Component variable input into the PRESS regression, 11 were
retained for the pathlength estimation, and 10 were retained for the
cetane number estimation. The standard error for the estimation of the
cell pathlength was 1.535 microns, and the standard error for the
estimation of the cetane number was 1.258 cetane numbers. A plot of the
infrared estimated cetane number versus that measured by ASTM D—613
for the 91 reference samples is shown in Figure 3.

Example 4 — Elemental Composition Esimation by Mid—Infrared:

Parameter estimated Weight percent hydrogen
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Water vapor spectrum
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Number of calibration spectra 91
# eigenspectra used in regressions (k) 24 -
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Standard Error Pathlength Regression 0.158 microns
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A Constrained Principal Components model was constructed for
the estimation of hydrogen content for petroleum mid—distillates. The
spectra of 91 reference mid—distillates were collected over the 3650 to 500
cm-! region using a Mattson Polaris/Icon FT—IR spectrometer operating
at 2 cm-! resolution and employing 100 scans for signal averaging. 30
micron potassium bromide cells were employed. To avoid ranges where
the sample absorption was beyond the linear response range of the
spectrometer, and to avoid the need for adding a carbon dioxide
correction term to the model, the data in the 2989—2800 cm-!, 2400—2300
cm-! and 1474—1407 cm-! regions was excluded during the model
generation. Hydrogen contents for the reference samples used in the
calibration were obtained via Broad line NMR. A CPSA model was
developed using 3 polynomial correction terms to account for possible
background variations, and a water vapor correction spectrum to account
for possible purge variations. A PRESS based step—wise regression (see,
for example, the above mentioned D.M. Allen reference) was employed for
developing both a pathlength estimation model, and the hydrogen content
model. Of the 24 Constrained Principal Component variable input into
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Example 5 — Chemical Composition Estimation by Mid—Infrared:

Parameter estimated

Sample types

Calibration samples measured by
Spectrometer used

Average Pathlength Calibration set
Spectral range used

Excluded subregions

Constraints used

Regression method used

Number of calibration spectra

# eigenspectra used in regressions (k)
# retained for pathlength regression
Standard Error Pathlength Regression
# retained in composition regression
Standard Error composition regression

Weight percent ZDDP

Lubricant additive package

Weight % in blends
Digilab FTS-20C
62.0 microns

1800 — 490 cm !
1475 - 1435 cm-!

3 polynomial terms
(quadratic)

Water vapor spectrum
Step—wise

30

7

7

0.17 microns

7

0.16 weight percent

A Constrained Principal Components model was constructed for
the estimation of the zinc dialkyl dithiophosphate (ZDDP) content for
lubricant additive packages. 30 reference blends of an additive package
containing a polyisobutenyl polyamine dipersant, a overbased magnesium
sulfonate detergant, a sulfurized nonyl phenol, ZDDP and diluent oil were
prepared for the calibration. The additive concentrations in the reference
blends were varied at +/— 8 to 12 percent of the target concentrations.
Solutions containing 50% additive package in cyclohexane were prepared
and spectra were collected over the 3650 to 400 cm-t region using a
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presence of spebmomide cells were employed. The CPSA model was developed using

spectra data in the 1800—1475 and 1435—490 cm™! regions.

A CPCR

model was developed using 3 polynomial correction terms to account for
possible background variations, and a water vapor correction spectrum to
account for possible purge variations. A step—wise regression (see, for
example, the above mentioned W.J. Kennedy and J.E. Gentle reference)
was employed for developing both a pathlength estimation model, and the
ZDDP content. Of the 7 Constrained Principal Component variable
input into the PRESS regression, 7 were retained for the pathlength
estimation, and 7 were retained for the ZDDP content estimation. The
standard error for the estimation of the cell pathlength was 0.17 microns,
and_the standard error for the estimation of the ZDDP cotent was 0.16
weight percent. A plot of the infrared estimated ZDDP content versus
that used in preparing the 30 blends is shown in Figure 5.

Further examples will now be given.
Example 6 — Binary Blends of Isooctane and Heptane

The first example demonstrates how a Constrained Principal
Components Analysis can be used to develop a model that is robust
relative to variations in signals arising from the spectral measurement
process. Mid—infrared (4000—400 cm-1) spectra of 22 binary mixtures of
isooctane (2,2,4—trimethyl pentane) and n—heptane were collected on a
Mattson Polaris/Icon FT—IR spectrometer at 2 cm™! resolution, using 100
scans for signal averaging and a 25 micron potassium bromide fixed
pathlength cell. The single beam sample spectra were ratioed against
empty beam background spectra for the calculation of the absorbance
spectra.  Principal Components Analysis and Constrained Principal
Components Analysis were both used to generate models for the
estimation of the isooctane and heptane contents of the binary mixtures.
To avoid absorbances that might be outside the linear response range of
the spectrometer, only the data in the 2000—690 cm-! spectral range were
used in the models. The spectra of 11 of the binary mixtures were used
in developing the models, and the spectra of the remaining 11 mixtures
were used to test the models. The concentrations of the mixtures used
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statistics indicates the true number of real components in the binary

blends. Examination of the average and standard deviation spectra for
the calibration spectra (Figure 7) suggests the sources of these additional
spectral variables. There is clearly a frequency dependent variation in
the spectral baseline as well as absorptions due to water vapor due to
incomplete spectrometer - purge. Examination of the eigenspectra
produced by the PCA analysis (Figure 8) demonstrates how these
additional measurement related variations are extracted as Principal
Components. Eigenspectrum 1 shows the absorptions due to the two real
components, but is clearly offset relative to the zero absorption.
Eigenspectrum 2 shows only slight differentiation between the isooctane
and heptane absorptions, and is dominated by an offset. Eigenspéctra. 3
and 4 differentiate between the two real components, but also show a
frequency dependent variation in the spectral background. Eigenspectrum
5 is clearly that of water vapor. Eigenspectrum 6 is largely measurment
noise. Note that the measurement process related signals are not cleanly
extracted into single Principal Components, but are mixed amoné all the
spectral variables. The offset is clearly present in both Eigenspectra 1
and 2. Water vapor absorptions are observed in Eigenspectra 1,2,4 and 5,

and the frequency dependent background is present in Eigenspectra 3 and
4.

A CPSA model was developed for the same data set, using a
second order (constant plus linear) polynomial background correction and
water vapor correction spectra as constraints. Figure 9 shows the three
correction spectra used, as well as the first three eigenspectra generated
by the CPSA analysis. The eigenspectra are now orthogonal to an offset,
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successfully extracted into two spectral variables.

Table 2 shows the Standard Errors for the PCA and CPSA
models. As would be expected from the eigenspectra, the PCA model
requires 4 variables to account for the varation in the isooctane and
heptane concentrations. Inclusion of the fifth Principal Component in the
PCA model appears to produce a slight improvement in the Standard
Error of Estimate from the calibration, but actually produces a slight
degradation of the predictive model. The CPSA model based on two
variables has predictive power comparable to the PCA model with 4
variables, but is more robust with respect to the measurement process-
signals which are present in the spectral data. Figure 10 demonstrates
this improved robustness. The variability in the background among the
calibration samples was estimated by fitting a linear baseline to the
standard deviation spectrum in Figure 7 (calculating the slope and
intercept of the line connecting the two endpoints at 2000 and 690 cm-t).
Multiples of this estimated background were then added to the spectrum
of the sample containing 89% isooctane, and the generated spectra were
analyzed using the 4 variable PCA model and the 2 variable CPSA
model. For the PCA model, the predicted isooctane comtent clearly
depends on the background. Over the range of backgrounds present in
the spectral data, variations on the order of 0.05% are observed. If, in
the analysis of an unknown, a larger difference in background was present
in the spectra, errors on the order of 0.1% could easily be obtained. The
CPSA model is independent of the variation in background and produces
the same results regardless of the change in background. CPSA thus
provides a more robust and stable predictive model.

The major source of error for both the PCR and CPCR analyses
is the fact that the sum of the two components does not equal 100%. As
is shown in Table 2, if the estimated isooctane and n—heptane
concentrations are renormalized to 100%, the SEEs and SEPs are
significanlty reduced. Even after renormalization, 4 variables are required
to produce a2 PCR model comparable to the 2 variable CPCR model. It
should be noted that, as is shown in Table 2, if the pathlength correction
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EXAMPLE 7 Renoval of a Sharp Lined, Overl appi ng Spectral

Interference :

Example 7 — Analysis of a 5 Component Additive Package
Comparison to the K Matrix Method

We have previously demonstrated the use of the K Matrix
method for the quality control analysis of a oil additive package. In the
K Matrix analysis, the calibration fby n spectral matrix, X, is expressed
as the product of two matrices, K and C.

-

X =KC

C is a ¢ by n matrix containing the concentrations of the ¢ real
components for the n calibration samples. The f by ¢ K matrix is
obtained as

K = XCYCCY)-t

K contains the spectra of the real components as they exst in the
calibration mixture, i.e. including any intercomponent interactions. The
K matrix obtained in the calibration can be used in the analysis of a
unknown, x, to obtain the component concentrations, ¢

¢ = (K*K)Kx

Unlike the Principal Component methods, the use of the K Matrix
method requires that the concentrations of all the components in the
mixtures be known such that the C matrix which must be inverted
completely specifies the calibration mixtures.

To further demonstrate how CPSA can be used to develop a
calibration for a real multicomponent analysis, a more detailed
description of the analysis presented in Example § will be given to to
demonstrate how a predictive model was developed using the same
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sanpl e conponeRigitives at levels correspondmg to 88%, 92%, 100%, 108% or 112% of
the target concentrations, and adjusting the diluent oil level to achieve
the appropriate total weight. The levels for additives in the individual
blends were chosen randomly subject to the constraints that the number
of times each additive level was represented should be roughly equal, and
that all the components vary independently. Spectra of 50% solutions of
the blends in cyclohexane were obtained at 2 cm-! resolution using a 0.05
millimeter KBr cell on a Digilab FTS—20C FT—IR spectrometer using
500 scans for signal averaging. 15 of the 30 blends which spanned the
additive concentration ranges were chosen for development of the models
and the remaining 15 were analyzed to test the models. Figure 11 shows
the average and standard deviation spectra for the 30 blends. Spectral
data in the range from 1800 to 490 cm-! was used in the amalysis. To
avoid absorbances that are too strong to accurately measure, the data in
the range from 1475 to 1435 cm-t was excluded from the analysis.

To evaluate what possible measurement process signals might be
present in the spectral data of the calibration blends, a Principal
Components Analysis was conducted on the 15 spectra. Figure 12 shows
the statistics for the PCA calculation. The various statistical tests do
not clearly indicate or agree on the number of variables present in the
spectral data, although most of the tests suggest that there are more
variables than real components. Figures 13 and 14 show the first 10
eigenspectra obtained for the PCA calculation. Clearly, at least the first
9 eigenspectra contain recognizable absorption bands which are well above
the spectral noise level. Examination of the eigenspectra and the
standard deviation spectrum indicate the sources of the additional
spectral variables. Eigenspectra 8 shows negative bands at 1215 and 761
em-t which are due to chloroform contamination of the solutions,
chloroform having been used to rinse the cell between samples. The
standard deviation spectrum (Figure 11) shows a strongly curved
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contributing the spectral variance. Unlike previous examples, the
contributions of the background to the spectral variables are not as
obvious from the eigenspectra, but are mixed with the variations due to
the real component absorptions. Together, the chloroform and the
background could account for two of the nine spectral variables.
Eigenspectra 5 and 9 both show features due to the cyclohexane solvent.
In eigenspectrum 5, the bands have a dispersive shape suggestive of a
variation in bandwidth among the calibration spectra. Close examination
of the calibration spectra indicates that the cyclohexane absorptions do

vary slightly in bandwidth, presumably because of variations in the
strength of interactions with the additives. Eigenspectrum 9, on the
other hand, shows normally shaped features corresponding to the solvent.
If the solutions had all been prepared to exactly the same concentration,
and if no solvent/additive interactions were present, the spectral features
due to the cyclohexane would have been constant among all the blends,
would have been observed exclusively in eigenspectrum 1, and would not
have been detected as a separate spectral variable. In reality, the solvent
contributes two spectral variables, eigenspectrum § arsing from variations
in the solute/solvent interactions, and eigenspectrum 8 arising from
variations in the solute/solvent concentrations. To verify that this is the
case, a second PCA analysis was conducted using the 15 calibration
blends plus 3 spectra of cyclohexane obtained under the same conditions.
Figure 15 shows some of the eigenspectra obtained from this analysis. In
the PCA calculation using only the blend spectra, the variation in the
solvent concentration was small, and showed up only as the 9th most
important spectral variable (Figure 14). Adding the spectra of the
solvent to the reference set dramatically increases the range of variation
in the solvent absorptions, making it the 2ad most important spectral
variable. Aside from the noise level, eigenspectrum 2 in Figure 15 very
closely resembles the eigemspectrum 9 in Figure 14. If solvent
concentration variation was not a spectral variable in the original 15
calibration spectra, then the inclusion of the solvent spectra would have
added an additional variable to the data. Comparison of Figures 13 and
14 to Figure 15 clearly indicates that this is not the case. The inclusion
of the solvent spectra has reordered the 9 variables (e.g. eigenspectrum 2
in Figure 13 becomes eigenspectrum 3 in Figure 14), but the 10th
eigenspectrum in both cases shows minimal absorption features above the
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CPSA model can be constructed. Since the solvent concentration
variation is a variable in the spectra of the blends, the solvent spectra
were included in the reference set for the generation of the CPSA model
so as to ensure that the solvent variation could be properly modeled.
Figures 16 and 17 show the various correction spectra which are used, as
well as the resulting eigenspectra. A 3 term (quadratic) correction is-
used to account for the possible background variation. Although the
chioroform is actually in the sample, it is at a low enough level so as not
~ to cause significant dilution of the sample absorptions, and thus can be
treated as a measurement process variable rather than a sample
component. Since the chloroform absorptions observed in PCA
eigenspectra 8 are shifted slightly from those observed for neat
chloroform, a synthetic chloroform spectrum was generated for use as a
correction spectrum by fitting the observed absorptions to Lorenztian

bands.

CPSA eigenspectrum 7 (Figure 16) appears to be roughly

equivalent to PCA eigenspectrum 10 (Figures 14 and 15) in terms of the
signal to noise of the residual absorption features. By including the 4
constraints, the CPSA model allows the spectral variance to be accounted
for in 7 variables rather than the 9 required by the PCA analysis.

Table 3 shows the Standard Errors for the K Matrix, PCA and

CPSA models. Since there are only 6 components (5 add pack
components plus cyclohexane) in the samples, the K Matrix method can
only extract 6 variables. The K Matrix model cannot account for the
solute/solvent interactions and thus produces a poorer predictive model
than the Principal Component methods which allow this interaction to be
modeled as a separate variable. The Standard Error of Estimate is lower
for the PCA model based on 9 variables than the CPSA model based on
7, because the two extra variable that correspond to measurement process
signals are being correlated to the dependent variable. If, for instance,
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predictions made with the PCA model will depend on background and
chloroform contamination, and will not be robust relative to these
measurement process signals. When the PCA and CPSA models are used
to analyze the 15 test blends (Table 3, bottom), it can be seen that the
predictive capability of the more robust CPSA model based on 7 variables
actually exceeds that of the PCA model based on 9 variables.

porated into the Jpredic-

For simplicity, since no water vapor absorptions were observed in
the standard deviation spectra or the PCA eigenspectra, a water vapor
constraint was not added in the development of the above CPSA model.
If this model was to be used in actual quality control applications, a
water vapor constraint would be added to insure that the results were not

- affected by the instrument purge. As is seen in Table 3, the addition of
water vapor correction spectra to the model so as to improve its stability
and robustness does not effect the accuracy of the predictions for the 15
test spectra which showed no water vapor absorptions.

Example 8:

Example 8 is intended to demonstrate how a Constrained
Spectral Analysis can be employed to remove a signal arising from the
measurement process in a real application. A CPCR model was
developed to estimate the research octane number (RON) of
powerformate samples. Laboratory data was collected over the 870 to
1600 mamometer range for 186 reference powerformate samples usihg a
LTI Industries Quantum 1200 Near—Infrared Analyzer. RON values for
the powerformate reference samples were obtained via ASTM—2699. A
CPCR model was developed using 3 polynomial correction spectra
(constant, linear and quadratic polynomials), and 5 Constrained Principal
Component variables. The Standard Error of Estimate for the model was
0.30 research octane numbers.

In testing the viability of using Near—Infrared for the
measurement of on—line research octane number, the laboratory analyzer
was equiped with a flow cell, and connected to a fast sampling loop from
a powerforming unit. Spectra of the powerforming product were collected
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as being due to atmospheric water vapor (Figure 20) which was present
in the instrument light path, and the oscillation was tracked to the cycle
time of an air conditioning unit present in the instrument shake where
the analyzer was located. From Figure 19, it is clear that the for short
time periods (<40 minutes), there were only minor changes in the
powerformate product composition, and the periodic changes in the
estimated RON where due soley to the variations in the humidity in the
instrument. Difference spectra generated over longer time intervals (e.g.
93—135 minutes) demonstrated that the magnitude of the water vapor
absorption was comparable to the differences in absorption due to actual
compositional changes. From Figure 20, it can be seen that the water
vapor absorption falls within the same spectral range as absorptions due
to the powerformat hydrocarbons.

To minimize the effect of humidity variations on the estimation
of research octane number, a water vapor correction was added to the
model. A '"water vapor" spectrum was generated by subtracting
successive spectra from the on—line data over periods when the
composition was expected to show minimal variation. A CPCR model
was constructed using the 3 polynomial background corrections, the water
vapor correction, and using 5 Constrained Principal Components in the
regression. The resultant model was then used to reanalyze the same
on—line data (Figure 21). The inclusion of the water vapor correction
eliminated the periodic oscillation by producing a model that was
insensitive to variations in the humidity.

Example 9: Measurement Process Quality Control
CPSA allows the spectral variables which are associated with the

measurement process to be modeled so that the predictive models can be
constrained to be insensitive to these variables. The contribution of these
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during the collection of the reference spectra, and can be used to identify
reference spectra which are outliers with respect to the measurement
process. In building the predictive model it may be desirable to recollect
the spectral data for these outliers so as to optimize the model.
Similarly, the values of the constraint variables for an unknown spectrum
being analyzed serve as an indication of measurement process during the
analysis, and can provide a warning if the measurement process has
changed significantly relative to the calibration. CPSA thus provide a
means of performing quality control on- the measurement process,
indicating conditions under which changes in the measurement process
rather than changes in the sample might be affecting the predicted
results.

Figures 22 and 23 show examples of how the constraint variables
can be used to monitor the spectral measurement process. In the
isooctane/heptane example above (Example 6), the spectra were collected
in a rapid fashion without allowing sufficient time for the spectrometer to
be fully purged. As a result, absorptions due to water vapor are
superimposed on the component spectra, and are isolated as a Principal
Component (eigenspectrum 5 in Figure 8) by a PCA calculation. In
developing the CPSA model, water vapor correction spectra were used to
generate a constraint. Figure 18 shows a plot of the dot product of the
reference and test spectra with the water vapor constraint. The value of
the constraint variable clearly identifies spectra which are outliers with
respect to the water vapor level, in this case spectra which show a
significantly lower water vapor level than the average. Figure 23 shows
similar data for the chloroform comstraint used in the additive package
example (Example 7). Chloroform was used to rinse the cell between
samples, tends to penetrate into small openings between the spacer and
the windows, and is not always completely removed even when a vacuum
is pulled on the cell. The value of the chloroform constraint variable

in the
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clearly indicates spectra for which an above (sample 4) or below (sample
6) average amount of chloroform contamination was present. Note that
since the peaks in the chloroform constraint spectrum (Figure 16) are
negative, lower values of the dot product imply higher levels of
chloroform. '

It will be appreciated that various modifications and changes may
be made to the methods and apparatus disclosed herein within the scope
of the invention as defined by the appended claims. Such modifications
and changes will be obvious to the skilled addressee and will not be
further described herein.

tiation
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2 78 22
4 82 18
6 84 16
8 86 14
10 88 12
- 12 90 10
14 92 8
16 94 6
18 96 4
20 a8 2
22 100 0
Test Samples

1 78 24
3 80 20
5 83 17
7 85 15
9 87 13
11 89 11
13 91 9
15 93 7
17 95 5
19 97 3
21 99 1
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Standard Errors for Heptane/Isooctane Binary Mixtures

Type of #of Isooctane Heptane
Model PC SEE SEP SEE SEP

Models based on 11 reference spectra without pathlength correction:

PCR 2 2.715 3.396 6.736 8.198
3 0.263 0.551 0.466 1.081

4 0.197 0.187 0.035 0.077

- 5 0.118 0.213 0.035 0.085

6 0.129 0.218 0.030 0.062

CPCR 2 0.196 0.248 0.045 0.056

Results renormalized so heptane plus isooctane equals 100%:

PCR 4 0.040 0.077 0.040 0.077
5 0.028 0.094 0.028 0.094
CPCR 2 0.056 0.071 0.056 0.071

Results for models employing pathlength correction:

PCR 2 6.394 6.986 6.394 6.986
3 0.445 10.977 0.445 0.977
4 0.045 0.072 0.045 0.072
5 0.034 0.001 0.034 0.091
CPCR 2 0.056 0.071 0.056 0.071

SEE = Standard Error of Estimate for Calibration
SEP = Standard Error of Prediction for Test Set



to the neasurenent process signals whi ch are pr esent
FIG 17 denonstrates this_inproved robustness. The va 'WLACEMENT‘ SHET
background anong the calibration sanples was estimate £ttt
baseline to the standernﬁ&lde:\z{aandaﬁ)nelmpactrum in FIG 1

ul

sl ope and intercept of ct - g the two ¢nd ig éﬁLt@@OO
690 cm 1). Multiples. l ed ba kground we e--t-hen—-&dded—t-o-
spectrum of the sanple ' A)lsooct ane and tlhe generated spect
wer e anal yzed using the 4 van- abI e PCA and the ‘
nodel . For the PCA nodel, the predicted ane content clearly depends

on the background. Ole@oﬂx@'soamd(Matm’ EC&MG@S&R@%IM Addhe spectral

data, variations on the order of 0.05‘V$§irle%ﬁ§se£v-ed. If, in the anal ysis of
an unknown, a larger difference in ba S pres- ent in the spectra,
errors on the order of 0.1%could easily be obtained. The CPSA nodel is

ogardl ess of 1 AU bR 5 el felR il QMbnBkaR ces 1 1e same resulls

Results renormalized so 5 add pack components add to 100%

L~

Model # of Standard Error of Estimate
Var. Disp NPS ZDDP MgSulf Qil

K Matrix 6 0.369 0.363 0.150 0.164 0.704
PCA 9 0.148 0.217  0.106 0.088 0.126
CPSA 7 0291 0.271  0.143 0.128 0.220
CPSA * 7 0.299 0.273 0.144 0.127 0.229

Model # of Standard Error of Prediction
Var. Disp NPS ZDDP MgSulf Oil

K Matrix 6 0.412 0.398 0.132 0.300 0.612
PCA 9 0.429 0285  0.147 0.300 0.367
CPSA 7 0.410 0.267 0.098 0.314 0.378
CPSA * 7 0.402 0.263 0.099 0.313 0.375

# of Var. = Number of variables in model

Disp = Dispersant, NPS = Nonyl Phenol, ZDDP = Zinc
Dialkyl—Dithiophosphate, MgSulf = Magnesium Sulfonate
* CPSA model including water vapor constraint



thus provides a nore robust and stable predictive nodel.
of error for both thePCRand CPCR anal yses is the fact t

two com ponents doesl.l?i}lee alen k0Q%¢ As is shown in Tabl

esti mated i sooct ane an € _ ndentrati ons are reno
the SEEs and SEPs are HII - &E!E mr eduged. Even after r
vari abl es are required 'PCR rmodel conpa- rabl
vari abl e CPCR nodel. It shoul d be notedTabl4 as is shown
t he pat hl ength. correction (M@_@%@%&g gg%ggﬁﬁ on
appendi x) is used in devel opi ,

renormal i zati on of the estinated i sooctane and n-hep- tan

results automatically fromthe con- straint that the sanp
sumto 100%

Constraint Disp NPS ZDDP  MgSulf
Polynomial 1 (constant)

0.902 2.094 1.342 1.436
Polynomial 2 (linear)

-5.500 2.099 1.149 -0.843
Polynomail 3 (square)

-1.321 -5.889 -1.147 1.009
Correction 1 (CHCL;)

—0.221 -0.34 0.213 -0.105

-

The nmjor source

PLAGENENT SHEERS

hl i zed to 1009
or Bed i AH: 1997 |4

in Table 7, if
3—-0—oft-he

t he

e concentrations

| e conponents nust

Oil

(DT

m
n

D D

2.521

12.110

1.060

0.230
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Addi ti ve Package Conparisen—to-the K Matrix Met hgd
previ ously denonstrat %%pee S e of the K Matrix method f
f ”; = #1020

control analysis of a0 ¢ thage. In the K Matrjx
calibra- tion f by n-sp m , LS expressed as
two matrices, Kand C

concentrations of the c real conponents for the n calibra
f by c Kmatrix is obtained as

aves

T SHEET"

pL nrl- uct

the qual [ tg\ég
he

aof

'|sa bynrratrlxcntalnlngthe

The Constrained Principal Spectra Analysis method allows the
spectroscopist to input his knowledge of the spectral measurements so as
to define and model possible spectral variations which are due to the
measurement process, and to develop maultivariate predictive models
which are constrained to be insensitive to the measurement process
signals. The constraints developed in this fashion serve as quality control
variables for the measurement process, allowing for the optimization of
the calibration and subsequent monitoring of the spectral measurement.

The CPSA algorithm provides advantage over spectral

preprocessing

techniques in that: (1) it uses all available spectral data to derive and
remove the measurement process variables and as such is less sensitive to
spectral noise than methods based on limited ranges of the data, (2) it

usés a single calculation method to remove all types of

measurement

process variations including variables for which preprocessing algorithms
would be difficult or impossible to develop (e.g highly overlapping
interferences or higher order background variations), (3) it provides

measurement process variables which are orthogonal to

the spectral

Principal Components thereby insuring maximum stability of the
predictive model, and (4) it incorporates the modeling and removal of
measurement process variables as an integral part of the analysis thereby

removing the necessity for the development of separate
methods and algorithms.

preprocessing

It will be appreciated that various modifications and changes may
be made to the methods and apparatus disclosed herein within the scope

of the invention as defined by the appended claims. Such

modifications

and changes will be obvious to the skilled addressee and will not be

further described herein.




[err] K contains the spectra of the Teal” components as they exist in the

calibration m xture, i.e. |rfé1 ud| ng any |nter-_ conmponent interactions. The
K matrix obtained in the cal |.' THo ,“ fhir
unknown, x, to obtain the co' Mk
the Pri nci pal Conponent nethods, fthé u!e of % he K uilr es
that the concentrations of all the conponents in th '
that the C matrix which nust be invertegl conpletelyis eﬁlinﬂg
calibration m xtures. To further denonstrate how e used t

s a nore dejail ed
|1 be given to

devel op aéﬁ‘%&ation for a real multiconponent analy
descripti he anal ysis presented in Exanple 5
dermonstrate how a pre- dictive nodel was devel oped us+ng—the sane spectral
data whi ch had been used for the K Matrix analysis. The additive package |n
question contai ns fl.vA methed®f estimating unknown property and/or composition data of a

sample, comprising:

® collecting respective spectra of n calibration samples, the spectra being quantified
at f discrete frequencies (or wavelengths) and forming a matrix X of dimension f

by n;

(i)  producing a correction matrix U, of dimension £ by m comprising m digitised
correction spectra at said discrete frequencies £, said correction spectra simulating

data arising from the measurement process itself;

(if) orthogonalising X with respect to U, to produce a corrected spectra matrix X,
whose spectra are each orthogonal to all the spectra in Uy;

(iv) collectingc pi"operty data, composition, data, or property and, composition data
for each of the n calibration samples to form 2 matrix Y of dimension n by ¢ (91);

(v)  determining a predictive model correlating the elements of matrix Y to those of
matrix X;

(v0)  measuring the spectrum of the sample under consideration at said f discrete
frequencies to form a matrix of dimension £by 1; and

(vil) estimating the unknown property and/or composition data of the sample under

consideration from its measured spectrum using the predictive model.

2. A method as claimed in claim 1; wherem the predictive model is determined in

step (v) using a mathematical technique to solve the equation Y=XP+E, where X.'is the

This Sheet Has Been Replaced |
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nents: a dispersant (49%, a nonyl phenal
di al kyl -di t hi ophosphat e (ZDDP,: Q. a magne-.
and a diluent oil (8%. For thej t{
cal i bration was devel oped over. aijiHH \r
bracketing the target product cor’rp0§|t

bl ending the 4 additives at |evels.
corresponding to 88% 92% 100% 108% ayg 1L12% of the t

and adjusting the diluent oil level to achieve the appfopriate total
wei ght. Theratsposelof X,, P is a prediction matrix of dimension fby c, and Eis a

from the model and is of dimension n by ¢ and wherein, for determining the vector y, of dimension
_1 by c containing the estimates of the ¢ property and/or composition data for the sample under '

consideration, the spectrum x, of the sample under consideration, x, being of dimension fby 1, is

measured and y, is determined from the relationship y,=x,'P, x.' being the transpose of spectrum

vector X,

3. A method as claimed in claim 2 for which f is less than or equal to n, wherein

said mathematical technique is linear least squares regression.

4. A method as claimed in claim 2, wherein said mathematical technique is

principal components regression.

5. A method as claimed in claim 2, wherein said mathematical technique in partial

least squares regression.

6. A method as claimed in claim 1, wherein the spectra collected in step (i) and the
spectrum measured in step (vi) are all absorption spectra,

7. A method as claimed in claim 1, wherein the collected spectra of the calibration
samples and the measured spectrum of the sample under consideration are in the near-infrared

range.

8. A method as claimed in claim 1, wherein the collected spectra of the calibration
samples and the measured spectrum of the sample under consideration are in the mid-infrared

range.

9. A method as claimed in claim 1, wherein the m spectra forming the columns of

matrix Uy, are all mutually orthogonal.
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for additives in the individuat—btends—were—cthosen ran- domy subject to
the constraints that the nunber of tinmes each additj
L W QS

represented should be roughly gl 11t ReRERVABERIENT SSHEETY | | nde-
e

pendently. Spectra of 50% sol uf E

] f]‘-'-'i?dsi g

obtained at 2 cnferr] resol ution Ul s§ m i fret eb gE& c%é? A
Digilab FTS-20C FT-1R spectroneter using 500 scans {o i L rdging. 15
of the 30 bl ends which spanned the addigd ve concent atrefr—-anges—udr e

chosen for devel opnment of the nodels and the remainj ng 15 were analyZed to
test the nodels. FlI G0. ¥gmethodws daimedinshaingyd, wiredeis stem Wod-erish ctra
for the 30 blends. Spectral data in the range from 1800 to 490 cnferr] was
used in the analysis. To avoid absorb- ances that are too strong to
accurat el y neasire, mduellidgbaseline vatiionsbygeset oforthbdormat freqiidity (amfaveledgir)s

excluded fromthe anal i S. .To eval uat at ssi bl e _neasur emen
process sig nals rfé@ 6%8055?%?@5%?‘!%@%&%@%%%&&%%%0 ngign PhRYa -
tion blends, a pring Pidre FRTAOGBECT tHYFRtMSniAis WAS tHe Bk fU e b the
15 spectra. FIG 19Cpshows§§%he statistics% djct ed onu{nﬁseolS’ spect rng. | G

19 shows stati sti calpolyaemialsgo

(iib) supplying at least one ex-sample spectrum which is representative of an anticipated
spectral interference due to an ex-sample chemical compound, this ex-sample
spectrum or these ex-sample spectra forming the column(s) of a matrix X, of
dimension fby s where s (>1) is the number of such ex-sample spectra and is

greater than or equal to the number of such ex-sample spectral interferences s”;
(i) orthogonalising the column(s) of X, with respect to U, to form a new matrix Xs;

(id) orthogonalising the column(s) of Xs- among themselves to form a new matrix U,;

(iie) combining matrices U, and U, to form a matrix U, whose columns are the columns
- of U, and U, arranged side-by-side,

1L A method according to claim 1, wherein, for determining any significant
change in the measurement process data between the times steps (i) and (vi) were performed, the

following steps are carried out:

7 (a  amatrix V, of dimension n by m is formed as the dot product X'U,, where X'is

the transpose of matrix X;

(b)  the corrected data matrix X is formed and its singular value decomposition
computedl as ULV, where U is a matrix of dimension fby n and contains the

principal component spectra as columns, £ is a diagonal matrix of dimension n by n

This Sheet Has Been Replaced
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not clearly indicate or agree on the number—of—vartable present in the

spectral data, although nost off th tests 0 est t fa gﬁ?

variabl es than real conpo- ne Ti ,"' i 1 sh R_Eﬁ W@{.’e§g€ﬁe
ei genspectra obt ai ned for tInARHGE] 48 at |east]the
first 9 eigenspectra contain reco’gm‘zabl et ab‘sor*ptlon T &&qmvmzh ane
wel | above the spectral noise |evel. Exam nati on the ei genspeg¢tia
and the standard devi a- tion spectrggn. ndi cat et he jsorces of the

addi ti onal spectral variabl es. Eigenspectra 8 sho

at 1215 and 761 cni @nd pontdinsche amlaxluduesomdw mraoﬁammfdxmermmnma:yimai on of

t he sol utions, chl org;‘l& hk‘ga\u‘i}é;dé‘been % e t he | | between
sanpl es, The standar’ PR f‘f‘?ﬂ?ng'ﬁéfﬁr?su % 3(3" EFPARGNS: a strongly
curved background, suggesting that background variations my
al so be contribuygi ng t he spectral variance. Unlike previ ous exanpl es,

the contributidfs oft reafessien okthe SmdVa=VZ+R i éet?fmé“eépect ral variables are not
as obvious fromt he ei genspectra, but are mxed with the variations

due to
(d  avector v, is formed as the dot product of the measured spectrum of the sample

under consideration, x,, with each of the columns of the correction matrix Us, vg =

xuvm;

(¢)  acorrected spectrum x. is formed as a result of orthogonalising x, with respect to
U, X%, = Umvm ’

(®  the scores for the corrected spectrum are calculated as v=x,'UZ" where x.! is the
transpose of x;

(g) the measurement process signals are calculated as r=v,, — vZ; and

() the magnitude of the elements of r are compared with the range of values of R,
whereby a significant difference indicates a significant change in the measurement

process data.

12. A method as claimed in claim 1 for which matrix X is to be corrected only for
the eﬁ‘ect of baseline variations, wherein said baseline variations are modelled by a set of
‘ orthogonal frequency (or wavelength) dependent polynomials which form said matrix Uy, of
~ dimension f by m where m is the order of the polynomials and the columns of U, are orthogonal
pelynomials.

13. A method as claimed in claim 12, wherein said orthogonal polynomials are
Lengendre polynomials,

This Sheet Has Been Rep
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-56 - the real conponent absorptions—Fogether, -

T Ul U-
background coul d account forWtT@‘m'ﬁe*‘sp‘ect aREI?Az&\ﬁﬂx‘tﬂ‘l@sé‘%&&cfl

Ei genspectra 5 and 9 both shoyw¥igmii the {c
ei genspec- trum5, the bands | :;s shar:
t i

variation in bandw dth among bma som spectl‘

the calibration spectra indicat es that the cycl ohexan aisor pti ons d

slightly in bandw dth, presumably becagge-of vari at:

elrexdaIe™ sol e

@gsélg“x?agrgr?;c ?I on of

ons in the

14. A method as claimed in claim 1 for which matrix X is to be corrected only for
the effect of chemical compounds which do not form part of the sample whose unknown property
data, composition data, or property and composition data is to be determined (hereafter “ex-
sample chemical compounds™), wherein the spectra that form the columns of U, are orthogonal

vectors that are representatives of those ex-sample chemical compounds.

15. A method as claimed in claim 10, wherein step (ic) is performed by a Gram-
Schmidt orthogonalization procedure.

16. A method as claimed in claim 10, wherein the ex-sample spectrum is that of

water vapor.

17. A method as claimed in claim 10, wherein the ex-sample spectrum is that of

carbon dioxide vapor.

18. A method as claimed in claim 10, where the ex-sample spectra are those of

water vapor and carbon dioxide vapor.

" 19. A method as claimed in claim 10, wherein in step (id), a singular value
decomposition of matrix X;- is used to generate the orthogonal correction spectra U, the first s’

terms of which correspond to the number of different types of ex-sample spectral interferences

being modelled are retained while any remaining terms are eliminated, and the resulting matrix U,

is combined with matrix U, in step (ie) to form matrix Us.

20. Apparatus for estimating unknown property and/or composition data of a
safnple, comprising:

a spectrometer for generating the spectrum of a plurality of calibration samples n having

known properties composition, or properties and composition c, and the spectrum of a sample

This Sheer Has Been R eplaced
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strength of interactions wih the ad
ot her hand, shows norma

Ei gernspec- trum9, on the

é;s cqorreshonding--to0-t- sol vent .

If the solutions had all \F exachEleg\@:mNE Stdrdent rati on,
re preseni—t-he-spectral features

and if no solvent/additi ﬁ' i =

due to the cycl ohexane wou dchaVe Yedn constant} nﬂg% ﬁ!‘ ﬁ@f bl énds, woul d
have been observed exclusively in eigenspectru wou ngt thave been
detected as a separate spectral variabtg.-1n rdalt *U, the—sotv
contributes two spectral variables, cigenspectr

in the soluiders considdration thavifg @:ﬂ@ﬁﬁhpfb@mﬁﬂﬁ/&h RpESRRETHLWH
variations in the sol ute/solvent concentrations. To ver - |fy that this is
t he case,‘@dsecond PCA anal ysis was conducted using the 15 calibration

bl ends plus 3 spectra of cycl ohexane obtai ned under the sane conditions.
FIG 22 shows sone of the eigenspectra obtained fromthis analysis. In the
PCA cal cul ati omompﬁtngne;n# yrranged tol receiiedipeorneasured $gectrum data fiioovthe spettimmeter| vent
concentrati smal |, and showed up only as the 9[err] nost inportant
spectral V&Fi Bﬂ? ®(FIG 21). Adding the spectra of the solvent to the
reference set dramatically increases the :

H

® in a data correction mode to perform, in conjunction with an operator, steps (i) to

(iii) of claim 1;

(i) ina storing mode to store the c property data, composition data or property and
composition data for each of the n calibration samples to form the matrix Y of

dimensionnbyc (c2 1);

(i) in a model building mode to determine, in conjunction with the operator, a

predictive model according to step (v) of claim 1;
(iv)  in a measurement mode to perform step (vi) of claim 12; and

(v)  ina prediction mode to perform step (vii) of claim 12, in order to estimate the
unknown property data, composition data, or property and composition data of the
sample under consideration according to the determined predictive model
correlating the elements of matrix Y to the corrected spectra matrix X, resulting
from the orthogonalization of matrix X with respect to the correction matrix Uy,

This Sheet Has Been Re placed
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range of variation in the solvent absorptions, making it the 2[err] nost

| nportant spectral variable. Aside fromthe noise | evel, eigenspectrurn 2
in FIG 22 very closely resenbles the cigenspectrum9 in FIG 21. If

sol vent concentration variation was not a spectral variable in the original
15 calibration spectra, then the inclusion of the solvent spectra would
have added an additional variable to the data. Conparison of FIGS. 20 and
21 to FIG 22 clearly indicates that tk5§;|s not the case. The inclusion of
t he sol vent spectra has regrdered.t : e (. eigenspectrum?2 in
FI G 20 becones elgenspec‘L»HA’ ot 20[err] eigenspectrurm
- 57 -

y
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For correcting measured spectral data of n samples for data due
to the measurement process itself, e.g. due to spectral baseline variations
and/or water vapor and carbon dioxide present in the atmosphere of the
spectrometer used to make the spectral measurements, the spectral data
being quantified at f discrete frequencies to produce a matrix X (of
dimension f by n) of calibration data, matrix X is orthogonalized with
respect to a correction matrix Uy of dimension f by m comprising m
quantified correction spectra, at the discrete frequencies f, which simulate
data arising from the measurement process itself. The correction method
is preferably included in a method of estimating unknown property
and /or composition data of a sample under consideration, in which the n )
samples are calibration simples and a predictive mode! is developed
interrelating known property and composition data of the calibration
samples to their spectral data corrected for the data due to the
measurement process itself. =~ Then, the unknown property and/or
composition data of the example under consideration is estimated from
the predictive model on the basis of its measured spectrum.

FIGURE 22.



in both cases shows m ni mal absorption features above the spectral noise
| evel . The above anal ysi s 04, CAREBednRRblackd OF the 9 spectral variables
I

correspond to sanple variation diti ve package conponents,

due to variations in the cjcl OF ﬂ EEI%E concentratl on, and | due to

varia- tions in the solvenn/so ons. bl es
and cor - responj ﬁ@QQQE@SEBﬁﬁﬁ%?

are due to the neasurenent process,

fluctuations and chl orof orm contam nati an. Using thifs{infornmation, SA

nodel can be constructed. Since the solvent concent at|Qh5v§MLagﬁb£rl a
pectra were ingcj upged in

variable in the spectra of the blends, the solvent $
the reference set for the generation of the CPSA noq So as to ensur

the solvent variation could be properly nodel ed. FI¢
various correction spectra which are used, as well as the resulting

ei genspectra. A 3 term (quad Ebr t he
possi bl e

fatic) correction 1S USed TU accottt

8
Y
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background vari ati on. At though the chloroformis actu- ally in the sanple,
it is at a |l ow enough |

sanpl e absorptions,
variabl e rather than a sajfjis
observed in PCA ei genspechit d
neat chloroform a synthetic chloroform spectrum Wag
correction spectrumby fitting the obsexved absorp-
CPSA eigenspectrum 7 (FIG 23) appears to lBe roughly equival gnt to

bands.

PCA ei genspectrum 10 (FIGS. 21 and 22)
absorption features.

t he residua
nodel

rather than the 9 requir
Standard Errors for the

nents (5 add pa
K Matrix nethod can only
account for the solu- te

6 conpo-

pre-

FIGURE 2

all ows the spectral

and%¥‘Fﬁh ﬁ.

el
i

S8

. Since thg chlLorofarm absprptions
ted slightljy ifromthose obgejved for

dleﬁeﬂal.éaﬂ Of yse as a

f-oRs—to-laorenzti an

ol Rlpik& Cause sighifigcant . dilution of the
iémat ed as a IeREPIADERENTPSIESS S

in terns of se of
By including the 4 constraints, the CPSA
variance to be accounted for in 7 vayriabl es

K Matri X,
ck conponents plus cycl ohexane)

d by the PCAanalysis. rabl e g sto t he

PCA and CPSA nodels. Sincg there are only
in tlhe sanples, the
exkract 6 vari- ables. The K Matri X nodel cannot
sol'\gnt interactions and thus prodyces a poorer

R
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dictive nodel than the Principal Conponent nethods
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vari abl e.

nodel to analyze the 4 constraint spectira

which allow this interaction to be nnd§¢£mL£§héLé¥HEwdﬁdﬂ
The Standard Error of Estimate is |ower fngpmdwm@smtﬁe
on 9 variables than the CPSA nodel based on 7, bgc

vari abl e that correspond to neasurenent process §i 353/\3{,?_ @57
correlated to the dependent variable. If, for instja t he

FIGURE 3

8 8 8 3 88 8 &8 2 °2
CETANE NUMBER BY NIR
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used for the CPSA nodel (the first 4 spectra in FIG 23), we see (Table 9)

that predictions nade with

the PCA nodel will degend on background and
chloro- formcontam nation, and will not be robugt bS e
’ pel ey st}

measur enent process signals. Wen the PCA and CPSA

anal yze the 15 test bl ends

predictive capability of the nore robust CPSA node

to

<

(Table 8, bottom, it c n be seen thal the
icti ili bh§e JULn1987 afi abl es
actual ly exceeds that of the PCA nodely based on 9 v Li

_ vapor absorptions werd observed in the 4tandard
devi ation spectra or the PCA eigenspectra, a water_yvapor constraintt was

sinmplicity, since no water

not added in the devel opnent of the above CPSA nodel. If this nodel was
to be used in actual quality control appli- cations, a water vapor
constrai nt woul d' be added t g—trmsture—that—theresuts—were ot %fect ed by
the instru- nment purge. Asjigg seen in Table 8, the addition off water

vapor correction spectra tojtge nodel so as to inprove its stgbility and

r obust ness does not effect

spectra which showed no waf

FIGURE 4

lh‘;accuracy of the predictions for

T
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- T T T T
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EXAMPLE 10 Exanple 10 is intended to denonstrate how a Con- strained
arising fromthe

Spectral Analysis can be enployed to renove a signal
measurenent process in a real application. A CPCHroeet

estimate the research octane nunber (RON) of powe ﬁ&Pb&EﬁﬁEﬁnﬁHg

Laboratory data was collected over the 870 to 1600
reference powerfornmate sanples using a LTI Industfig
I nfrared Anal yzer. RON val ues for the pdwerformatje re
obtai ned via ASTM 2699. A CPCR nodel was devel opgqd

FIGURE 5
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Data Sets:: [1] Synthetic Conponents [2] Plus variable offset [3] Plus noi sé -
[ 4] PFus ~varable offiset and noise Standard Error of Estintate (for 51 '
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ABSTRACT OF THE DISCIOSURE

For correcting measured spectral data of n samples for data due
to the measurement process itself, e.g. due to spectral baseline variations
N and/or water vapor and carbon dioxide present in the atmosphere of the
spectrometer used to make the spectral measurements, the spectral data
being quantified at f discrete ﬁeQueﬁcies -to .produce a matrix X (of
dimension f by n) of calibration data, matrix X is orthogonalized with
respect to a correction matrix Uy of dimenmsion f by m comprising m
quantified correction spectra, at the discrete frequencies f which simulate
data arising from the measurement process itself. The correction method
fs preferably included in a method “of estimating unknown property
and/or composition data of a sample under consideration, in which the n -
 samples are calibration samples and a predictive model is developed
interrelating known property and composition data of the calibration
samples to their spectral data corrected for the data due to the
measurement process itself.  Then, the unkmown property and/or
composition data of the example under comsiderstion is estimated from ~
the predictive model on the basis of its measured spectrum.

FIGURE 22.
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- 66- ' : . TABLE 5 St andar d

Errors for Exanple 1 Ofset Correlated to Dependent Val ue /
Anal ysi s Nunber Type : b3 ol SERG 7. Y
SEP Anal ysis of data _sg P%MWSHHE a] 6TF F1-
3 0.079 0. 239 [ic] 2 pince
0. 079 0.087 Analysis types: [all Prircijpal 2CHRHo8Rt$ Aral ysts [c]
Constrzined Principal Conmponents Anal ysis tal.Sets: [5]. _Svathetic

Component s, of fset correl ated to dependent vdl ue, noise Standand Error of
Estimate (for 51 calibration spectra and N Reincipal..Conpo- . nents):

METHOD FOR CORRECTING SPECTRAL DATA
FOR DATA DUE TO THE SPECTRAL
MEASUREMENT PROCESS ITSELF AND
ESTIMATING UNKNOWN PROPERTY AND/OR
COMPOSITION DATA OF A SAMPLE USING
SUCH METHOD

BACKGROUND OF THE INVENTION

This invention relates, in its broadest aspect, to cor-
recting measured spectral data of a number of samples
for the effects of data arising from the measurement
process itself (rather than from the sample components).
However, it finds particular application to a method of
estimating unknown property and/or composition data
of a sample, incorporating steps to provide correction
for such measurement process spectral data. Examples
of property and composition data are chemical compo-
sition measurements {(such as the concentration of indi-
vidual chemical components as, for example, benzene,
toluene, xylene, or the concentrations of a class of com-
pounds as, for example, paraffin), physical property
measurements (such as density, index of refraction,
hardness, viscosity, flash point, pour point, vapor pres-
sure), performance property measurement (such as oc-
tane number, cetane number, combustibility), and per-
ception (smell/odor, color).

The infrared (12500-400 cm~!} spectrum of a sub-
stance contains absorption features due to the molecular
vibrations of the constituent molecules. The absorptions
arise from both fundamentals (single quantum transi-
tions occurring in the mid-infrared region from
4000-400 em—1) and combination bands and overtones
(multiple quanta transitions occurring in the mid- and
the near-infrared region from 12500-4000 cm—1). The
position (frequency or wavelength) of these absorptions
contain information as to the types of molecular struc-
tures that are present in the material, and the intensity of
the absorptions contains information about the amounts
of the molecular types that are present. To use the infor-
mation in the spectra for the purpose of identifying and
quantifying either components or properties requires
that a calibration be performed to establish the relation-
ship between the absorbances and the component or
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accomplished using multivariate data analysis methods.

In complex mixtures, each constituent generally gives
rise to multiple absorption features corresponding to
different vibrational motions. The intensities of these
absorptions will all vary together in 2 linear fashion as
the concentration of the constituent varies. Such fea-
tures are said to have intensities which are correlated in
the frequency {or wavelength) domain. This correlation
allows these absorptions to be mathematically distin-
guished from random spectral measurement noise
which shows no such correlation. The linear algebra
computations which separate the correlated absorbance
signals from the spectral noise form the basis for tech-
niques such as Principal Components Regression (PCR)
and Partial Least Squares (PLS). As is well known,
PCR is essentially the analytical mathematical proce-
dure of Principal Components Analysis (PCA), fol-
lowed by regression analysis. Reference is directed to
“An Introduction to Multivariate Calibration and Anal-
ysis”, Analytical Chemistry Vol. 59, No. 17, September,
1987, pages 1007 to 1017, for an introduction to Multi-
ple Linear Regression {MLR), PCR, and PLS

PCR and PLS have been used to estimate eiemema'd
and chemical compositions and to a lesser extent physi-
cal or thermodynamic properties of solids and liquids
based on their mid- or near-infrared spectra. These
methods involve: [1] the collection of mid- or near-
infrared spectra of a set of representative samples; (21
mathematical treatment of the spectral data to extract
the Principal Components or latent variables (e.g. the
correlated absorbance signals described above); and [3]
regression of these spectral variables ag'ains_t composi-
tion and/or property data to build a multivariate model.
The analysis of new samples then involves the colle«;:—
tion of their spectra, the decomposition of the Sp«_:tra in
terms of the spectral variables, and the appiicat}c?n of
the regression equation to calculate the composition/-
properties,
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The mathematical/statistical treatment of spectral
data using PCR or PLS does not differentiate among
possible sources of signals which are correlated in the
frequency domain. In particular, PCR and PLS do not
differentiate between signals arising from variations in
sample components and signals arising from variations
in the spectral measurement process. For mid- and near-
infrared spectra, common measurement process signals
include, but are not limited to, variations in the spectral
baseline due to changes in instrument performance or
changes in cell window transmittance, and signals due
to water vapor and/or carbon dioxide in the spectrome-
ter light path. These measurement process signals can
contribute to the Principal Components or latent vari-
ables obtained by PCR or PLS, and may be correlated
to the composition/property data during the regression.
The resuitant regression model will then be sensitive to
variations in these measurement process variables, and
measured compositions or properties can be in error.

In addition to sensitivity to measurement process
signals, methods based on PCR or PLS do not correct
for variations in the overall scaling of the spectral data.
Such scaling variations can result from a variety of
factors including variations in cell pathlength due to
positioning of the cell in the spectrometer, and expan-
sion or contraction of the cell during use. For situations
where the sample flows through the cell during the
measurement, variations in flow can also cause varia-
tions in the scaling of the spectral data which are equiv-
alent in effect to variations in pathlength. PCR and PLS
models require that spectral data be scaled to a specified
pathlength prior to analysis, thus requiring that the
pathlength be separately measured. The separate mea-
surement of the cell pathlength prior to the use of the
cell in collection of the sample spectrum is not conve-
nient or in some cases {e.g. for an on-line flow cell) not
possible, nor does such separate measurement necessar-
ily account for the sources of variation mentioned
above. Errors in the measured pathlength produce pro-
portional errors in the composition/property data esti-
mated by PCR and PLS models.
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The present inventi®n addresées’ P pax%capag the6' 736
0. poblembrH% to dof8dt the measured spectral data of

the calibration samples so that the data is substantially
insensitive 10 measurement process signals. In general,
the invention also seeks to provide a generally im-
proved method which estimates unknown property
and/or compositional data of a sample under consider-
ation but which is essentially insensitive to spectral data
due to the measurement process itself. It also addresses
the problem of scaling variations, referred to in the
preceding paragraph.

Therefore, the invention relates, in its broadest as-
pect, to a method of correcting spectral data of a num-
ber of samples for the effects of data arising from the
measurement process itself (rather than from the sample
components), but it finds particular application to esti-
mating unknown property and/or composition data of a
sample where the estimation includes steps to effect the
aforesaid correction for the measurement process spec-
tral data. The spectral data for n calibration samples is
quantified at f discrete frequencies to produce a matrix
X {of dimension { by n) of calibration data. The first step
in the method involves producing a correction matrix
Unp: of dimension { by m comprising m digitised correc-
tion spectra at the discrete frequencies f, the correction
spectra simulating data arising from the measurement
process itsclf. The other step involves orthoganalizing
X with respect to U,, to produce a corrected spectra
matrix X, whose spectra are orthogonal to all the spec-
tra in Uy Due to this orthogonality, the spectra in
matrix X, are statistically independent of spectra arising
from the measurement process itself. If (as would nor-
mally be the case) the samples are calibration samples
used to build a predictive model interrelating known
property and composition data of the n samples and
their measured spectra so that the model can be used to
estimate unknown property and/or composition data of
a sample under consideration from its measured spec-
trum, the estimated property and/or composition data
will be unaffected by the measurement process itself. In
particular, neither baseline variations nor spectra due
for example to water vapor or carbon dioxide vapor in
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usually be calibration samples and the description of the
preferred embodiment relates to correcting spectral
data of calibration samples for the effects of data arising
from the measurement process itself for developing a
predictive model, the steps of the data correction
method could be used on spectra for a spectral library,
with the objective of performing spectral library
searching for sample identification using the corrected
spectra as reference spectra. It is also remarked that the
spectra can be absorption spectra and the preferred
embodiments described below all involve measuring
absorption spectra. However, this is to be considered as
exemplary and not limiting on the scope of the inven-
tion as defined by the appended claims, since the
method disclosed herein can be applied to other types of
spectra such as reflection spectra and scattering spectra
{such as Raman scattering). Although the description
given herein and with reference to the drawings relate
to NIR (near-infrared) and MIR (mid-infrared}, never-
theless, it will be understood that the method finds
applications in other spectral measurement wavelength
ranges including, for example, ultraviolet, visible spec-
troscopy and Nuclear Magnetic Resonance (NMR)
spectroscopy.

Generally, the data arising from the measurement
process itseif are due to two effects. The first is due to
baseline variations in the spectra. The baseline varia.
tions arise from a number of causes such as light source
temperature variations during the measurement, reflec-
tance, scattering or absorption by the cell windows, and
changes in the temperature {(and thus the sensitivity) of
the instrument detector. These baseline variations gen-
erally exhibit spectral features which are broad (corre-
late over a wide frequency range). The second type of
measurement process signal is due to ex-sample chemi-
cal compounds present during the measurement pro-
cess, which give rise to sharper line features in the spec-
trum. For current applications, this type of correction
generally includes absorptions due to water vapor and-
/or carbon dioxide in the atmosphere in the spectrome-
ter. Absorptions due to hydroxyl groups in optical fi-
bers could also be treated in this fashion. Corrections
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for contaminants present in the samples can also be
made, but generally only in cases where the concentra-
tion of the contaminant is sufficiently low as to not
significantly dilute the concentrations of the sample
components, and where no significant interactions be-
tween the contaminant and sample component occurs.
It is important to recognize that these corrections are
for signals that are not due to components in the sample.
In this context, “sample” refers to that material upon
which property and/or component concentration mea-
surements are conducted for the purpose of providing
data for the model development. By “contaminant”, we
refer to any material which is physically added to the
sample after the property/component measurement but

before or during the spectral measurement.

The present inventive method can be applied to cor-
rect only for the effect of baseline variations, in which
case these variations can be modelled by a set of prefer-
ably orthogonal, frequency (or wavelength) dependent
polynomials which form the matrix U,, of dimension {
by m where m is the order of the polynomials and the
columns of Uy, are preferably orthogonal polynomials,
such as Legendre polynomials. Alternatively the inven-
tive method can be applied to correct only for the effect
of ex-sample chemical compounds (e.g. due to the pres-
ence in the atmosphere of carbon dioxide and/or water
vapor)}. In this case, the spectra that form the columns
of U,, are preferably orthogonal vectors that are repre-
sentative of the spectral interferences produced by such
chemical compounds. It is preferred, however, that
both baseline variations and ex-sample chemical com-
pounds are modelled in the manner described to form
two correction matrices U, of dimension f by p and X,
respectively. These matrices are then combined into the
single matrix Upy, whose columns are the columns of Up

and X; arranged side-by-side.
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columns of U, are all mutually orthogonal. The pro-
duction of the matrix U,, having mutually orthogonal
spectra or columns can be achieved by firstly modelling
the baseline variations by a set of orthogonal frequency
{or wavelength) dependent polynomials which are
computer generated simulations of the baseline varia-
tions and form the matrix Up, and then at least one, and
usually a plurality, of spectra of ex-sample chemical
compounds (e.g. carbon dioxide and water vapor)
which are actual spectra collected on the instrument,
are supplied to form the matrix X;. Next the columns of
Xsare orthogonalized with respect to U, to form a new
matrix X, This removes baseline effects from ex-sam-
ple chemical compound corrections. Then, the columns
of X" are orthogonalized with respect to one another to
form a new matrix U, and lastly U, and U, are com-
bined to form the correction matrix Uy, whose columns
are the columns of Up and Uy arranged side-by-side. It
would be possible to change the order of the steps such
that firstly the columns of X are orthogonalized to form
a new matrix of vectors and then the (mutually orthogo-
fzal) polynomials forming the matrix Upare orthogonal-
ized relative to these vectors and then combined with
f_hem to form the correction matrix Um. However, this
is less preferred because it defeats the advantage of
generating the polynomials as being orthogonal in the
first place, and it will also mix the baseline variations in
with the spectral variations due to ex-sample chemical
compounds and make them less useful as diagnostics of
mstrument performance.

In a real situation, the sample spectral data in the
matrix X will include not only spectral data due to the
measurement process itself but also data due to noise.
Therefore, once the matrix X {dimension f by n) has
been orthogonalized with respect to the correction
matrix Uy, (dimension f by m), the resulting corrected
spectral matrix X, will still contain noise data. This can
be removed in the following way. Firstly, a singular
value decomposition is performed on matrix X¢in the
form X.=UZV", where U is a matrix of dimension f by
n and contains the principal component spectra as col-
umns, 2 is a diagonal matrix of dimension n by n and
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contains the singular values, and V is a matrix of dimen-
sion n by n and contains the principal component
scores, V! being the transpose of V. In general, the
principal components that correspond to noise in the
spectral measurements in the original n samples will
have singular values which are small in magnitude rela-
tive to those due to the wanted spectral data, and can
therefore be distinguished from the principal compo-
nents due to real sample components. Accordingly, the
next step in the method involves removing from U, 2
and V the k41 through n principal components that
correspond to the noise, to form the new matrices U’, 3’
and V' of dimensions f by k, k by k and n by k, respec-
tively. When these matrices are multiplied together, the
resulting matrix, corresponding with the earlier cor-
rected spectra matrix X,, is free of spectral data due to
noise.

For the selection of the number (k) of principal com-
ponents to keep in the model, a variety of statistical tests
suggested in the literature could be used but the follow-
ing steps have been found to give the best results. Gen-
erally, the spectral noise level is known from experience
with the instrument. From a visual inspection of the
eigenspectra (the columns of matrix U resulting from
the singular value decomposition), a trained spectrosco-
pist can generally recognise when the signal levels in
the eigenspectra are comparable with the noise level.
By visual inspection of the eigenspectra, an approximate
number of terms, k, to retain can be selected. Models
can then be built with, for example, k—2, k—1, k, k-1,
k+2 terms in them and the standard errors and PRESS
(Predictive Residual Error Sum of Squares) values are
inspected. The smallest number of terms needed to
obtain the desired precision in the model or the number
of terms that give the minimum PRESS value is then
selected. This choice is made by the spectroscopist, and
is not automated. A Predicted Residual Error Sum of
Squares is calculated by applying a predictive model for
the estimation of property and/or component values for
a test set of samples which were not used in the calibra-
tion but for which the true value of the property or
component concentration is known. The difference
between the estimated and true values is squared, and
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left our of the data matrix during the calibration, and

then analyzed with the resultant model, and the proce-

dure is repeated until each sample has been left out

once.

The polynomials that are used to mode} background

variations are merely one type of correction spectrum.

The difference between the polynomials and the other

“correction spectra” modelling ex-sample chemical

compounds is twofold. First, the polynomials may con-

veniently be computer-generated simulations of the

background (although this is not essential and they

could instead be simple mathematical expressions or

even actual spectra of background variations) and can

be generated by the computer to be orthogonal. The

polynomials may be Legendre polynomials which are

used in the actual implementation of the correction

method since they save computation time. There is a

specific recursion algorithm to generate the Legendre

polynomials that is disclosed in the description hereinaf-

ter. Generally, each row of the U, matrix corresponds

to a given frequency (or wavelength) in the spectrum.

The columns of the Up matrix will be related to this

frequency. The elements of the first column would be &

constant, the elements of the second column would

depend linearly on the frequency, the elements of the

third column would depend on the square of the fre-

quency, etc. The exact relationship is somewhat more

complicated than that if the columns are to be orthogo-

nal. The Legendre polynomials are generated to be

orthonormal, so that it is not necessary to effect a singu-

lar value decomposition or a Gram-Schmidt orthogo-

nalization to make them orthogonal. Alternatively, any

set of suitable polynomial terms could be used, which

are then orthogonalized using singular value decompo-

sition or a Gram-Schmidt orthogonalization. Alterna-

tively, actual spectra collected on the instrument to
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simulate background variation can be used and orthogo-
nalized via one of these procedures. The other “correc-
tion spectra” are usually actual spectra collected on the
instrument to simulate interferences due to ex-sample
chemical compounds, e.g. the spectrum of water vapor,
the spectrum of carbon dioxide vapor, or the spectrum
of the optical fiber of the instrument. Computer gener-
ated spectra could be used here if the spectra of water
vapor, carbon dioxide, etc. can be simulated. The other
difference for the implementation of the correction
method is that these “correction spectra™ are not or-
thogonal initially, and therefore it is preferred that they
be orthogonalized as part of the procedure. The polyno-
mials and the ex-sample chemical compound “correc-
tion spectra” could be combined into one matrix, and
orthogonalized in ope step to produce the correction
vectors. In practice, however, this is not the best proce-
dure, since the results would be sensitive to the scaling
of the polynomials relative to the ex-sample chemical
compound “correction spectra”. If the ex-sample chem-
ical compound “correction spectra” are collected spec-
tra, they will include some noise. If the scaling on the
polynormials is too small, the contribution of the noise in
these “correction spectra” to the total variance in the
correction matrix U, would be larger than that of the
polynomials, and noise vectors would end up being
included in the ex-sample chemical compound correc-
tion vectors. To avoid this, preferably the polynomials
are generated first, the ex-sample chemical compound
“correction spectra” are orthogonalized to the polyno-
mials, and then the correction vectors are generated by
performing a singular value decomposition {described
below) on the orthogonalized “correction spectra”.
As indicated above, a preferred way of performing
the correction for measurement process spectral data is
firstly to generate the orthogonal set of polynomials
which model background variations, then to orthoga-
nalize any “correction spectra” due 1o ex-sample chemi-
cal compounds (e.g. carbon dioxide and/or water va-
por) to this set to produce a set of “‘correction vectors”,
and finally to orthogonalize the resultant “‘correction
vectors” among themselves using singular value decom-
position. If multiple examples of “correction spectra”,
c.g. several spectra of water vapor, are used, the final
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pumber of initial “correction spettr e ones elimi-
nated correspond with the measurement noise. Essen-
tially, principal components analysis (PCA) is being
performed on the orthogonalized “correction spectra”
to separate the real measurement process data being
modelled from the random measurement noise.

It is remarked that the columns of the correction
matrix U, do not have to be murtually orthogonal for
the correction method to work, as long as the columns
of the data matrix X are orthogonalized to those of the
correction matrix U,. However, the steps for generat-
ing the U, matrix to have orthogonal columns is per-
formed to simplify the computations required in the
orthogonalization of the spectral data X of the samples
relative to the correction matrix Uy, and to provide a
set of statistically independent correction terms that can
be used to monitor the measurement process. By ini-
tially orthogonalizing the correction spectra X; due to
ex-sample chemical compounds to U, which models
background variations, any background contribution to
the resulting correction spectra is removed prior to the
orthogonalization of these correction spectra among
themselves. This procedure effectively achieves a sepa-
ration of the effects of background variations from
those of ex-sample chemical compound variations, al-
lowing these corrections to be used as quality control
features in monitoring the performance of an instrument
during the measurement of spectra of unknown materi-
als, as will be discussed hereinbelow.

When applying the technique for correcting for the
effects of measurement process spectral data in the de-
velopment of 8 method of estimating unknown property
and/or composition data of & sample under consider-
ation, the following steps are performed. Firstly, re-
spective spectra of n calibration samples are collected,
the spectra being quantified at { discrete frequencies (or
wavelengths) and forming a matrix X of dimension { by
n. Then, in the manner described above, a correction
matrix Uy, of dimension f by m is produced. This matrix
comprises m digitised correction spectra at the discrete
frequencies f, the correction spectra simulating data
arising from the measurement process itself. The next
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step is 10 orthogonalize X with respect to U,y to pro-
duce a corrected spectra matrix X, whose spectra are
each orthogonal to all the spectra in U,,. The method
further requires that ¢ property and/or composition
data are collected for each of the n calibration samples
to form a matrix Y of dimension n by ¢ (cZ1). Then, a
predictive model is determined correlating the elements

of matrix Y to matrix X.. Different predictive models
can be used, as will be explained below. The property
and/or composition estimating method further requires
measuring the spectrum of the sample under consider-
ation at the f discrete frequencies to form a matrix of
dimension { by 1. The unknown property and/or com-
position data of the samples is then estimated from its
measured spectrum using the predictive model. Gener-
ally, each property and/or component is treated sepa-
rately for building models and proeduces a separate f by
1 prediction vector. The prediction is just the dot prod-
uct of the unknown spectrum and the prediction vector.
By combining all the prediction vectors into 2 matrix P
of dimension { by c, the prediction involves multiplying
the spectrum matrix (a vector of dimension f can be
considered as a 1 by { matrix} by the prediction matrix
to produce a 1 by ¢ vector of predictions for the ¢ prop-
erties and components.

As mentioned in the preceding paragraph, various
forms of predictive model are possible. The predictive
model can be determined from a mathematical solution
to the equation Y =X P+ E, where X /is the transpose
of the corrected spectra matriz X, P is the predictive
matrix of dimension { by ¢, and E is a matrix of residual
errors from the model and is of dimension n by ¢. The
validity of the eguation Y=X/P+E follows from the
inverse statement of Beer's law, which itself can be
expressed in the form that the radiation-absorbance of a
sample is proportional to the optical pathlength through
the sample and the concentration of the radiation-
absorbing species in that sample. Then, for determining
the vector y, of dimension 1 by ¢ containing the esti-
mates of the ¢ property and/or composition data for the
sample under consideration, the spectrum x, of the
sample under consideration, x, being of dimension f by
1, is measured and vy, is determined from the relation-
ship yu=2x.'P, x,/ being the transpose of matrix x,.
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vention, the equation Y=X/P~+E is solved to deter-
mine the predictive model, the invention could also be
used in developing models where the equation Is repre-
sented {by essentially the statement of Beer’s law) as
Xe=AY!'+E, where A is an f by ¢ matrix. In this case,
the matrix A would first be estimated as A=X-
Y(YTY)—1 The estimation of the vector y, of dimen-
sion I by ¢ containing the ¢ property and/or composi-
tion data for the sample under consideration from the
spectrum x, of the sample under consideration would
then involve using the relationship y.=x A(ATA)— L.
This calculation, which is a constrained form of the
K-matrix method, is more restricted in application,
since the required inversion of Y'Y reguires that Y con-
tain concentration values for all sample components,
and not contain property data.

The mathematical solution to the equation
Y=X/P+E {or X;=AY'+E) can be obtained by any
one of a number of mathematical techniques which are
known per se, such as linear least squares regression,
sometimes otherwise known as multiple linear regres-
sion (MLR), principal components analysis/regression
(PCA/PCR) and partial least squares (PLS). As men-
tioned above, an introduction to these mathematical
techniques is given in “An Introduction to Multivariate
Calibration and Analysis”, Analytical Chemistry, Vol.
59, No. 17, Sep. 1, 1987, Pages 1007 to 1017.

The purpose of generating correction matrix Uy, and
in orthogonalizing the spectral data matrix X to Up is
twofold: Firstly, predictive models based on the resul-
tant corrected data matrix X, are insensitive to the ef-
fects of background variations and ex-sample chemical
components modeled in Up, as explained above. Se-
condly, the dot (scalar) products generated between the
columns of U, and those of X contain information
about. the magnitude of the background and ex-sample
chemzc_al component interferences that are present in
the calibration spectra, and as such, provide a measure
of the range of values for the magnitude of these inter-
ferc_:nce§ that were present during the collection of the
calibration spectral data. During the analysis of a spec-
trum of a material having unknown properties and/or

i ndi cates that the row
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composition, similar dot products can be formed be-
tween the unknown spectrum, xy, and the columns of
Upm, and these values can be compared with those ob-
tained during the calibration as a means of checking that
the measurement process has not changed significantly
between the time the calibration is accomplished and
the time the productive model is applied for the estima-
tion of properties and components for the sample under
test. These dot products thus provide a means of per-
forming a quality control assessment on the measure-
ment process. '

The dot products of the columns of Uy, with those of
the spectral data matrix X contain information about the
degree to which the measurement process data contrib-
ute to the individual calibration spectra. This informa-
tion is generally mixed with information about the cali-
bration sample components. For example, the dot prod-
uct of a constant vector (a first order polynomial) with
a spectrum, will contain information about the total
spectral integral, which is the sum of the integral of the
sample absorptions, and the integral of the background.
The information about calibration sample components
is, however, also contained in the eigenspectra pro-
duced by the singular value decomposition of X.. It is
therefore possible to remove that portion of the infor-
mation which is correlated to the sample components
from the dot products so as to recover values that are
uncorrelated to the sample components, i.e. values that
represent the true magnitude of the contributions of the
measurement process signals to the calibration spectra.
This is accomplished by the following steps:

(1) A matrix V,,, of dimension n by m is formed as the
product of XU, the individual elements of V, being
the dot products of the columns of X with those of Up,;

{2} The corrected data matrix X, is formed, and its
singular value decomposition is computed as UEV#

(3) A regression of the form Vp=VZ+R is calcu-
lated to establish the correlation between the dot prod-
ucts and the scores of the principal components: VZ
represents the portion of the dot products which is
correlated to the sample components and the regression
residuals R represent the portion of the dot products
that are uncorrelated to the sample components, which
are in fact the measurement process signals for the cali-
bration samples;
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(4) In the analysis of a sample under test, the dot
producgs of the unknown spectrum with each of the
correction spectra (columns of Up) are calculated to
form a vector Vi, the corrected spectrum x. is calcu-
lated, the scores for the corrected spectrum are calcu-
lated as v=xUZ~!, and the uncorrelated measure-
ment process signal values are calculated as r=vpu—vZ
The magnitude of these values is then compared to thc:
range of values in R as a means of comparing the mea-
Surement process during the analysis of the unknown to

that during the calibration.
It will be appreciated that the performance of the

above disclosed correction method and method of esti-
mating the unknown property and/or composition data
of the sample under consideration involves extensive
mathematical computations to be performed. In prac-
tice, such computations would be made by computer
means comprising a computer or computers, which
wotld be connected to the instrument in a measurement
mode so as to receive the measured output spectrum of
the calibration sample, ex-sample chemical compound
or test sample. In a correction mode in conjunction with
the operator, the computer means stores the calibration
spectra to form the matrix X, calculates the correction
matrix U,,, and orthogonalizes X with respect to the
correction matrix U,,. In addition, the computers means
operates in a storing mode to store the ¢ known prop-
erty and/or composition data for the n calibration sam-
ples to form the matrix Y of dimensionnby ¢ (c=1). In
a mode building mode, the computer means determines,
in conjunction with the operator, a predictive model
correlating the elements of matrix Y to those of matrix
X, Lastly, the computer means is arranged to operate in
a prediction mode in which it estimates the unknown
property and/or compositional data of the sample under
consideration from its measured spectrum using the
determined predictive model correlating the elements
of matrix Y to those of matrix X,.

ty.
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In more detail, the steps involved according to a
preferred way of making a prediction of property and-
/or composition data of a sample under consideration
can be set out as follows. Firstly, a selection of samples
for the calibrating is made by the operator or a labora-
tory technician. Then, in either order, the spectra and

properties/composition of these samples need
measured, collected and stored in the computer

to be
means

by the operator and/or laboratory technician, together
with spectra of ex-sample chemical compounds to be
used as corrections. In addition, the operator selects the
computer-generated polynomial correction used to

model baseline variations. The computer means

gener-

ates the correction matrix Un, and then orthogonalizes
the calibration sample spectra (matrix X} to produce the
corrected spectra matrix X, and, if PCR is used, per-
forms the singular valne decomposition on matrix X

The operator has to select (in PCR) how many

of the

principal components to retain as correlated data and
how many to discard as representative of (uncorrelated)
noise. Alternatively, if the PLS technique is employed,
the operator has to select the number of latent variables
to use. If MLR is used to determine the correlation
between the corrected spectra matrix X, and the mea-
sured property and/or composition data Y, then a selec-
tion of frequencies needs to be made such that the num-
ber of frequencies at which the measured spectra are
quantised is less than the number of calibration samples.
Whichever technique is used to determine the correla-
tion (i.e. the predictive model) interrelating X, and Y,
baving completed the calibration, the laboratory techni-
cian measures the spectrum of the sample under consid-
eration which is used by the computer means to com-
pute predicted property and/or composition data based

on the predictive model.
These and other features and advantages of the

inven-

tion will now be described, by way of example, with

reference to the drawings.

i's
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1.2.4 An Othonormal Set of Vectors A set of vectors uferr],
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any two different vectors is equal to zelo.
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BRIEF DESCRIPTION OF THE DRAWINGS

FIGS. 1 to 5 are scattergrams of different property
and composition data when determined by conven-
tional techniques ploited against the same data deter-
mined by the spectroscopic method disclosed herein;
more specifically,

- FIG. 11s a plot of benzene wt% by infrared (abscissa}
v. benzene wt% by gas chromatography;

FIG. 2is a plot of API gravity by MID-IR (abscissa)
v. API gravity by ASTM D-1298;

FIG. 3 is a plot of cetane number by NIR (abscissa) v.
cetane number by ASTM D-613;

FIG. 4 is a plot of wt% hydrogen by MID-IR (ab-
scissa} v. wt% hydrogen by NMR;

FI1G. 5 is a plot of wt% ZDDP by MID-IR (abscissa)
v. Wt% ZDDP as prepared;

FIGS. 6A to 10D illustrate various spectra and statis-
tics refating to binary system with variable offset; more
specifically, '

FIGS. 6A and 6B are spectra from data sets [B-[4] for
example 1, spectra for 1, spectra for 50/50 A/B samples;

FIGS. 7TA-TD are statistics for analysis of data set [1}
where the abscissa for each of 7A, 7B, 7C, 7D is logei-
gen value, cumulative precent variance, indicator func-
tion, and eigen value ratio (Times 10E12), respectively,
plotted against number of principal components;

FIGS. 8A-8D are statistics for analysis of data set [2]
the abscissa and ordinate for each of 8A, 8B, 8C, and 8D
being the same as for FIG. 7,

FIGS. 9A-9D are statistics for analysis of data set [3],
the abscissa and ordinate for each of 94, 98, 9C, and 9D
being the same as for FIG. 7;

FIGS. 10A-10D are statistics for analysis of data set
[4], the abscissa and ordinate for each of 10A, 10B, 10C,
and 10D being the same as for FIG. 7,

FI1GS. 11 and 12D illustrate various spectra and sta-
tistics relating to removal of a sharp-lined, overlapping
spectral interference; more specifically

FI1GS. 12A-12D are statistics for data including spec-
tral interference, the abscissa and ordinate for FIGS.
12A, 12B, 12C and 12D being the same as for FIG. 7;
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G. 14 arc average ( A) and standard (14B) devia-
txon spcctra for iscoctane/heptane blends;

FI1G. 15 is the eigenspectra for PCA analysis of hep-
tane/octane blends;

FIG. 16 is the sigenspectra for CPSA analysis of
heptane/isooctane blends;

FIG. 17 is the comparison of the effect of frequency
dependent background variation of PCA and CPSA
isooctane predictions; the abscissa being predicted isoo-
tane content (vol%);

FIGS. 18 to 24 show various graphical depictions and
cigenspectra relating to the analysis of a S-component
additive package and to a comparison with the K Ma-
trix Method; more specifically,

FIG. 18 1s the average and standard deviation spectra
for five component add pack blends;

FIGS. 19A-19D are statistics for analysis of add pack
blends, the abscissa and ordinate for FIGS. 19A, 19B,
19C, and 19D being the same as in FIG. 7;

F1G. 20 is the eigen spectra for PCA analysis of five
component add pack;

FIG. 21 is the eigen spectra for PCA analysis of five
component add pack;

FIG. 22 is the eigen spectra for PCA analysis of five
component add pack and cyclohexane;

FI1G. 23 is the eigen spectra for CPSA analysis of five
component add pack and cyclohexane;

FIG. 24 is the eigen spectra for CPSA analysis of five
component add pack and cyclohexane;

FIGS. 25 to 28 relate to an example demonstrating
how constrained spectral analysis can be used to re-
move measurement process signals in a real application;
more specifically

FIG. 25 shows the constrained principal components
model for research octane number of Powerformates:
initial model without water vapor correction, where the
abscissa is NIR estimated research octane number plot-
ted against time on line;

, Of

as
nts
i on
e

to

> and uf[err]



[4] continuing the process of choosing vectors x[err], or gun ||un% th

to the vectors u[err], uferr], . . . u[err]1l which were a

BMEN

and normaling the re- sultant vectors to produce new uf erf] [onrtTatT

vect ors have been processed.
1.3 Matrices A mtrix is a tw dinensional array of scalat

27 NOY a7

val ues.

- 19 -

FIG. 26 is shows the initial Powerformate spectiim
minus spectrum at indicated time, where the abscissa is
adsorbance plotted against wavelength in nanometers;

FIG. 27 shows NIR Powerformate spectrum (top)
and NIR water vapor spectrum (bottom) plotted against
wavelength in nanometers;

F1G. 28 shows the constrained principal components
model for research octane number of Powerformates:
final model with water vapor correction, where the
abscissa is NIR estimated research octane number plot-
ted against time on line.

F1(GS. 29 and 36 illustrate the effect of correction for
water vapor and chloroform, respectively, for isooc-
tane/heptane spectra and for the additive package of
Example 9, respectively; more specifically,

¥I1G. 29 shows an example of measurement process
guality control of water vapor correction for isooc-
tane/heptane spectra, where the absissa is DOT prod-
uct with water correction spectrum;

FI1G. 30 shows an example of measurement process
guality contro! of chloroform correction for add pack
spectra, where the abscissa is DOT product with chlo-
roform correction spectrum.

FIG. 31 shows an apparatus for estimating an un-
known property or compositional data of a sample (1),
comprising a spectrometer (2) for generating the spec-
trum of a plurality of calibration samples having known
properties, and the corresponding data for a sample
under consideration whose unknown properties or
composition data are to be estimated. The apparatus
also comprises a computer (3) which receives the mea-
sured spectrum data from the spectrometer.

An algorithm, termed The Constrained Principal
Spectra Analysis (CPSA), is described hereinbelow,
and it's application to multivariate, spectral analysis is
demonstrated. CPSA is a novel modification of Princi-
pal Components Analysis (PCA) which allows the spec-
troscopist to input his knowledge of the spectral mea-
surement process into the development of spectral
based multivariate models so as 0 maximize the stabil-
ity and robustness of these models for the subsequent
measurement of property and composition data for
unknowns. CPSA allows signals in the calibration spec-
tra which are due to the spectral measurement process
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rather than the sample components to be modeled such
that the resultant predictive models can be constrained
to be insensitive to these measurement process signals.
The measurement process variables for winch con-
straints are developed also server as quality control
variables for monitoning the status of the measurement
process during the subsequent application of the model
for measurement of unknowns.

A corresponding modification can also be made to
the PLS and MLR techniques, which, as explained
above, are alternatives to PCA {or PCR). The respec-
tive medifications will be referred to herein as Con-
strained Partial Least Squares (CPLS), and Constrained
Multiple Linear Regression (CMLS). Generically,
CPSA, CPLS and CMLR will be referred to as Con-
strained Spectral Analysis (CSA).

The mid- and near-infrared spectra of a molecule
consist of numerous absorption bands corresponding to
different types of molecular vibrations. In a complex
mixture, the absorptions due to a specific molecular
type will all vary together in intensity as the concentra-
tion of the species changes. The fact that the intensities
of these multiple absorptions are correlated in the fre-
quency (wavelength) domain allows them to be distin-
guished for random noise that is uncorrelated in the
frequency domain. Multivariate data analysis methods
such as Principal Components Analysis or Partial Least
Squares are used to identifv and isolate the frequency
correlated signals among a series of calibration spectra.
These spectral variables can be regressed against prop-
erties and component concentration data for the calibra-
tion samples to develop a predictive model. During the
analysis of unknowns, the spectra are decomposed in
terms of these same spectral variables, and regression
relationships are used to predict the property/composi-
tion of the new samples.

In all real spectral measurements, the variation in
sample component concentrations is generally not the
only source of frequency correlated signal. Signals aris-
ing from the measurement process {(e.g. the instrument,
the cell, etc.) are superimposed on the absorptions due
to the sample components. To the mathematics, these
measurernent process signals are indistinguishable from
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and will be designated by X . For jexanple,

the sample component absorptions, and are thus ex-
tracted as spectral variables. If these measurement pro-
cess variables are correlated to the property/concentra-
tion {or errors in these values) during the regression,
predictions based on the resultant model will be depen-
dent on variations in the measurement process. CPSA
allows the spectroscopist to model potential sources of
measurement process signals and remove them as spec-
tral variables prior to the regression. The resultant pre-
dictive models are constrained to be insensitive to the
measurement process signals, and are thus more stable
- and robust to variations in the spectral data collection.
Examples included in this report demonstrate the use
of CPSA for developing predictive models, and com-
pare the CPSA results to those obtained via other multi-
variate methods.

INTRODUCTION

Principal Components Regression and Partial Least
Squares multivariate data analyses are used to correlate
the molecular information inherent to spectral data to
property and compositional vartables. Both PCR and
PLS are most often applied to under-determined cali-
brations, i.e. to calibrations where the number of data
points per spectrum exceeds the number of calibration
samples. Therefore, both methods require a variable
reduction which reduces the dimensionality of the spec-
tral data. While the algorithms used to extract the Prin-
cipal Components and PLS latent variables differ in
computational methodology, both are based on an as-
sumption that there are only two sources of variance in
tpe spectral data. Real components are assumed to give
nse to multiple signals whose intensities are linearly
correlated in the frequency (or wavelength) domain.
Random spectral noise is assumed to be uncorrelated in
.the frequency domain. The algorithms are designed to
isolate the signals that are correlated from the random
noise so as to produce spectral variables that can be
regressed against concentration and/or property data to
produce a predictive model. If the signals due to sample
compaonents were the only source of frequency corre-
lated signal in the spectral data, both computational
methods would yield stable, robust predictive models
which could be used for the subsequent analysis of
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unknown materials. Unfortunately, in all real spectral
measurements, there are additional sources of signals
whose intensities are linearly correlated in the fre-
quency domain, which contribute to the total spectral
variance, and which are associated with the measure-
ment process rather than the samples. For mid-infrared
spectroscopy, examples of the measurement process
signals would include reflectance/scattering loses from
cell windows, and spectral interferences due to trace
water and carbon dioxide in the spectrometer purge gas.
If these measurement related signals were constant,
they would have no effect on the predictive models.
However, since these measurement process signals are
themselves snbject to variation among real spectra, they
are, to the mathematics, indistinguishable from the sam-
ple component signals, they can be extracted along with
the sample component variations during the variable
reduction, and they may be correlated to the properties
or cemponent concentrations (or to errors in these de-
pendent values) in the generation of the predictive
model. The resultant model will then not be stable and
robust with respect to changes in the measurement
process related signals.

Spectral preprocessing is used to minimize the effect
of measurement related variance on multivariate mod-
els. Baseline correction algorithms are an example of
commonly employed preprocessing. Data points at
which minimal sample component intensity is expected
are selected and fit to a “baseline function” (a constant
offset, or frequency dependent polynomial). The “base-
ine” is subtracted from the spectrum prior to the multi-
variate calibration or analysis. Spectral subtraction al-
gorithms are also be employed in preprocessing, for the
removal of some types of spectral interferences {e.g.
water vapor). The objective of the preprocessing is to
remove the measurement process related signals from
the spectral data prior to the variable reduction. There
are several disadvantages to the preprocessing methods
that are typically employed for spectral analysis.

(1) The calculations used in preprocessing the spec-
tral data are generally based on a selected subset of the
spectral data (e.g. a single point offset correction, or a
two point linear baseline correction), and are sensitive
to the noise characteristics of the points used for the
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correction. Depending on the relative magnitudes of
:the noise and. the signal being removed, the preprocess-
g may be ineffective in removing the measurement
process signals, or may only substitute one source of
vanation (correlated to the spectral noise) for another
{the signal being subtracted).

{2) For some types of signals {(e.g. spectral interfer-
ences which are not well resolved from sample signals,
or higher order background terms), effective, reproduc-
ible preprocessing algorithms are difficult to develop.

{(3) The spectral variables which are removed by the
preprocessing step are not orthogonal to the variables
(Principal Components) defined by the multivariate
analysis. The lack of orthogonality makes it difficult to
statistically define the effects of the preprocessing on
the resultant model.

(4) Since by definition, the preprocessing is applied
before the multivariate analysis, the preprocessing algo-
rithms are not generaily included as an integral part of
most multivariate programs. The user is thus left with
the job of developing and implementing his own pre-
processing algorithms and integrating them with the
multivariate analysis programs. Since different algo-
rithms can be required to handle different types of mea-
surement process signals, and since the variables that
are removed by each algorithm are not orthogonal, the
ultimate effect of the preprocessing on the stability and
robustness of the predictive model become increasingly
difficult to determine.

The purpose of this description is to describe an algo-
rithm which is designed to incorporate preprocessing as
an integral part of the multivariate analysis. The Con-
strained Principal Spectra Analysis (CPSA) algorithm
allows the user to model (e.g. provide an example spec-
trum of) potential sources of measurement related sig-
nals. The algorithm generates a set of orthonormal cor-
rection variables (spectra) which are removed from the
spectral data prior to the multivariate variable reduc-
tion. The multivariate predictive model generated in
this manner is constrained so as to be insensitive (or-
thogonal) to the presence of these measurement process
signals in the spectral data. Since the algorithm uses the
entire spectral range in generating the constraints, it is
relatively insensitive to spectral noise. The algorithm
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can correct for polynomial backgrounds as well as
poorly resolved spectral interferences. Since the “pre-
processing” is an integral part of the algorithm, the
effects of including corrections on the resultant predic-
tive model can be readily tested. Finally, the correction
variables defined by the CPSA algorithm serve a useful
quality control variables for monitoring the measure-
ment process during analysis of unknowns.

Although the Constraint algorithm described here is
specifically applied as a variation of a Principal Compo-
nents Axnalysis, the same methodology could be used to
develop a constrained version of the Partial Least
Squares analysis.

MATHEMATICAL BASIS FOR CPSA

The object of Principal Components Analysis (PCA)
1s to isolate the true number of independent variables in
the spectral data so as to allow for a regression of these
variables against the dependent property/composition
variables. The spectral data matnx, X, contains the
spectra of the n samples to be used in the calibration as
columns of length f, where {is the number of data points
(frequencies or wavelengths) per spectrum. The object
of PCA is to decompose the f by n X matrix into the
product of several matrices. This decomposition can be
accomplished via a Singular Value Decomposition:

X=UV $3)

where U (the left eigenvector matrix) is of dimension
by n, X (the diagonal matrix containing the singular
values o) is of dimension n by n, and Vis the transpose
of V (the right eigenvector matrix) which is of dimen-
sion n by n. Since some versions of PCA perform the
Singular Value Decoroposition on the transpose of the

ces,
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The individual elements of z, z[err], is calculated as ithe_dot

data matrix, X/, and decompase it as VEU!, the use of
the terms left and right eigenvectors is somcwhat arbi-
trary. To avoid confusion, U will be referred to as the
eigenspectrum matrix since the individual column-vec-
tors of U (the eigenspectra) are of the same length, f, as
the original calibration spectra. The term eigenvectors
will only be used to refer to the V matrix. The matrices
in the singular value decomposition have the following
properties:

MU=IH
W: VVﬂfn

X'X=VAV and XX'=UAU"

(2)

(3

4

where I,is the n by n identify matrix, and A is the matrix
containing the eigenvalues, A (the squares of the singu-
lar values), on the diagonal and zeros off the diagonal.
Note that the product UU’ does not vield an identify
matrix for n less than f. Equations 2 and 3 imply that
both the eigenspectra and eigenvectors are orthonor-
mal. In some version of PCA, the U and X are matrices
are combined into a single matrix. In this case, the
eigenspectra are orthogonal but are normalized to the
singular values,

The object of the variable reduction is to provide a
set of independent variables (the Principal Components)
against which the dependent variables (the properties or
compositions} can be regressed. The basic regression

equation for direct calibration is
Y=X'P 3)

where Y is the n by ¢ matrix containing the property/-
composition data for the n samples and ¢ properties/-
components, and P is the f by ¢ matrix of regression
coefficients which relate the property/composition data
to the spectral data. We will refer to the ¢ columns of P
as prediction vectors, since during the analysis of a
spectrum x (dimension f by 1), the prediction of the
properties/components (y of dimension ! by ¢) for the
sample is obtained by

y=xp (6)
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Note that for a single property/component, the predic-
tion is obtained as the dot product of the spectrum of

the unknown and the prediction vector. The solution to
equation 5 is

XY= X~ X P=p n

where [Xf]—1is the inverse of the X’ matrix. The matrix
Xtis of course non-square and rank deficient (f>n), and
cannot be directly inverted. Using the singular value

decompositions, however, the inverse can be approxi-
mated as

x-l=uz-ip (8)

where Z—1is the inverse of the square singular value
matrix and contains 1/0- on the diagonal. Using equa-
tions 7 and 8, the prediction vector matrix becomes

P=UL-ipy %)

As was noted previously, the objective of the PCA is

to separate systematic (frequency correlated) signal

from random noise. The eigenspectra corresponding to
the larger singular values represent the systematic sig-
nal, while those correspanding to the smaller singular
values represent the noise. In general, in developing a
stable model, these noise components will be eliminated
from the analysis before the prediction vectors are cal-
culated. If the first k< n eigenspectra are retained, the
matrices in equation 1 become U’ (dimension f by k), 2’
(dimension k by k) and V' (dimension n by k).

XY=USVI+E (t0)

where E is an f by n error matrix. Ideally, if all the
variations in the data due to sample components are
accounted for in the first k eigenspectra, E contains
only random noise. It should be noted that the product
V'V't no longer yields an identity matrix. To simphfy
notation the ’ will be dropped, and U,Z and V will
henceforth refer to the rank reduced matrices. The
choice of k, the number of eigenspectra to be used in t_hc
calibration, is based on statistical tests and some prior
knowledge of the spectral noise level.



1. 3.4 Square,

are the el e-

el enents x[err] for which [err]. A diagonal matrix i $ 3
the off-diagonal elenents are zero. A unit matrix, wher
di agonal matrix where al42%he di agonal ¢lenents are equal

I S a square,
one.

Di agonal and Unit and Unitary Matrices{ RERLAGEMEMT (BREET x| i
matri x whose two di nensions are equal. The di agonal ¢l ¢

ments x[err]. The off-di agonal el ement s} of

Although the prediction of a property/component
requires only a single prediction vector, the calculation
of uncertainties on the prediction require the full rank
reduced V matrix. In practice, a two step, indirect cali-
bration method is employed in which the singular value
decomposition of the X matrix is calculated (equation
1}, and then the properties/compositions are separately
regressed against the eigenvectors

Y=VB+E an

B=VY (12)

Duuring the analysis, the eigenvector for the unknown
spectrum is obtained

y=x'UE~1 (13)
and the predictions are made as

y.—...-—vB (14}

The indirect method is mathematically equivalent to the
direct method of equation 10, but readily provides the
values needed for estimating uncertainties on the pre-
diction.

Equation 6 shows how the prediction vector, P, is
used in the analysis of an unknown spectrum. We as-
sume that the unknown spectrum can be separated as
the sum of two terms, the spectrum due to the compo-
nents in the unknown, x,, and the measurement process
related signals for which we want to develop con-
straints, xs, The prediction then becomes

y=xiPux Pt x P {15)

If the prediction is to be insensitive to the measurement
process signals, the second term in equation 15 must be
zero. This implies that the prediction vector must be
orthogonal to the measurement process signal spectra.
From equation 10, the prediction vector is a linear com-
bination of the eigenspectra, which in turn are them-
selves linear combination of the original calibration
spectra (U=XVZ~1). If the original calibration spectra
are all orthogonalized to a specific measurement pro-
cess signal, the resulting prediction vector will also be
orthogonal, and the prediction will be insensitive to the
measurement process signal. This orthogonalization
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unitary matrix is a square matrix U for which UU= W =I. The colum
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procedure serves as the basis for the Constrained Princi-
pal Spectra Analysis algorithm.

In the Constrained Principal Spectra Analysis
(CPSA) program, two types of measurement process
signals are considered. The program internally gener-
ates a set of orthonormal, frequency dependent polyno-
mials, Up. Upis a matrix of dimension f by p where p is
the maximum order (degree minum one) of the polyno-
mials, and it contains columns which are orthonormal
Legendre polynomials defined over the spectral range
used in the analysis. The polynomials are intended to
provide constraints for spectral baseline effects. In addi-
tion, the user may supply spectra representative of other
measurement process signals (e.g. water vapor spectra).
These correction spectra {(a matrix X, of dimension f by
s where s is the number of correction specira) which
may include multiple examples of a specific type of
measurement process signal, are first orthogonalized
relative to the polynomials via a Gram-Schmidt orthog-
onalization procedure

X =Xs— UL Up'Xy) t16)

A Singular Value Decomposition of the resultant cor-
rection spectra is then performed,

XS’=UIESVSE {I?)

to generate a set of orthonormal correction eigenspec-
tra, U;. The user selects the first s’ terms corresponding
to the number of measurement related signals being
modeled, and generates the full set of correction terms,
U, which includes both the polynomials and selected
correction eigenspectra. These correction terms are
then removed from the calibration data, again using a
Gram-Schmidt orthogonalization procedure

Xe=X— Um(Um’X) (17



than n. Various conputer algo- rithns are avail abl e ff o 1W:

i nverse of a square matrix (1). A non-square matrijx | | mensi o
may have a right inverse, UJ err] =[err] if[erd D¥elgomapela
| eft inverse, Uerr]U=[err]if [err] If f<n, @ .l =] n
U-[err]=U (UW)-[err]. |If f>n, and UU -[2rr] =l then

Uerr]=(Yerr]U-[err]Uerr].
For a square matrix A of dinension n by n, the equa- tion [err

The Principal Components Analysis of the corrected
spectra, X., then proceeds via the Singular Valne De-
composition

Xc= Ucchc' (Ig)

a.nd the predictive model is developed using the regres-
sion

Y=V, 8 (19)
The resultant prediction vector

Pe=UZ WY {20)

is orthogonal to the polynomial and correction eigen-
spectra, Upm. The resulting predictive model is thus
insensitive to the modeled measurement process signals.
In the analysis of an unknown, the contributions of the
measurement process signals to the spectrum can be
calculated as '

¥m=Zm ™ Uplx 20

and these values can be compared against the values for
the calibration, Vpn, to provide diagnostic as to whether
the measurement process has changed relative to the

calibration.

The results of the procedure described above are
mathematically equivalent to including the polynomial
and correction terms as spectra in the data matrix, and
using a constrained least square regression to calculate
the B matrix in equation 12. The constrained least
square procedure is more sensitive to the scaling of the
correction spectra since they must account for sufficient
variance in the data matrix to be sorted into the k eigen-
spectra that are retained in the regression step. By or-
thogonalizing the calibration spectra to the correction
spectra before calculating the singular value decompo-
sition, we eliminate the scaling sansitivity.

The Constrained Principal Spectra Analysis method
allows measurement process signals which are present
in the spectra of the calibration samples, or might be
present in the spectra of samples which are latter ana-
lyzed, to be modeled and removed from the data (viaa

1. 3. 6 Ei genval uéesame—Eg



Is called the eigenval ue equation for A The eigenvalues of A [Jerr], ar

the scalars for which the equati on possesses nonzero so | ,
correspondi ng nonzero vectors v[err] are the eigenvecto Lsﬁ%)?'RQEMENY SH-EIE?

ei genvectors of A forman orthonormal set of vectors. Thejeigen- val ue
equation may also be witten as [err] or as [err] V\Aﬂeﬁeﬂm’l?%b
di agonal matrix containing the ei genvaliiﬁ)es [err], and Viig_the unitary
mat ri x whose colums are the individual eigenvectors. The ei genval ues of
can be obtained by solving the equation [err]

Gram-Schmidt orthogonalization procedure) prior to
the extraction of the spectral variables which is per-
formed via a Singular Value Decomposition (16). The
spectral variables thus obtained are first regressed
against the pathlengths for the calibration spectra to
-develop a model for independent estimation of path-
length. The spectral variables are rescaled to a common
pathlength based on the results of the regression and
then further regressed against the composition/prop-
erty data to build the empirical models for the estima-
tion of these parameters. During the analysis of new
samples, the spectra are collected and decomposed into
the constrained spectral variables, the pathlength is
calculated and the data is scaled to the appropriate
pathiength, and then the regression models are applied
to calculate the composition/property data for the new
materials. The orthogonalization procedure ensures
that the resultant measurements are constrained so as to
be insensitive (orthogonal) to the modeled measurement
process signals. The internal pathlength calculation and
renormalization automatically corrects for pathlength
or flow variations, thus minimizing errors due to data
scaling.

The development of the empirical model consists of
the following steps:

(1.1) The properties and/or component concentra-
tions for which empirical models are to be developed
are independently determined for a set of representative
samples, e.g. the calibration set. The independent mea-
surements are made by standard analytical tests includ-
ing, but not limited to: elemental compositional analysis
(combustion analysis, X-ray fluorescence, broad line
NMR); component analysis (gas chromatography, mass
spectroscopy); other spectral measurements (IR, UV/v-
isible, NMR, color); physical property measurements
(API or specific gravity, refractive index, viscosity or
viscosity index); and performance property measure-
ments (octane number, cetane number, combustibility).
For chemicals applications where the number of sample
components is limited, the compositional data may re-
flect weights or volumes used in preparing calibration
biends.
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deconposition of X is given by [err]

(1.2) Absorption spectra of the calibration samples
are collected over a region or regions of the infrared,
the data being digitized at discrete frequencies (or
wavelengths) whose separation is less than the width of
the absorption features exhibited by the samples.

{2.0) The Constrained Principal Spectra Analysis
(CPSA) algorithm is applied to generate the empirical
model. The algorithm consists of the following 12 steps:

(2.1) The infrared spectral data for the calibration
spectra is loaded into the columns of a matrix X, which
is of dimension f by n where f is the number of frequen-
cies or wavelengths in the spectra, and n is the number
of calibration samples.

(2.2) Frequency dependent polynomials, Uy, (a matrix
whose columns are orthonormal Legendre polynomials
having dimension f by p where p is the maximum order
of the polynomials) are generated to model possible
variations in the spectral baseline over the spectral
range used in the analysis.

(2.3) Spectra representative of a other types of mea-
surement process signals (e.g. water vapor spectra, car-
bon dioxide, etc.) are loaded into a matrix X; of dimen-
sion f by s where s is the number of correction spectra
used. '

(2.4) The correction spectra are orthogonalized rela-
tive to the polynomials via a2 Gram-Schmidt orthogo-
nalization procedure

XSJ :Xs"“ UF( Uplzs) (2'4)

(2.5) A Singular Value Decomposition of the correc-
tion spectra is then performed,

X =UZ VS (2.5}

to generate a set of orthonormal correction eigenspec-
tra, U, Zsare the corresponding singular values, and Vi
are the corresponding right eigenvectors, ! indicating
the matrix transpose.



If f>n, then U (dinmension f by n), [err] (dimension n by n), and V
(dimension n by n) matrices have the foll ow ng properties: Y[err] U=1
[err] is a diagonal matrix Merr]v=W[err]=l If f<n, then
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order [err] >[err]22 > [err]33>... [err]kk where [err] is the—smatter—of
for n. The singul ar val ue deconposition of X err] is gerr]U[err].
(2.6) The full set of correction terms, Um=Up+ U

which includes both the polynomials and correction
eigenspectra are then removed from the calibration
data, again using a Gram-Schmidt orthogonalization
procedure

Ke= X~ Un(Un'X) .8

(2.7) The Singular Value Decomposition of the cor-
rected spectra, X, is then performed

Yo U V! @7n

(2.8) The eigenspectra from step (2.7) are examined
and the a subset of the first k eigenspectra which corre-
spond to the larger singular values in 2, are retained.
The k1 through n eigenspectra which correspond to
spectral noise are discarded.

Xe=UrZeVil + Ep (2.8}

(2.9) The k right eigenvectors from the singular value
decomposition, Vi, are regressed against the pathlength
values for the calibration spectra, Y, (an n by 1 row
vector),

where Ej is the regression error. The regression coeffi-
cients, B, are calculated as

By=(VKVi) Wil Y= Vi'Yp (2.9b)

(2.10) An estimation of the pathlengths for the cali-
bration spectra is calculated as

Yp=ViB, (2.10)
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A n by n diagonal matrix N is then formed, the i* diago} \
nal element of N being the ratic of the average path
length for the calibration spectra, y,, divided by the
estimated pathlength values for the i calibration sam-
ple (the it element of Y).

(2.11) The right eigenvector matrix is then renormal-
ized as

$

Vi' =NV @.11)

(2.12) The renormalized matrix is regressed against
the properties and or concentrations, Y (Y, an by ¢
matrix containing the values for the n calibration sam-
ples and the ¢ property/concentrations) to obtain the
regression coefficients for the models,

Y=V B+E {2.12a)

B=(V vy (2.12b)

(3.0) The analysis of a_new sample with unknown
properties/components proceeds by the following
steps:

(3.1) The absorption spectrum of the unknown is
obtained under the same conditions used in the collec-
tion of the calibration spectra.

(3.2) The absorption spectrum, xy, is decomposed into
the constrained variables,

Xy UpZ vt (3.2a)
ve=2~ Wiz, {3.2b),

(3.3) The pathlength for the unknown spectrum is
estimated as

Fp=vuBy (3.3)
(3.4) The eigenvector for the unknown is rescaled as
¥y ==V (Fp/Fp) (3.4)
where yp is the average pathlength for the calibration
spectra in (2.10).
(3.5) The properties/concentrations are estimated as

Ju=v/'B (3.5
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obtain [err] where [err]=[err]. Fromthis it can be
matri x of eigenvectors for the Xerr]X matri x, and that

t he singular values of X are the square roots of the eigd
Simlarly, for the matrix XX err] [err] Uis the matri X
of the XX[err] matrix. Note that if f[eh] n, X err]X ano

e

Terr[=A 1.e
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f el genvector
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nost n nonzero eigen- values. Simlarly if flerr]n, Xerr

] X and XX err]

have at nost f nonzero ei genval ues. If Xis of dimension T by n, then the

inverse of X is given by V[err]-[err]Uerr], i.e.

{4.1) The spectral region used in the calibration and
analysis may be limited to subregions so as to avoid
intense absorptions which may be outside the linear
response range of the spectrometer, or to avoid regions

of low signal content and high noise.

{5.1) The samples used in the calibration may be re-
stricted by excluding any samples which are identified

as multivariate outliers by statistical testing.

{6.1) The regression in steps (2.9) and (2.12) may be
accomplished via a step-wise regression {17) or PRESS
based variable selection (18), 50 &s to limit the number of
variables retained in the empirical model to a subset of
the first k variables, thereby eliminating variables which
do not show statistically significant correlation to the

parameters being estimated.

(7.1) The Mahalanobis statistic for the unknown, D2,

given by

Dyl=v/ (VWi by

(1.1)

can be used to determine if the estimation is based on an
interpolation or extrapolation of the model by compar-
ing the value for the unknown to the average of similar

values calculated for the calibration samples.

(7.2) The uncertainty on the estimated value can also
be estimated based on the standard error from the re-
gression in (2.12) and the Mahalanobis statistic calcu-

lated for the unknown.

(8.1) In the analysis of an unknown with spectrum xy,
the contributions of the measurement process signals to

the spectrum can be calculated as

Vm=2%c" ! Un'xy

(3.1

These values can be compared against the values for the
calibration, V, to provide diagnostics as to whether
the measurement process has changed relative to the

calibration.
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X and X[ err] both have right and left inverses. If f>n
identity matrix, and the expres- sions for the right jnye
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EXAMPLES

Examples of the use of the CPSA method described
above for the generation of empirical models are pro-
vided for cases illustrating the use of different portions
of the mfrared region, and the estimation of composi-
tions as well as physical and performance properties.
These examples are identified as Examples 1 to 5 below
and the results are illustrated in FIGS. 1 to 5 respec-
tively. These figures demonstrate the validity of the
present method of estimating property and composition
data.

EXAMPLE |

Estimation of a Component Concentration using
Mid-Infrared

Parameter estimated Weight precent benzene
Sample types Powerformates
Calibration samples measured by Gas Chromatography
Spectrometer used Mattson Polaris/Icon
Average Pathlength Calibration set 500 microns
Spectral range used 5000-1645 em™ |
Excluded subregions 3150-2240 e~}
Constraints used 3 polynomial terms
{quadratic)
Water vapor spectrum
Regression method used PRESS
Number of calibration spectra 77
# eigenspectra used in regressions (k) 5
# remained in pathlength regression 4
- Standard Error Pathlength Regression 1.272 microns
# retained in composition regression 5

Standard Error composition regression  0.063 weight percent

A Constrained Principal Components model was
constructed for the estimation of benzene content of
powerformates. The spectra of 77 reference powerfor-
mates were collected over the 5000 to 1645 cm—! region
using a Mattson Polaris/Icon FT-IR spectrometer oper-
ating at 2 cm—1 resolution and employing 100 scans for
signal averaging. 500 micron calcium floride cells were
employed. To avoid ranges where the sample absorp-
tion was beyond the linear response range of the spec-
trometer, and to avoid the need for adding a carbon
dioxide correction term to the model, the data in the
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I nverse of X err] are onl
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3150-2240 cm~! region were excluded during the
model generation. Benzene contents for the reference
samples used in the calibration were obtained via gas
chromatographic analysis. A CPSA model was devel.
oped using 3 polynomial correction terms to account
for possible background variations, and a water vapor
correction spectrum to account for possible purge vari.

ations. A PRESS based step-wise regression (the
PRESS based step-wise regression algorithm is de-

scribed in detail in Section 1.4.3.2 of the Appendix to
this specification which is located after the examples)
was employed for developing both a pathlength estima-
tion model, and the benzene content. Of the 5 Con-
strained Principal Component variable input into the
PRESS regression, 4 were retained for the pathlength
éstimation, and all § were retained for the benzene esti-
mation. The standard error for the estimation of the cell
pathlength was 1.272 microns, and the standard error
‘for the estimation of the benzene content was 0.063
weight percent. A plot of the infrared estimated ben-
zene content versus that measured by GC for the 77
reference samples is shown in FIG. L

EXAMPLE 2
Physical Property Estimation by Mid-Infrared

Parameter estimated API Gravity
Sample types Petroleum mid-distillate
Calibration samples measured by ASTM D1298

Spectrometer used Mattson Polaris/Icon

Average Pathlength Calibration set
Spectral range used
Excluded subregions

Constraints ased

Regression method used

Number of calibration spectra

# eigenspectra used in regressions (k)
# retained in pathlength regression
Standard Error Pathlength Regression
# retained in composition regression
Standard Error compaosition regression

29.57 microns
3650-500 cro !
2989-2800 em—},
2400-2300 cm—
1474-1407 cm™

3 polynomial terms
{quadratic)

Water vapor spectrum
PRESS

91

24

21

(.159 microus

21

0.660 degrees AP




matrices obtained fromU and V by elimnating the colums which correspond
to the singular values that are zero. Simlarly, [err] - < U A
the k 1 through n singular values of X are close to zero RM&QEMEM@@%ET
val ues and the correspond- ing colums of U and V may be el --i-pat-ed-t
provide an approximation to the X matrix Xerr]U [err]' Vi[err
mations for X[err] and for the inversesi’of X and X' are ¢bta in%cﬁ@lpmzr
I n devel opi ng regression nodels, it is generaly as- suneq tthat—stet
singul ar val ues correspond to randomerrors in the X datd, and that renova
of these values inproves the stability and robustness of | SETOTT
nodels. To sinplify the notation in the discussion be-

y

A Constrained Principal Components model was
constructed for the estimation of API Gravity for pe-
troleum mid-distillates. The spectra of 91 reference
mid-distillates were collected over the 3650 to 500
cm— 1 region using 2 Mattson Polaris/Icon FT-IR spec-
trometer operating at 2 cm—! resolution and employing
100 scans for signal averaging. 30 micron potassium
bromide cells were employed. To avoid ranges where
the sample absorption was beyond the linear response
range of the spectrometer, and to avoid the need for
adding a carbon dioxide correction term to the model,
the data in the 2989-2800 cm—!, 2400-2300 cm—! and
1474-1407 cm—! regions was excluded during the
model gcncration API Gravities for the reference sam-
ples used in the calibration were obtained via ASTM
D1298. A CPSA model was developed using 3 polyno-
mial correction terms to account for possible back-
ground variations, and a water vapor correction spec-
trum to account for possible purge variations. A
PRESS based step-wise regression (Section 1.4.3.2 of
the appendix) was employed for developing both a
pathlength estimation model, and the API Gravity. Of
the 24 Constrained Principal Component variable input
into the PRESS regression, 19 were retrained for the
pathlength estimation, and 21 were retained for the API
Gravity estimation. The standard error for the estima-
tion of the cell pathlength was 0.159 microns, and the
standard error for the estimation of the API Gravity
was 0.660 degrees API. A plot of the infrared estimated
AP!I Gravity versus that measured by ASTM D1298 for
the 91 reference samples is shown in FIG. 2.
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EXAMPLE 3
Estimation of a Performance Property using

Near-Infrared

Parameter estimated

Sample types

Calibration samples measured by
Spectrometer usad

Average Pathlength Calibration set

Cetane number
Petroleum mid-distillates
ASTM D413

Mattson Sirius 100

519.3 microns

Spectral range used 10000-3800 cm—!

Excluded subregions none

Constraints used 3 polynomial terms
{quadratic)

Regression method used PRESS

Number of calibration spectra 83

# cigenspectra used in ragressions (k) i3

# retained in pathlength regression
Standard Error Pathlength Regression
# retained in composition regression
Standard Error composition regression

11

1.535 microns

10

1.258 cetane number

ar

as

A Constrained Principal Components model was
constructed for the estimation of Cetane Number for
petroleum mid-distillates. The spectra of 91 reference
mid-distillates were collected over the 10000 to 3800
cm~! region using a Matson Sirius 100 FT-IR spec-
trometer operating at 2 cm—! resolution and employing
100 scans for signal averaging. 500 micron calcium
floride cells were employed. Cetane numbers for the
reference samples vsed in the calibration were obtained
via ASTM D-613. A CPSA model was developed using
3 polynomial correction terms to account for possible
background variations. A PRESS based step-wise re-
gression (Section 1.4.3.2 of the appendix) was employed
for developing both a pathlength estimation mode!, and
the API Gravity. Of the 13 Constrained Principal Com-
ponent variable input into the PRESS regression, 11
were retained for the pathlength estimation, and 10
were retained for the API Gravity estimation. The
standard error for the estimation of the cell pathlength
was 1.535 microns, and the standard error for the esti-
mation of the cetane number was 1.258 cetane numbers.
A plot of the infrared estimated cetane number versus
that measured by ASTM D-613 for the 91 reference
samples is shown in FIG. 3.
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EXAMPLE 4
Elemental Composition Esimation by Mid-Infrared

Parameter estimated Weight percent hydrogen
Sample types Petroleum mid-distiliste
Calibration samples measured by Broad line NMR
Spectrometer used Mantson Polaris/Icon
Average Pathlength Calibration set 29.57 microns
Spectral range used 3650-500 cm !
Excluded subregions 2989-2800 em™ 1,
2400-2300 em™ |,
14741407 cm—!
Constraints used 3 polynomia! terms
{quadratic)
Water vapor spectrum
Regression method used PRESS
Number of calibration spectra 91
# cigenspectra used in regressions (k) 24
# retained in pathlength regression 19
Standard Error Pathlength Regression 0.159 microns
# retained in composition regression 21

Swundard Error composition regression  0.0551 degrees API

A Constrained Principal Components model was
constructed for the estimation of hydrogen content for
petroleum mid-distillates. The spectra of 91 reference
mid-distillates were collected over the 3650 to 500
cm—! region using a Mattson Polaris/Icon FT-IR spec-
trometer operating at 2 cm~! resolution and employing
100 scans for signal averaging. 30 micron potassium
bromide cells were employed. To avoid ranges where
the sample absorption was beyond the linear response
range of the spectrometer, and to avoid the need for
adding a carbon dioxide correction term to the model,
the data in the 2989-2800 cm—!, 2400-2300 cm—! and
1474-1407 cm~! regions was excluded during the
model generation. Hydrogen contents for the reference
samples used in the calibration were obtained via Broad
line NMR. A CPSA model was developed using 3 poly-
nomial correction terms to account for possible back-
ground variations, and a water vapor correction spec-
trum to account for possible purge wvariations. A
PRESS based step-wise regression (Section 1.4.3.2) was
employed for developing both a pathlength estimation
model, and the AP Gravity. Of the 24 Constrained
Principal Component variable input into the PRESS
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tion, and 21 were retained for the hydrogen content
estimation. The standard error for the estimation of the
cell pathlength was 0.159 microns, and the standard
error for the estimation of the hydrogen content was
0.0551 weight percent hydrogen. A plot of the infrared
estimated hydrogen content versus that measured by
broad line NMR for the 91 reference samples is shown
in FIG. 4.

EXAMPLE S
Chemical Composition Estimation by Mid-Infrared

Parameter estimated Weight precent ZDDP
Sample types Lubricant additive
package
Calibration samples measured by Weight % in blends
Spectrometer used Digilab FTS-20C
Average Pathlength Calibration set 62.0 microns
Spectral range used 1800490 cm !
Exciuded subregions 1475-1435 cm— !
Constraints used 3 polynomial terms
{quadratic)
Water vapor spectrum
Regression method used Step-wise
Number of calibration spectra 30
# eigenspectra used in regressions (k) 7
# retained in pathlength regression 7
Standard Error Pathlength Regression 0.17 microns
# retained in composition regression 7

Standard Error composition regression (.16 weight percent

A Constrained Principal Components model was
constructed for the estimation of the zinc dialkyl dithio-
phosphate (ZDDP) content for lubricant additive pack-
ages. 30 reference blends of an additive package con-
taining a polyisobutenyl polyamine dipersant, a over-
based magnesinm sulfonate detergant, a sulfurized
nony! phenol, ZDDP and diluent oil were prepared for
the calibration. The additive concentrations in the refer-
ence blends were varied at +/—8 to 12 percent of the
target concentrations. Solutions containing 50% addi-
tive package in cyclohexane were prepared and spectra
were collected over the 3650 to 400 cm—! region using
a Digilab FTS-20C FT-IR spectrometer operating at 2
cm~1 resolution. 100 scans were employed for signal
averaging. 62 micron potassium bromide cells were
employed. The CPSA model was developed using spec-
tra data in the 1800-1475 and 1435-490 cm— ! regions. A
CPCR model was developed using 3 polynomial cor-
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rection terms to account for possible background varia-
tions, and a water vapor correction spectrum to account
for possible purge variations. A step-wise regression
(Section 1.4.3.2 of the appendix) was employed for
developing both a pathlength estimation model, and the
ZDDP content. Of the 7 Constrained Principal Compo-
nent variable input into the PRESS regression, 7 were
retained for the pathlength estimation, and 7 were re-
tained for the ZDDP content estimation. The standard
error for the estimation of the cell pathlength was 0.17
microns, and the standard error for the estimation of the
ZDDP content was 0.16 weight percent. A plot of the
infrared estimated ZDDP content versus that used in
preparing the 30 blends is shown in FIG. 8.
Further examples will now be given.

EXAMPLE 6
Synthetic data for a Binary System with Variable Offset

To further illustrate the operation of the CPSA algo-
rithm, a series of synthetic {(computer generated) spec-
tra were calculated and analyzed. Two components
were used to synthesize the spectra, component A being
represented by a Lorentzian band at 1350 cm—1 with a
half band width at half maximom of 20 cm—! and an
absorbance of 1, and component B being represented by
a Lorentzian band at 1150 cm~! having the same width
and an absorbance of 0.5. 101 mixture spectra were
generated by adding the spectra of the components
together. Four sets of mixture spectra were generated:

f1] the mixture spectra generated as the sum of the
spectrum of component A whose concentration varied
from 0% to 100% at 1% intervals, and the spectrum of
component B whose concentration was adjusted such
that the concentrations add to 100%;

[2] the same spectra as in [1] with a variable absor-
bance offset added. The level of the offset added to each
spectrum was calculated using 2 Gaussian random num-
ber generator (20), and scaled so as to produce a normal
distribution with an average offset of 0.01 absorbance
units and a standard deviation of 0.01 absorbance units;
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[3] the same spectra as in {1} with random, normally
distributed noise added. The noise was generated using
a Gaussian noise generator so as to have a root-mean-
square value of approximately 0.45 absorbance units;

[4] the same spectra as in [1] with the same offsets as
[2] and the same noise as {3].

The 51 mixture spectra for which the concentrations
were even percentages were used as calibration spectra,
and the remaining 50 mixture spectra were used as test
sets. Table 1 (set out, together with Tables 2 to 9 re-
ferred to herein below, after Example 11) lists the con-
centrations and offsets used in generating the 51 calibra-
tion spectra, and Table 2 lists the corresponding values
for the 50 test spectra. FIG. 6 shows examples of the
50/50 mixture spectra for the four cases. Three separate
types of models designed to predict the concentrations
of component A were generated:

{a] 2 mode! based on a PCA analysis of the as gener-
ated spectra;

{b] a model based on 2 PCA analysis of the spectra
which had been background corrected using an algo-
rithm which involves: calculation of the average of the
calibration spectra; determination of the frequency at
which the minimum absorption occurs in the average
spectrum; offsetting each calibration spectrum by its
absorption at this frequency.

[c] a model based on a CPSA analysis where a first
order (constant) polynomial correction was applied as 2
constraint.

“The models were used to predict the component A
concentrations for test sets. ‘ '

FIGS. 7-10 show plots of some of the statistics typi-
cally used to estimate the number of Principal Compo-
nents present in spectral data. For data set {1}, where
only signals due to the two components are present, all
the statistics confirm the presence of two Principal
Components (FIG. 7). The plot of the logarithm of the
eigenvalues show a sharp drop after two components.
The indicator function reaches its minimum value
(zero), the cumulative variance reaches 100%, and the
ratio of successive eigenvalues reaches a2 maximum at
two Principal Components. When a variable offsqt is
present in the data (data set [2}, FIG. 8), 2 Principal
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rank at nmost n. In this case, an appr ﬁ@@&ig Fﬂto
the regression equations can be derived using nethods s a r|n010a

Components Analysis of the untreated spectra (analysis
[a]) indicates the presence of three sources of variance.
As is typical with real spectra, the statistical tests do not
distinguish between variance arising from sharp absorp-
tion features (sample components) and variance due to
broad fluctuations in the spectral background. In the
absence of spectral noise, both the preprocessing and
the constrained analysis are equally effective at remov-
ing the background signal, and isolating the two vari-
ables corresponding to the component absorptions.
When spectral noise is considered, the effects of the
preprocessing and the constrained analysis are quite
different. For the analysis of data set {3}, where only
spectral noise was included (FIG. 9), both the normal
PCA (analysis [a]) and the CPSA (analysis [c])} indicate
the presence of two Principal Components. The prepro-
cessing can be seen to introduce a third scurce of vari-
ance. The single point background correction is actu-
ally introducing an offset which is correlated to the
noise at the point of correction. Since the constrained
analysis uses all of the data in calculating the offset
correction, it is not as sensitive to the presence of the
noise and does not introduce additional variance. When
both the noise and the variable offset are present (data
set [4], FIG. 10), the straight PCA (analysis [a]) again
finds three Principal Components. The single point
background correction (analysis [b]} is ineffective at
removing the background variation, substituting a offset
that is correlated to the noise at the correction point for
the original offset, and again three PCs are indicated by
the majority of the statistical tests. The CPSA analysis
(analysis {c]) effectively eliminates the offset even in the
presence of the noise, thereby isolating the two spectral
variables corresponding to the component absorptions.

Table 3 shows Standard Errors of Estimate {calibra-
tion sets) and Standard Errors of Prediction (test sets)
for the three analyses applied to the four different data
sets. In the absence of offset or noise (data sat [1]), all
three analyses produce models based on two Principal
Components which are perfect to within the roundoff
error of the algorithms (< 10—%). When the variable
offset is present (data set [2]), analysis [a] requires three
Principal Components to produce the same level of
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accuracy. Since, in the absence of noise, both the pre-
processing and the constrained analysis successfully
eliminated the background signal, models based on two
Principal Components can be built for both [b] and [c].
The straight Principal Components Analysis (analysis
[a]) of data sct [3] serves as a base case to illustrate the
effect of the spectral noise on the analysis. The random
noise in the spectral data introduces an error on the
order of 0.06-0.08% into the model. Since, as was indi-
cated above, the preprocessing (analysis [b]) actually
introduces an additional source of variance into the
data, three Principal Components are required for
model {b] to achieve a similar level of accuracy. Since
the constrained analysis (analysis [c]) 1s less affected by
the noise, only two Principal Components are required
in the model to achieve the same level of accuracy.
Similarly, when both the noise and variable offset are
present (data set {4]), three Principal Components are
required for models [a] and [b], whereas only two vari-
able are required for the constrained model, [c].

The preprocessing algorithm used in the above exam-
ple clearly represents an extreme case since the correc-
tion is dependent on only a single spectral data point.
Preprocessing algorithms which averaged several data
points would be less sensitive to the spectral noise and
more effective at removing the background signal.
However, since the CPSA constraint makes use of all
the spectral data, it must represent the alternate ex-
treme, and as such, be the least sensitive to spectral
noise.

For the analysis of data set 4 where both the vanable
offset and noise are present in the spectral data, the
standard errors listed in Table 3 suggest that there is
only slight advantage to the CPSA models based on
two variables and a constraint over PCA models which
include the third variable in the regression. For this data
set, the random offset is essentially uncorrelated (corre-
lation coefficient r==0.007) to the dependent variable
(the component A concentration), and there is no error
in the dependent variable. When possible correlations
between the measurement process signals (e.g. the off-
set) and the dependent variable {or the error in the
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dependent variable) are considered, the advantage to
using CPSA to remove the measurement process signals
prior to the regression becomes clearer.

If a correlation exists between the measurement pro-
cess signal and the component/property being modeled,
the correlation can be incorporated into the model if the
measurerent process signal is not removed prior to the
regression. For instance, it is not uncommon to use a
single cell in collecting the calibration spectra, or to use
a single background spectra for a series of sequential
sample spectra. If the cell window gradually degrades,
or if the spectrometer source temperature varies sys-
tematically, a nonrandom measurement related signal
will be present among the calibration spectra. If, in
addition, the calibration spectra are collected in a non-
random order (e.g. in order of increasing concentration
for a component), a correlation between the spectral
background variation and the component/property
being modeled may be generated. When the model is
used in the future with a new cell and background, an
error in the prediction will result from the spurious
relationship which existed in the calibration set. While
some of these types of correlations can be minimized by
careful experimental design (e.g. by running spectra in
random order, using multiple cells and collecting fre-
quent backgrounds), such experimental design is not
always consistent with the availability of the samples,
equipment or time for collection of the data. By allow-
ing the spectroscopist to model and remove the mea-
surement related signals prior to the model develop-
ment, CPSA prevents extraneous correlations from
being incorporated into the model, thereby improving
the robustness of the predictions.

of
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To illustrate the effect of a correlation between the
measurement related signals and the component con-
centrations, a fifth synthetic data set was generated. The
101 spectra were generated in the same fashion as those
for data set [4], with the exception that the offsets for
the 51 calibration samples were put into increasing nu-
merical order prior to the calculation of the spectra
{Table 1, second offset column). In this case, the corre-
lation between the offset and the component A concen-
tration is high (r=0.825). As seen from Table 4, a PCA.
model based on three variables and a CPSA model
based on two variables plus one constraint produce
models with identical Standard Errors of Estimate.
However, the third variable in the PCA mode] corre-
sponds to the measurement process signal (the offset),
and the predictive model includes the relationship
which existed between the offset and the component A
concentration for the calibration set. When the PCA
model is used to analyze the test samples for which the
relationship between the offset and the component A
concentration no longer holds, the Standard Error of
Prediction is found to be four times larger than would
be suggested from the calibration. By constraining the
model to be independent of the measurement process
signal, the CPSA analysis prevents the correlation be-
tween the offset and the component A concentration
from being incorporated into the mode], thereby pro-
ducing a more robust prediction. By modeling and re-
moving the measurement process signals prior to the
regression, the CPSA algorithm prevents the incorpo-
ration of spurious correlations between the measure-
ment process signals and the property/component,
thereby producing a more stable and robust predictive
model.

In the above examples, there is no error in the depen-
dent variable, Y, which corresponded directly to the
component A concentrations used to generate the spec-
tra. The variance in Y can be totaily explained on the
basis of the component absorptions. For real analyses,
however, the dependent variable is usually also a2 mea-
sured quantity, and includes some measurement error.
In this case, the possibility exists that measurement
process signals present in the spectral data may be cor-
related to the error in dependent variable, and models
which include the measurement signals as variables will
again contain spurious relationships which decrease the
robustness of the predictions.
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To illustrate this point, the above analyses were re-
peated using dependent variables which included error.
A set of 51 normally distributed errors were generated
having a standard deviation of 0.3. Dependent variables
were generated by adding errors to the component A
concentrations prior to the regressions. Two cases were
developed. In case 1, the error values were arranged so
as to be uncorrelated (r=0.000021) 1o the offsets used in
generating the spectra in data sets [2] and [4]. In case 2,
the errors were arranged to be highly correlated
(r==0.96) to the offsets. 50 of the 51 error values were
added to the component A concentrations for the test
set, the errors being arranged so as to be uncorrelated
(r==0.000056) to the offsets. The error values used in
each case are listed in Table 1. Table 5 shows the stan-
dard errors for the various models.

Analyses [a] of data sets [1] and [3] serve as base cases
for this example. For data set [1], where there is no
offset or noise in the spectral data, the Standard Errors
of Estimate for the calibrations correspond to the stan-
dard deviations in the dependent value error, corrected
for the degrees of freedom in the models. The reorder-
ing of the error values between the two cases leads to
shightly different predictive models, but the differences
are not statistically significant. For data set [3], there is
a slight increase in the model errors due to the spectral
noise, but the major source of error in the models re-
mains the error in the dependent variable. Note that the
Standard Errors of Estimate and Prediction indicate
how well the model agrees with the dependent variable
which includes error. The models predict the true val-
ues (the concentrations used in generating the spectra)
more accurately than the dependent variable values
used in developing the model which included the error.
There is some bias in the models since, for the finite
number of calibration samples vsed, the distribution of
the error in the dependent variable is not totally ran-
dom.

For data sets [2] and {4] which includes the offset,
three variables are present in the spectral data. In the
absence of spectral noise (data set [2]), the third variable
(the offset) can be removed by either preprocessing
(analysis [b]) or the constraint relationship (analysis [c])
to produce models where the accuracy is limited only
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by the error in the dependent values. For both data sets,
the results obtained for models which include all three
variables in the regression (analyses [a]) are highly de-
pendent on the degree of correlation between the offset
and the error in the dependent variable. If these two are
uncorrelated, an accurate model can be produced. If the
error and the offset are correlated, this extraneous rela-
tionship is incorporated into the medel producing an
artificially low SEE. When test samples for which this
relationship does not hold are analyzed, the predictions
are seen to be less accurate.

As was indicated above, in the presence of spectral
noise, the single point preprocessing algorithm (analysis
[b]) is ineffective at removing the offset. For data set [3],
the preprocessing actually introduces an additional
variable correlated to the noise at the correction point,
whereas for data set [4], the preprocessing substitutes
the noise correlated source of variation for the variable
offset. In both cases, three variables are required to

‘build the predictive model. Since the variation intro-

duced by the preprocessing is only slightly correlated to
the error in the dependent value, the accuracy of the
models based on three variables is only slightly de-
graded. Had there been a stronger correlation between
the noise variable and the error in the dependent vari-
able, a poorer predictive model would have resulted.
The CPSA algorithm (analysis [c]) effectively removes
the offset even in the presence of the spectral noise, thus
allowing a robust model to be built on two variables.
In the above example, the strong correlation between
the offset and the dependent variable error was pur-
posely generated to demonstrate the effect. For real
systems, the extent of the correlation between possible
measurement process signals and the error in the pro-
perty/component values will depend strongly on the
size of the database used in developing the model and
the experimental design used in collecting the data. The
smaller the calibration set used in developing the model,
the larger the chance that a spurious correlation will be
developed. For example, in case 1, the correlation be-
tween the offset and the dependent value error for the
51 calibration samples was low (r==0.000021). If the
model had been developed using only the odd num-
bered spectra, the correlation between the offset and the
dependent value error for the 26 reference spectra
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[err] used, the correlation for the 11 references would be
increased to 0.087, and if every 10th spectrum was used,
the correlation for the 6 references would be increased
to 0.41. Clearly, the smaller the sample set available for
developing the model, the more important is the re-
moval of measurement process signals in order to avoid
possible spurious correlations between the measurement
process signals and the dependent value errors. By re-
moving these signals before the regression, the CPSA
algorithm ensures that spurious correlations are not
included in the model. The effectiveness of CPSA is
limited only by the spectroscopist’s ability to identify
and model the possible sources of systematic measure-
ment signals which might be present in the spectral

N

data,
EXAMPLE 7
Removal of a Sharp Lined, Overlapping Spectral
Interference

~Vanations in spectrometer purge during the collec-
tion of spectral data can cause the absorptions due to
water vapor and carbon dioxide to be superimposed on
the spectra of the samples under study. If absorption
signals due to these atmospheric components are pres-
ent in a calibration set, Principal Components due to
these signals will be detected and possibly incorporated
into the predictive models. The prediction of proper-
ties/components for unknowns will then potentially be
dependent on the quality of the spectrometer purge.
For Mid-IR, preprocessing algorithms base on subtrac-
tion of a water vapor or carbon dioxide spectra can
sometimes be employed providing the overlap between
the absorptions of the atmospheric components and the
sample are not too great. For Near-IR, the overlap
between the absorptions due to water vapor and hydro-
carbon combination bands generally precludes the use
of such preprocessing. By using a correction spectra of
the atmospheric component to develop a constraint, the
CPSA algorithm can remove the effect of the atmo-
spheric components even when their absorptions
strongly overlap those due to the sample components,
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To illustrate the use of the CPSA algorithm to de-
velop constraints for these types of spectral interfer-
ences, an additional series of synthetic spectra were
generated. A interference component spectrum was
generated as the sum of two Lorenztian bands at 1323
and 1175 cm—1, both having a half band width at half
maximum of § cm—!and a height of 0.1 absorbance unit.
The spectrum of the interference component was ran-
domly scaled and added tc the mixture spectra in data
set [1] above. FIG. 11 shows examples of the spectra
which were generated. The overlap between the ab-
sorptions of the interference component and the absorp-
tions of components A and B was purposely chosen
such that the removal of the interference by spectral
subtraction would be difficult to impossible. FIG. 12
shows the statistics for a Principal Components Analy-
sis (analysis {a]) of these spectra. Three spectral vari-
ables are indicated by all of the statistics, All three vari-
ables are required to produce a predictive model with 0
standard error, the use of the first two Prnincipal Com-
ponents to develop a predictive model resulting in stan-
dard errors of 0.6. Again, as in Example | above, when
the extra variable is include in the model, the possibility
exists that a correlation between the level of the inter-
ference component and the dependent variable or error

in the dependent values will be incorporated into the
model, reducing the robustness of predictions.

By supplying the CPSA algorithm with the spectrum
of the interference component, a constraint can be de-
veloped. F1G. 12 also shows the statistics for the CPSA
analysis of the synthetic spectra. The use of the con-
straint reduces the number of spectral variables to 2,
and a model based on these vanables predicts the com-
ponent A concentrations with O standard error. Since
the variation due to the interference component is re-
moved prior to the regression, no correlation between
the level of the interference and the dependent values/-
errors can be erroneocusly incorporated into the predic-
tive model. The robust predictive model is thus insensi-
tive to the presence of the spectral interference.
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EXAMPLE 8
Binary Blends of Isooctane and Heptane

The first example demonstrates how a Constrained
Principal Components Analysis can be used to develop
a model that is robust relative to variations in signals
arising from the spectral measurement process. Mid-
infrared (4000-400 cm 1) spectra of 22 binary mixtures
of isooctane (2,2,4-trimethy! pentane} and n-heptane
were collected on a Mattson Polaris/Icon FT-IR spec-
trometer at 2 cm— ! resolution, using 100 scans for signal
averaging and a 25 micron potassium bromide fixed
pathlength cell. The single beam sample spectra were
ratioed against empty beam background spectra for the
calculation of the absorbance spectra. Principal Compo-
nents Analysis and Constrained Principal Components
Analysis were both used to generate models for the
estimation of the isooctane and heptane contents of the
binary mixtures. To avoid absorbances that might be
outside the linear response range of the spectrometer,
only the data in the 2000-690 cm —! spectral range were
used in the models. The spectra of 11 of the binary
mixtures were used in developing the models, and the
spectra of the remaining 11 mixtures were used to test
the models. The concentrations of the mixtures used for
generating and testing the models are given in Table 6.

FIG. 13 shows the statistics for the Principal Compo-
nents Analysis (PCA) of the blend spectra. As is typical
with real systems, the various statistical tests do not
unambiguously indicate the true number of spectral
variables. The plot of the logarithm of the eigenvalues
versus number of Principal Components decreases rela-
tively smoothly, showing only minor breaks at 3 and 6
Principal Components. The indicator function goes
through a minimum at 5 variables, the cumulative vari-
ance appear to level off after 3 Principal Components,
and the eigenvalue ratios have maxima at | and 3 Princi-
pal Components. None of the statistics indicates the true
number of real components in the binary blends. Exami-
nation of the average and standard deviation spectra for
the calibration spectra (FIG. 14) suggests the sources of
these additional spectral variables. There is clearly 2
frequency dependent variation in the spectral baseline
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three variables. If pletenepectrometer purge. Examination of the eigen-
spectra produced by the PCA analysis (F1G. 15) dem-
onstrates how these additional mesasurement related
variations are extracted as Principal Components.
Eigenspectrum 1 shows the absorptions due to the two
real components, but is clearly offset relative to the zero
absorption. Eigenspectrum 2 shows only slight differen-
tiation between the isooctane and heptane absorptions,
and is dominated by an offset. Eigenspectra 3 and 4
differentiate between the two real components, but also
show a frequency dependent variation in the spectral
background. Eigenspectrum § is clearly that of water
vapor. Eigenspectrum 6 is largely measurement noise.
Ncte that the measurement process related signals are
not cleanly extracted into single Principal Components,
but are mixed among all the spectral variables. The
offset is clearly present in both Eigenspectra 1 and 2.
Water vapor absorptions are observed in Eigenspectra
1,2,4 and 5, and the frequency dependent background is
present in Eigenspectra 3 and 4.

A CPSA model was developed for the same data set,
using a second order (constant plus linear) polynomial
background correction and water vapor correction
spectra as constraints. FIG. 16 shows the three correc-
tion spectra used, as well as the first three eigenspectra
generated by the CPSA analysis. The eigenspectra are
now orthogonal to an offset, a linear frequency depen-
dent background and the water vapor correction spec-
tra. The third eigenspectra consists almost exclusively
of noise, indicating that the isooctane and heptane spec-
tral variation has been successfully extracted into two
spectral variables.

Table 7 shows the Standard Errors for the PCA and
CPSA models. As would be expected from the eigen-
spectra, the PCA model requires 4 variables to account
for the variation in the isooctane and heptane concen-
trations. Inclusion of the fifth Principal Component in
the PCA model appears to produce a slight improve-
ment in the Standard Error of Estimate from the cali-
bration, but actually produces a slight degradation of
the predictive model. The CPSA model based on two
variables has predictive power comparable to the PCA
model] with 4 variables, but is more robust with respect
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to the measurement process signals which are present in
the spectral data. FIG. 17 demonstrates this improved
robustness. The variability in the background among
the calibration samples was estimated by fitting a linear
baseline to the standard deviation spectrum in FIG. 14
(calculating the slope and intercept of the line connect-
ing the two endpoints at 2000 and 690 cm~1). Multiples
of this estimated background were then added to the
spectrum of the sample containing 89% isooctane, and
the generated spectra were analyzed using the 4 vari-
able PCA model and the 2 variable CPSA model. For
the PCA model, the predicted isooctane content clearly
depends on the background. Over the range of back-
grounds present in the spectral data, variations on the
order of 0.05% are observed. If, in the analysis of an
unknown, a larger difference in background was pres-
ent in the spectra, errors on the order of 0.19% could
casily be obtained. The CPSA model is independent of
the variation in background and produces the same
results regardless of the change in backpground. CPSA.
thus provides a more robust and stable predictive
model.

The major source of error for both the PCR and
CPCR analyses is the fact that the sum of the two com-
ponents does not equal 100%. As is shown in Table 7, if
the estimated isooctane and n-heptane concentrations
are renormalized to 100%, the SEEs and SEPs are
significantly reduced. Even after renormalization, 4
variables are required to produce 2 PCR model compa-
rable to the 2 variable CPCR model. It should be noted
that, as is shown in Table 7, if the pathlength correction
{which was described in Section 3.0 of the appendix) is
used in developing the PCR and CPCR models, the
renormalization of the estimated isooctane and n-hep-
tane concentrations results automatically from the con-
straint that the sample components must sum to 100%.
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Analysis of a 5 Component Additive Package
Comparison 1o the K Matrix Method

We have previously demonstrated the use of the K
Matrix method for the quality control analysis of a oil
additive package. In the K Matrix analysis, the calibra-
tion f by n spectral matrix, X, is expressed as the prod-
uct of two matrices, K and C.

X=KC

Cis a ¢ by n matrix containing the concentrations of the
¢ real components for the n calibration samples. The
by ¢ K matrix is obtained as

E=XC(CChH~!

K contains the spectra of the real components as they
exist in the calibration mixture, i.e. including any inter-
component interactions. The K matrix obtained in the
calibration can be used in the analysis of a unknown, x,
to obtain the component concentrations, ¢

c*—:-’(K’K)"‘ Ixte

Unlike the Principal Component methods, the use of the
K Matrix method requires that the concentrations of all
the components in the mixtures be known such that the
C matrix which must be inverted completely specifies
the calibration mixtures.

To further demonstrate how CPSA. can be used to
develop a calibration for a real multicomponent analy-
sis, a more detailed description of the analysis presented
in Example 5 will be given to demonstrate how a pre-
dictive model was developed using the same spectral
data which had been used for the K Matrix analysis.
The additive package in question contains five compo- .
nents: a dispersant (49%), a nony! phenol (NPS, 16%),
a zinc dialkyl-dithiophosphate (ZDDP, 15%) a magne-
sium overbased sulfonate (12%) and a dilvent oil (8%).
For the quality control applications, the calibration was
developed over a relatively narrow concentration range
bracketing the target product composition. 30 blends
were prepared by blending the 4 additives at levels

erxartpl ©,
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;:t:;);‘r;sfponding to 88%, 929%, 100%, 108% or 112% of
the 1o fet gjcr_;centratzons, ar}d adjusting the diluent oil
: achieve the appropriate total weight. The levels
do(:‘ nzddztx;gs in the individual blends were chosen ran
y subject 1O the constraints that th -
; Lo e numbe
?;esmeach uaagidmve level was representcd shouldr gg
n%i yicq _and that all the components vary inde-
ged eéxt y. Spectra of .50% solutions of the blends in
03;} 50 exane were obtained at 2 cm—! resolution using a
S. millimeter ?(Br cell on a Digilab FT5-20C FI'-%R
mp:c;gcg?;;gi ishniighi()ﬁ scans for signal averaging. 13 of
i spanned the additive concentrati

Enges were chosen for development of the modei.:t;ig

Ises;eon;asuglng 15 were analyzed to test the models. F1G
e average and standard deviation s : .

Cl
;h;} ?;Gmbﬁn\cisés Spec;itrf;} data in the range froge ISTOaOﬁ:;
used in the analysis. To avoid ab

anct:;:s that are too strong to accurately measure thcsgza
in the range from 1475 to 1435 cm—! was exciu'ded from

the analysis.
To evaluate what possible measurement process sig-

nals might be present in the spectral data of the calibra-
tion blends, 2 Principal Components Analysis was con-
ducted on the 15 spectra. FIG. 19 shows the statistics

for the PCA calculation. The varous statistical tests do
f variables

the spectral data, although most of the tests
suggest that there are more variables than real compo-
nents. FIGS. 26 and 21 show the first 10 eigenspecta
obtained for the PCA calculation. Clearly, at least the
first 9 eigenspectra contain recognizable absorption
bands which are well above the spectral noise level.
Examination of the eigenspectra and the standard devia-
tion spectrum indicate the sources of the additional
spectral variables. Eigenspectra 3 shows negative bands

at 1215 and 761 cm~! which are due 10 chioroform

contamination of the solutions, chloroform having been
used to rinse the cell between samples. The standard
deviation spectrum (FIG. 18) shows & strongly curved
background, suggesting that background variations
may also be contributing the spectral variance. Unlike
previous examples, the contributions of the packground

to the spectral variables are not as obvious from the
eigenspectia, but are mixed with the variations due 10

b’

he
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the real component absorptions. Together, the chloro-
form and the background could account for two of the
nine spectral variables. Eigenspectra 3 and 9 both show
features due to the cyclohexane solvent. In eigenspec-
trum 5, the bands have a dispersive shape suggestive of
a variation in bandwidth among the calibration spectra.
Close examination of the calibration spectra indicates
that the cyclohexane absorptions do vary slightly in
bandwidth, presumably because of wvariations in the
strength of interactions with the additives. Eigenspec-
trum 9, on the other hand, shows normally shaped fea-
tures corresponding to the solvent. If the solutions had
all been prepared to exactly the same concentration,
and if no solvent/additive interactions were present, the
spectral features due to the cyclohexane would have
been constant among all the blends, would have been
observed exclusively in eigenspectrum 1, and would not
have been detected as a separate spectral variable. In
reality, the solvent contributes two spectral variables,
eigenspectrum 5 arising from variations in the solute/-
solvent interactions, and eigenspectrum & arising from
variations in the solute/solvent concentrations. To ver-
ify that this is the case, a second PCA analysis was
conducted using the 15 calibration blends plus 3 spectra
of cyclohexane obtained under the same conditions.
FIG. 22 shows some of the eigenspectra obtained from
this analysis. In the PCA calculation using only the
blend spectra, the variation in the solvent concentration
was small, and showed up only as the 9 most important
spectral variable (FIG. 21). Adding the spectra of the
solvent to the reference set dramatically increases the
range of variation in the solvent absorptions, making it
the 274 most important spectral variable. Aside from the
noise level, eigenspectrum 2 in FIG. 22 very closely
resembles the eigenspectrum 9 in FIG. 21. If solvent
concentration variation was not a spectral variable in
the original 15 calibration spectra, then the inclusion of
the solvent spectra would have added an additional
variable to the data. Comparison of FIGS. 20 and 21 to
FIG. 22 clearly indicates that this ts not the case. The
inclusion of the solvent spectra has reordered the 9
variables (e.g. eigenspectrum 2 in FIG. 20 becomes
eigenspectrum 3 in FIG. 21), but the 10t eigenspectrum
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in both cases shows minimal absorption features above
the spectral noise level.

The above analysis indicates that 7 of the 9 spectral
variables correspond to sample vanations, 5 due to
additive package components, | due to variations in the
cyclohexane solvent concentration, and [ due to varia-
tions in the solvent/solute interactions. The remaining 2
variables are due to the measurement process, and cor-
respond to background fluctuations and chloroform
contamination. Using this information, 2 CPSA model
can be constructed. Since the solvent concentration
variation is a variable in the spectra of the blends, the
solvent spectra were included in the reference set for
the generation of the CPSA model so as to ensure that
the solvent variation could be properly modeled. FIGS.
23 and 24 show the various correction spectra which
are used, as well as the resulting eigenspectra, A 3 term
{quadratic) correction is used to account for the possible
backgrouad variation. Although the chloroform is actu-
ally in the sample, it is at a low enough level so asnot to
cause significant dilution of the sample absorptions, and
thus can be treated as a measurement process variable
rather than a sample component. Since the chloroform
absorptions observed in PCA eigenspectra 8 are shifted
slightly from those observed for neat chloroform, a
synthetic chloroform spectrum was generated for use as
a correction spectrum by fitting the observed absorp-
tions to Lorenztian bands. CPSA eigenspectrum 7
(F1G. 23) appears to be roughly equivalent to PCA
eigenspectrum 10 (FIGS. 21 and 22) in terms of the
signal to noise of the residual absorption features. By
including the 4 constraints, the CPSA model allows the
spectral variance to be accounted for in 7 variables
rather than the 9 required by the PCA analysis.

Table 8 shows the Standard Errors for the K Matrix,
PCA and CPSA models. Since there are only 6 compo-
nents (5 add pack components plus cyclohexane) in the
samples, the K Matrix method can only extract 6 vari-
ables. The K Matrix model cannot account for the solu-
te/solvent interactions and thus produces a poorer pre-
dictive model than the Principal Component methods
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which allow this interaction to be modeled as a separate
variable. The Standard Error of Estimate is lower for
the PCA model based on 9 variables than the CPSA
model based on 7, because the two extra variable that
correspond 1o measurement process signals are being
correlated to the dependent variable. If, for instance, we
use the PCA model to analyze the 4 constraint spectra
used for the CPSA model (the first 4 spectra in FIG.
23), we see (Table 9) that predictions made with the
PCA model will depend on background and chloro-
form contamination, and will not be robust relative to
these measurement process signals. When the PCA and
CPSA models are used to analyze the 15 test blends
(Table 8, bottom), it can be seen that the predictive
capability of the more robust CPSA model based on 7
variables actually exceeds that of the PCA model based
on 9 variables.

For simplicity, since no water vapor absorptions
were observed in the standard deviation spectra or the
PCA eigenspectra, a water vapor constraint was not
added in the development of the above CPSA model. If
this model was 10 be used in actual quality control appli-
cations, a water vapor constraint would.be added to
insure that the results were not affected by the instru-
ment purge. As is seen in Table 8, the addition of water
vapor correction spectra to the model so as to improve
its stability and robustness does not effect the accuracy
of the predictions for the 15 test spectra which showed
no water vapor absorptions.

EXAMPLE 10

Example 10 is intended to demonstrate how a Con-
strained Spectral Analysis can be employed to remove a
signal arising from the measurement process in a real
application. A CPCR model was developed to estimate
the research octane number (RON) of powerformate
samples. Laboratory data was collected over the 870 to
1600 namometer range for 186 reference powerformate
samples using a LTI Industries Quantum 1200 Near-
Infrared Analyzer. RON values for the powerformate
reference samples were obtained via ASTM-2699. A
CPCR model was developed using 3 polynomial cor-
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ables. The Standard Error of Estimate for the model
was (.30 research octane numbers.

In testing the viability of using Near-Infrared for the
measurement of on-line research octane number, the
laboratory analyzer was equiped with a flow cell, and
connected to 2 fast sampling loop from a powerforming
unit. Spectra of the powerforming product were col-
lected at approximately 6 minute intervals using the
same conditions as were used for the collection of the
reference spectra. The resultant estimate of the research
octane number (FIG. 25) showed a periodic oscillation
at a frequency which was much more rapid than ex-
pected changes in the product composition. By sub-
tracting successive spectra (FIG. 26), it was established
that the oscillation was due to a periodic variation in the
absorption the range of 1400 nanometers. The absorp-
tion was identified as being due to atmospheric water
vapor {FIG. 27) which was present in the instrument
light path, and the oscillation was tracked to the cycle
time of an air conditioning unit present in the instrument
shake where the analyzer was located. From FIG. 26, it
is clear that the for short time periods (<40 minutes),
there were only minor changes in the powerformate
product composition, and the periodic changes in the
estimated RON where due solely to the variations in the
humidity in the instrument. Difference spectra gener-
ated over longer time intervals {e.g. 93-135 minutes)
demonstrated that the magnitude of the water vapor
absorption was comparable to the differences in absorp-
tion due to actual compositional changes. From FIG.
27, it can be seen that the water vapor absorption falls
within the same spectral range as absorptions due to the
powerformat hydrocarbons.

To minimize the effect of humidity variations on the
estimation of research octane number, a water vapor
correction was added to the model. A *“water vapor”
spectrum was generated by subtracting successive spec-
tra from the on-line data over periods when the compo-
sition was expected to show minimal variation. A
CPCR model was constructed using the 3 polynomial
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where t' is the student's t distribution value for
degrees of freedom and d2 is given by where v'
k' obtained fromv by deleting the el enents whose
coefficients were set to zero during -tRe regressi on
Least Squares Regression Partial Least Squares (PLS)
simlar to Principal Conponents Regression in that tihe
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background corrections, the water vapor corre_ctm;,
and using § Constrained Principal Components 1n the
regression. The resultant model was then us.cd ;0 x_"canca)}
lyze the same on-line data (FI.G: 28). The mc.xi;?n *
the water vapor correction eliminated th periodic e;s
cillation by producing a model that was insensitive 1o

variations in the humidity.

EXAMPLE 11
Measurement Process Quality Control

CPSA allows the spectral variables which are associ-
ated with the measurement process to be modeled so
that the predictive models can be constrained to be
insensitive to these variables. The contribution of these
constraint variables to any real spectrum represents the
status of the measurement process during the collection
of the spectral data. Since the constraint variables are
orthogonal among themselves and to the eigenspectra,
the relative contributions of the constraint variables toa
spectrum are obtained merely by taking the dot product
of the constraint vector with the spectrum. The range of
values obtained for the calibration spectra represent the
range of measurement process variation during the col-
lection of the reference spectra, and can be used to
identify reference spectra which are outliers with re-
spect to the measurement process. In building the pre-
dictive model it may be desirable to recollect the spec-
tral data for these outliers so as to optimize the model.
Similarly, the values of the constraint variables for an
unknown spectrum being analyzed serve as an indica-
tion of measurement process during the analysis, and
can provide a warning if the measurement process has
changed significantly relative to the calibration. CPSA
thus provide 2 means of performing quality control on
the measurement process, indicating conditions under
which changes in the measurement process rather than
changes in the sample might be affecting the predicted
results.

egr essi
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FIGS. 29 and 30 show examples of how the con-
straint variables can be used to monitor the spectral
measurement process. In the isooctane/heptane exam-
ple above (Exampie 8), the spectra were coliected in a
rapid fashion without allowing sufficient time for the
spectrometer to be fully purged. As a result, absorptions
due to water vapor are superimposed on the component
spectra, and are isolated as a Principal Component
(eigenspectrum 5 in FIG. 15) by a PCA calculation. In
developing the CPSA model, water vapor correction
spectra were used to generate a constraint. FIG. 25
shows a plot of the dot product of the reference and test
spectra with the water vapor constraint. The value of
the constraint variable clearly identifies spectra which
are cutliers with respect to the water vapor level, in this
case spectra which show a significantly lower water
vapor level than the average. FIG. 30 shows similar
data for the chloroform constraint used in the additive
package example (Example 9). Chloroform was used to
rinse the cell between samples, tends to penetrate into
small openings between the spacer and the windows,
and is not always completely removed even when a
vacuum is pulled on the cell. The value of the chloro-
form constraint variable clearly indicates spectra for
which an above (sample 4} or below (sample §) average
amount of chloroform contamination was present. Note
that since the peaks in the chloroform constraint spec-
trum (FIG. 23) are negative, lower values of the dot
product imply higher levels of chloroform.

It will be appreciated that various modifications and
changes may be made to the methods and apparatus
disclosed herein within the scope of the invention as
defined by the appended claims. Such modifications and
changes will be obvious to the skilled addressee and will
not be further described herein.
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err]of dimension n is calcul ated as
Lerr] TABLE |
Data for Synthetic Calibration Spectra, Example |
Dependent
Sample Component Offsets Data Sets Value Esror
# A B 2] & 4 £5] Case | Case 2
1 0 100 1.07372 —~0.78081 —0.24835 ~0.01869
2 2 98 0.62511 ~Q.418§7 0.07831  0.24835
3 4 96 1.25119 —0.3288¢  Q.06027 —0.02899
4 & 94 0.41396 ~0.28975 —0.64586 0.30214
5 8 92 2.36442  0.08348  0.02363 ~0.38320
8 10 %0 1.39797  0.15223  (Q.04501 —0.06027
7 1 ¥2 88 1.39477  0.17348  0.04871 —0.04871
3 14 86 0.3%075  0.24715 -0.05%20 0.10868
-9 16 84 1.12097 041396  0.01869 -0.01963
10 18 82 0.84817  0.55425  Q.00441 0.11668
3 20 80 0.71911  0.62511 —D.36602 0.21138
12 22 78 0.95787  0.68433  0.10105 {.03834
13 24 76 1.02863  0.71911 005233 ~0.00291
14 26 74 0.97184  0.74038  0.61309  0.03143
15 28 72 0.94610  0.78470 --0.13453 0.05920
i6 30 70 --0.41887 0.8338¢ 0.01784 £,79082
17 3z 62 134454 0.84817 —0.88469 ~-0.03226
18 k2 66 ~-0.28975  (.89%075  0.00291 0.64586
13 36 64 1.30954  0.89635 (02024 ~0.03043
20 33 62 -0.73470 090107 ~0.72503 0.15675
21 40 &0 2.37187 091054  0.11409 -~D.61309
22 42 58 0.08348 (0.94610 0.09400 0.44731
23 44 56 0.15223 095090 0.01963 0.39589
24 46 54 0.99238  (.95787 ~0.39589 0.01219
25 43 52 3.53012 09718 --0.01182 ~-0.87598
26 56 50 1.84674  0.96238 --0.79082 ~-0.15782
27 52 48 0.95060 099982  0.03226 0.05233
28 54 46 0.91054  1.01348 —0.10868 0.07141
28 56 44 1.35166 1.02863  0.87598 ~0.043501
K 4] 58 42 1.46935 103097 -0.21138 ~0.07831
31 &0 40 1.04338 1.04336 ~0.219%87 -~-0.01784
32 62 38 1.01348 1.07372 —~0.03834 ~0.00017
33 64 38 0.74033  1.09651 —0.10673 8.19087
34 66 34 0.90107 1.12097  0.28876 0.07677
35 68 32 099982 115763 0.01874 0.01182
36 70 30 2.06437  1.22472 —0.44731 -0.28876
37 72 28 0.17348 1.25119 ~0.19087 £.37935
38 74 26 0.89655 1.30954 —0.11668 0.10678
35 76. 24 - {.78081 1.34454 —0.37935 {.88449
40 78 22 1.65423 1.35166 ~0.30214 ~—0.09400
41 80 20 108651  1.3%477  0.03043 —0.01874
42 82 18 0.68433 1.36797  0.02899 0.21987
43 84 ié 1.69807 1.46935  0.15782 ~0.i0105
44 Bé I4 0.24735 1.65423 ~-0.01219 0.36602
45 g8 12 0.03097  1.69807 0.00017 ~-0.00441
46 S0 10 0.83386 1.70323 0.38320 0.13453
47 92 8 1.70383 1.84674 029414 ~-0.11409
48 94 6 1.15763 2.06437 -0.15675 ~0.02024
49 96 4 1.22472 236442 0076771 -0.02363
58 98 pJ -~0.32886 237187 ~0.03143 0.72503
51 100 0 0.55425  3.53012 —0.0714] {.29414




[5] A |l oadings vector of dinension f
| oadi ngs vect or
[8] The residuals for the X matrix are cal cul ateg as

[err]

is calculated as [er«]-
is normalized as [err] [7] The scores yeiRACERENT BHEETa
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Data for Synthetic Test Spectra, Example 1

Sample _ Component

# A B Offsets Dependent Value Error
1 1 39 0.61018 0.01874
2 3 97 Q97772 Q.61308
3 5 95 1.04011 —{.37935
4 7 93 1.21413 0.09400
5 g 91 1.17595 0.02024
6 i1 9 0.97127 0.02899
7 i3 87 2.06759 ~0.03834
8 15 85 0.04622 0.00017
9 17 83 1.05222 —-{J.10868
10 19 8] — 1.66840 0.06027
11 21 79 —~0.32858 -.0.64586
12 23 71 199964 -~{0.21987
13 25 75 0.06950 —0.10678
i4 27 73 0.10144 ~0.05520
15 29 71 144476 0.01963
16 31 69 4.14906 -0.01182
17 33 67 1.46563 -{0.24833
18 35 65 0.87267 -0.30214
19 37 63 0.73178 0.10105
20 39 61 1.66786 —{.39589
21 4] 59 0.18927 0.07831
22 43 57 0.91056 0.01734
23 43 55 1.29791 -0.19087
24 47 53 0.74590 ~{.79082
25 49 51 0.93587 —{(.88469
26 51 49 1.8429¢% 0.04561
27 53 47 1.06558 ~-0.01219
28 55 45 1.11103 0.04871
28 57 43 0.65312 0.28876
30 59 41 1.01586 0.02363
31 61 39 2.48578 ~{}.29414
32 63 37 -~ (.08490 0.15782
33 45 35 1.05601 0.11406
34 67 33 0.00175 0.03043
23 69 31 0.88686 ~0.07677
36 71 29 1.62194 0.87598
37 73 27 0.43761 ~-{.36602
38 75 25 0.38382 —~£.05233
39 17 23 1.26709 0.00441
40 79 21 3.75128 -0,13453
4! 81 19 0.86992 ~-0.72503
42 83 17 1.13135 0.03226
43 85 15 1.57232 0.38320
44 87 13 0.87528 —0.21138
45 89 11 1.02326 —0.15675
44 . 81 g 0.40350 —{.11668
47 93 7 1.47357 —0.03143
48 95 5 2.00262 —0.07141
49 97 3 ~3.69166 0.01869
it} 99 i 2.07528 0.00291




- 92 - [9] A estimate of the coefficient b[err]

calculated as [err] At this point, the a new vector

the y residuals fromthe first step [err]
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TABLE 3

Is calculated from
the relationship [err] [10] The residuals fromthe y vector are

¢ REPLACEMENT SHEET

ul'nrr} l.s..define

22 NOV 1997

Standard Errors for Example 1
No Error in Dependent Values

Analysis Analysis Number of

Number Type Principal SEE SEP
Analvsis of data set [1]

1 fa] 2 £.000 0.000

2 bl 2 0.000 0000

3 Ic] 2 0.000 0.000
Analysis of data set [2]

4 fa] 2 1308 2105

5 fa] 3 0.000 0000

6 (] 2 0.000  0.000

7 el 2 0.000 0.000
Analysis of data set [3]

8 fa] 2 0.064 0080

9 b] 2 0.835 0.753

10 [b] 3 0072 0101

1 [} 2 0.078 0.087
Analysis of dats set [4]

i2 iz] 2 1.314 2093

i3 [a] 3 0.079 0.086

14 bl 2 0.835 0.793

15 ib] 3 0072  0.101

16 fcl 2 0.078
Analysis types:

[a] Principa! Components Analysis

[b] Principal Components Analysis after preprocessing
[c] Constrained Principal Components Analysis

Datx Sets:

[1] Synthetic Components

{2} Plus variable offsct

[3] Plus noise

{4} Plus varinbie offset ant noise

Stndard Error of Estimate {for 51 calibration specira and N Principal Compo-

nents):

SEE? = [¥(Calculated — Calibration Value/(51 — N)
Standard Error of Prediction (for 50 test spectea):

SEP? = (X{Predicted — Calibration Value)}/50

as



and X is replaced by the X residuals fromthe first step, Eferr]. The

vectors wWerr], s[err], and I[err] and the coefficien
calculated in the same nmanner. The [err] step through

t b[err] are
the al gorithm

i nvol ves equating u[err] to the residual vector fromthe previous step,

e[err], substituting the residual matrix E[err] for_t

he X Bl ri X ad

calculating Werr], s[err], and 1[err]&5 The proced rF

Eﬁlmmeaﬁssmaﬁ
€r]

reaches..the

residuals are sufficiently small, i.e. until e[err]ie
desired level of error for the nodel. The matrices L
the columm vectors |I[err] and s[err], and the coeffiic

and S are formed

i et? NE¥t BB bif

scalars b[err]. The residuals fromthe nodel are [é&rr
of Estimate is SEE = [err]

rq

the y

| from
omthe
Error

TABLE 4

Standard Errors for Example 1
Including Dependent Valve Errors

Case 1

Anal. #of Uncorrelated Error Case 2 Correlated Error

Type PCs SEE  SEP Act  SEE SEP Act

Analysis of dama set {1]

{a] 2 0306 0334 0079 0304 {.301 0.085
Ib] 2 0306 0334 0079 034 0.301 0.085
[cl 2 0306 0334 0079 0304 0.301 0.085
Analysis of data sat {2]
[a) 2 13¢ 2130 2109 1010 2120 2.104
fa] 3 0309 0334 0079 0061 0564 0487
{b} 2 036 0334 0079 0304 0.301 0.085
fel 2 0306 0334 007 03 0.301 0.085
Analvsis of data set {3]
{a] 2 0320 034 0094 0306 0.302 0.132
{bl 2 0859 0817 0734 (.868 0.818 0.799
v} 3 0317 0330 0121 0307 0311 0.155
{cl 2 0321 0328 009F 0308 0310 (.140
Analysis of data set 4]
{a] 2 1353 2097 2113 1015 2.106 2093
[a) 3 0323 0096 0328 0093 0.569 {.500
{b] 2 0859 0817 (.78 (.868 0.818 0.799
[b] 3 0317 0330 0121 0307 0.311 0.135
fe] 2 0321 0329 0096 0308 8.310 0.140
Analysis types:

{a} Principal Components Analysis

ib} Principal Componants Analysis after preprocessing
{e] Constrained Principal Components Analysis

Datz Sets:

{11 Synthetic Camponents

{2] Plus variable offse

{3] Plus noise

{4] Plus variable offset and noise

Standard Error of Estimate {for 51 calibration spectra and N
nenis):

SEE? = [E{Calculaied — Calibration Value)/(51 — N)
Standard Error of Prediction (for 50 test spectra):

SEP? = [E(Predicted — Calibration Value}?}/50

Act? = {S(Predicted — True Value)z]ISO

Principal Comipo-



- 93- For a new vector of independent variables x[err], the scalar
estimate y[err] is obtained as [err] Based on the nodel, the
probability is a that the true value Y[err] lies iin. - aRge——i-ef t]»{EET
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TABLE 5

Standard Errors for Example 1
Offset Correlated to Dependent Value

Analysis Number
Type Principal SEE SEP
Analysis of data set [5]
{a] 3 0.079 0.239
fc] 2 0.079 0.087
Analysis types: '

.{a} Principal Components Analysis

fc} Constrained Principal Compazents Analysis

Dats Sets:

[5] Synthetic Componcants, offset correlated to dependent value, noise

Standard Error of Estimate {for 51 calibration spectra and N Principal Compo-
fnents):

SEE? = {E(Calculated ~ Calibration Value/(51 — N)

Standard Error of Prediction (for 50 test spectra):

SEP? = [E(Predicted - Calibration Value)?}/50

TABLE 6
Binary Isooctane/Heptane Ssmples
Isooctane Heptane
Vaolume % Volume %
Calibration Samples
2 78 22
£ 2 18
6 84 16
8 86 14
10 88 12
12 %0 10
14 92 -]
16 94 6
18 96 4
20 98 2
22 100 1

Test Samples



where t is the student's t distribution value for probabil-
degrees of freedom and d[err] is given by [err]
be expressed in the form where the regression vector

The PLS nodel
[err]

ity a and n-k

The regression vector is a |inear conbination of the colyms..of.X

SEMENT SHEBT

and-\/f

U1

PL282 rmﬂp |1§’97C

n

can al so
is [err]

PCR
be

1.4.3.3 Cross Validation The nunber of Principal Con!pcm@gl]t\
vari- ables (i.e. the k dinension of6f/ke matrices U, {[eLL
and of L and S for PLS) which are to be used in PCR br
tested using a cross valida-
TABLE 6-continued
Binarv Isooctane/Heptane Samples
Isooctane Heptane
Yolume % Volume %
1 76 24
3 80 20
5 83 17
7 85 15
9 87 13
11 89 11
i3 91 9
15 93 T
17 85 §
19 97 3
2! 99 i
TABLE 7
Standard Errors for Heptane/Isooctane Binary Mixtures
Iscoctane Heptane
Type of Model # PC SEE SEP SEE  SEP
Models based on 11 reference
spectra without pathlength correction:
PCR 2 2715 339 6736  B.198
3 0263  0.551 0.466 1.081
4 0.197 0187 0033 0.0717
5 0.118 0213 0035 0.085
6 0.129 0218 0.030 0.062
CPCR 2 0.196 0248 Q.045 0056
Results renormalized so heptane plus isooctane equals 1009%:
PCR 4 0.040 0077 0040 0077
5 0028 0.09% 0.028 0.094
CPCR 2 0.056 0071 0056 0.071
Results for models employing pahtlength correction:
PCR 2 6394 6986 6394 6986
3 0445 Q977 0445 0977
4 0045 0072 0048 0O
5 0034 0091 0034 0OB)
CPCR 2 0.056 0071 0056 DO




e 2 e

_t_-iwon procedure. The X matrix is split into two matrces X err] and X err]
which are of dinension f by n -j and f by j, respectively, where 1
[err]j[err]n/2. y is simlarly split into two corresponding vectors y

(dimension n-j) and Y2 (dinension j), e.g. -94 -
o8 AEPLACEMENT SHEET
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TABLE §

Comparison of K. Matriz, PCA and CPSA
Results for Add Pack Analysis
Models based on 15 blend spectra plus cyclohexane
Results renormalized so 5 add pack components add to 100%

Model # Variables Disp NP§S ZDDP Mz Sulf Qi
Standard Error of Estimate

K Matrix 6 0369 0363 0150 0.164 0704
PCA 9 0.148 0.217 0Q.106 Q088  Q.126
CPEA 7 0.291 0271 Q143 0128 0220
CPSA* 7 0295 0273 0.144 0.127 0228

Standard Error of Prediction

K Marrix 6 0412 0398 0G.132 0.300 0612
PCA 9 0429 0285 G147 0.300 Q367
CPSA 7 0.410 0267 0.098 0314 037
CPSA* 7 0402 0263 009 0.313 0375

*CCPSA model including water vapor constraint

TABLE ¢
PCA Analysis of CPSA Constraints
. Mg
Contraint Disp NPS ZDDP Sulf Qil
Polynomial 1 0902 2094 1342 1436 2521

{constant) i

Polynomial 2 (inear} 5500 209 1149 --0.843 12110
Polynomial 3 (square) ~-1.321 53889 1147 10098 1060
Correction 1 (CHCL3) ~0.221 -0.34 0.213 0105 0230

The Constrained Principal Spectra Analysis method
allows the spectroscopist to input his knowledge of the
spectral measurements so as to define and model possi-
ble spectral variations which are due to the measure-
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ment process, and to develop multivariate predictive
models which are constrained to be insensitive to the
measurement process signals. The constraints devel-
oped in this fashion serve as quality control variables for
the measurement process, allowing for the optimization
of the calibration and subsequent monitoring of the
spectral measurement. The CPSA algorithm provides
advantage over spectral preprocessing techniques in
that: (1) it uses all available spectral data to derive and
remove the measurement process variables and as such
is less sensitive to spectral noise than methods based on
limited ranges of the data, (2) it uses a single calculation
method to remove 2ll types of measurement process
variations including variables for which preprocessing
algorithms would be difficult or impossible to develop
{e.g. highly overlapping interferences or higher order
background variations), (3) it provides measurement
process variables which are orthogonal to the spectral
Principal Components thereby insuring maximum sta-
bility of the predictive model, and (4) it incorporates the
modeling and removal of measurement process vari-
ables as an integral part of the analysis thereby remov-
ing the necessity for the development of separate pre-
processing methods and algorithms.

It will be appreciated that various modifications and
changes may be made to the methods and apparatus
disclosed herein within the scope of the invention as
defined by the appended claims. Such modifications and
changes will be obvious to the skilled addressee and will
not be further described herein.

The concepts and mathematical techniques disclosed
in this patent specification are relatively complex. Al-
though the invention has been fully described in the
foregoing pages, there is set out hereinafter, under the
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heading “Appendix”, a detailed description of the math-
cmatical techniques used, starting from first principles.
This Appendix forms part of the disclosure of the pres-
ent specification.

APPENDIX

1.0 Definition of Mathematical Terms, Symbols and
Equations

1.1 Scalars

Variables representing scalar quanitites will be desig-
nated by lowercase, normal typeface letters, e.g. x or y.
Scalar quanities are real numbers. Examples would
include but not be limited to the concentration of a
single component in a single sample, the value of a
single property for a single sample, the absorbance at a
single frequency for a single sample.

1.2 Vectors

Vectors will be represented as lowercase, boldface
letters. Vectors are a one dimensional array of scalar
values. Two types of vectors will be distinguished.

(v )
2
Vi
¥4
ve=| ¥
¥
¥7

¥8
\"‘J

IS an example of a column vector of dimension 9.
The corresponding row vector,

v (v vy u3vyps g vyvgeg)
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woul d be three possible divisions of the matrices. Varjp——eus-tndels.are.
built using Xerr] and y[err], i.e. for PCR [err] REPLACEMENT SHEET
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is also of dimension 9. The superscript ! indicates that
the row vector is the transpose of the corresponding
column vector.

Normal face, lowercase letter with subscripts will be
used to refer to the individual elements of the vector,
e.g. vy, v, v3, etc., which are scalar quanities. The
subscripts 1,2,3, etc. indicate the position of the quanity
in the vector. The expression v;will be used to represent
a general position 1 in the vector. Bold face, lowercase
letters with subscripts will be used to represent one of 2
set of vectors, i.e. vy, va, . .. vy would be g set of n
vectors.

1.2.1 Product of a Scalar Times a Vector
If

¥8

\"? )

then the multiplication of v by a scalar a is

((avt )
avy
avy
avy
Qg == { AV3
avg
avy

avg

\%"%




and for PLS [err] where [err] The nunber of columms retained in the
Vierr] and S[err] matri- ces in the nodels is varied oJer: ' -
tested. The nodels are used to estimte the values for WB@?MQEW& PIEET
matrix V[err] is calculated from[err] and t he esti ngt g5 are madeas

[err] 7. 22 NQV a7

1.2.2 Dot Product of two vectors

The dot product of a column and a row vector is a
scalar quanity. The dot product is defined only if the
vectors are of the same dimension. The dot product is
the sum of the products of the individual elements of the
two vectors, i.e.

/oS

1
2
3

i

ulv = {uy w3 u3 ug us ug ury| ¥4
¥
¥6

\n/

uiyy i wava + U3V b uqvs -+ usvs + ugvs o+ uTn

Two vectors will be referred to as being orthogonal if
their dot product is equal to zero. If a vector z is orthog-
onal to vectors u and v, it is orthogonal to any linear
combination of u and v, i.e
if z7u==2tv=0 and y==ua+-vb for any scalar coeffici-
entsaand b
then zly==zfua-+zvb=0a+0b==0.

- 1.2.3 Length of a Vector

The length of a vector is the square root of the dot
product of the vector with its transpose, and will be
designated by |jvi}, ie.

vl = || ¥ | =090

A vector will be referred to as normal, unit or normal-
ized if the length of the vector is equal to one. A zero
vector refers to a vector of zero length, i.e. one whose
elements are all zero.



- 96 - For PIS, a matrix S[err] is calculated from[err] and the

estimates are nade as [err]
[err] The Predictive REsidual

The prediction residuals are cal cul ated as
Sum of Squares for this step is

PRESS=[err] The procedure is repeated with different splits of X and

=73 - REPLAGEMENT SHEET

22 NOV 1397

1.2.4 An Orthonormal Set of Vectors

A set of vectors uy, Uy, . . . Up, form an orthonormal
set if the dot products ufu;=1 and u/u;=0 for inot equal
to jwhere ;and jrun from | to ». The individual vectors
are normalized, and the dot products between any two
different vectors is equal to zero.

1.2.5 Orthogonalization and Normalization of Vectors

Given a vector u of length |{u]l, it is possible to
define a new, normal vector v’ as u'==u/{jufl. v’ is
obtained from u by dividing each of the elements by the
length of the vector. This procedure is referred to as
normalization of the vector.

If u is a normal vector, and v is a vector such that the
dot product uv=4d, the vector z=v-du is orthogonal
to u, i.e. wz=ulv —dufu=d—d=0. The procedure for
calculating z is referred to as orthogonalization of the
vectors. o

Given a set of n vectors, X3, X2, . . . Xp, it is possible to
derive a new set of n vectors, uy, u, . . . Up, that form an
orthonormal set. This procedure which is referred to as
Gram-Schmidt Orthogonalization involves the follow-
ing steps:

{1] chosing an initial vector, x{, and normalizing it to
produce uy;

{2} choosing a second vector, x;, orthogonalizing it to
up normalizing the resultant vector to produce uz;

[3] choosing a third vector, x3, orthogonalizing it 10
both uj and u3, and normalizing the result to produce u3;

[4] continuing the process of choosing vectors Xi
orthogonalizing them to the vectors uy, uy, . . - Bi-1
which were already calculated, and normaling the re-
sultant vectors to produce new u;until all vectors have

been processed.



y until each colum of X and corresponding clement in y have been in X err]
and Y[err] once, e.g. using all three of the divisions of X and y show
above. The total PRESS is the sum of the PRESS val ues cal cul ated for each
divi- sion. The optinmum hunber of vectors to use in the.nodel is _that which

m nimzes the total PRESS. 1.4.3.4 Wighted Rewpreasi @y dﬂ”
applying linear |east squares regress‘l@h techni ques to $0I~ve,.ih.e.,1.e,gre§snon

equation [err] it is assumed that the el ements of they residual vector] are
i ndependent and normal |y distributed. In sonme applica- tl ons,< 4fis 397 p i
assunption may not hold. For instance, if the elenents y[ew-} of .y are] "
measured quantities, the error asso- ciated with the nmeasurenent of ylerr]
may depend on the nagnitude of y[err Al ternatively, sofe -ef- the— o
i ndi vidual y[err] values iny may h%}ﬂatwn& the average of several nea-

dsed 1o devel op 1 neBRFRL i AR Fhsonl oy e e 2 CP0, T 4 i,
then the average atnces w designated as upp rcase, aced
letters. For example,

/XII X112 X13 314\

X1 X327 X23 X24
X3 X37 X33 X34
X4t X42 X43 X44
X = | X51 X572 X53 X34
X§1 X672 Xa3 X64
X7 X72 X73 X174
Xg1 X832 X83 X84
| %91 %52 %93 X9¢

is 2 9 by 4 matrix.

The general element of the matrix X, x5, indicates the
value in the /% row and the # column. The dimensions
of a matrix, i.e. the numbers of rows and columns, will
be indicated as italicized, lowercase letters, i.e. a matrix
X of dimension f by n where in the above example f'is
9, and n is 4. The individual columns of a matrix are
column vectors, e.g. the vector x; would be the vector
containing the same elements as the first column of the
matrix X. The individual rows of & matrix are row vec-
tors, e.g. the vector x/ is the ## row of the matrix X.

1.3.1 Matrix Transpose

The transpose of a matrix X is obtained by inter-
changing the rows and columas, and will be designated
by X!. For example,
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Vﬁl’iﬁ?i %/ylz[err][er ! [err] 1s an unbiased estimate of the variance in
q ,
t he measur e-
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X211 X227 X23 X24

X31 %32 X33 X34

X41 X42 X43 X44
if X = | X51 X352 X53 x5¢
X§1 X6 X63 X64
X71 X72 XT3 X74
X§] X382 X3 X84

xg3 x
\191 %92 X33 94/

X1 X21 X3] X41 XS1 X6) X7 Xg] Xg)
X12 X22 X321 X2 X572 X62 X72 X832 X92
X13 X723 X33 X43 XS53 X63 X73 XR3 X93
X14 X24 X34 X44 X54 XG4 X74 XS4 X04

ther X7 =

If the matrix X is of dimension { by n, then the matrix
X'is of dimension n by f.

1.3.2 Matrix Multiplication

YU is a matrix of dimension fby k, and V is a matrix
of dimension k by n, then the product matrix Z=1JV is
a matrix of dimension f by n. The z; element of Z is
calculated by taking the dot product of the 4 row vec-
tor uf from U and the # column vector v;for V.

1y ug

£y u22 ¥i1 ¥12 vi3
U= and ¥ =

u31 432 V21 v23 v23

uiy ugy

than:- UV =

BT 4 #1211 wpviz + wppvyy oupvg + uj2v23
V2IVIL + E2avap w2z 4 upavey wmppviy + uppvrs
KIHL A+ 321 w31y + uapvy wygvpg #32v23
BAIVID + w4291 wqqvig + wggvgy Hirviy + u41v23



ment of y. s is the standard deviation in the neasure- neptBEPASCEMENT SHEET

s[err] approaches the true vari- ance. f—eaeh-o0f—1
y[err] elenents in vector y was neasured once, and the ne s;rﬁqggﬁgfgn
y[err] is known to have vari- ance s[err], then the regre s]o I 0
relating y (dinmen- sion n) to V (dinmension n by k) that pyo
mal |y distributed residuals is given by76- [err] wherje Wis an by n
di agonal matri x whose el enents are [err]
The estimate [err] is [err]

approached [err],

as [err]

rrdes-f eF--Nok=

The product is only defined if the inner dimensions of
the two matrices, e.g. k in this example, are the same.
The vectors formed by the columns of the product
matrix Z are linear combinations of the column vectors
of U, i.e.

appvyy + wpavy
u3IVI + w27¥2

Ll

2}
u31vyr + u3zvag

kajviy -+ u42v1)

Bit ui2
1 uxR
viy + vi] = v 4 Uang
431 43z
U4y us2

The product of more that two matrices, e.g. ABC, is
obtained by taking the products of the matrices two at
a time, i.e. the product of AB times C, or A times the
product of BC.

The transpose of a product of two matrices is the
product of the transposes in apposite order, i.e.

(AB) =R

1.3.3 Products of Vectors and Matrices

The product of a row vector v of dimension k by a
matrix V of dimension k by n is a column vector z of
dimension n, i.e.

¥iy P12 ¥i3
ifaf = (myupand V=
vy

thenzr= (1 nz3) = &'V =

(uiviy + wovz1 wpvs2 + wavyp wivid + w2v23)

The individual elements of z, z;, is calculated as the dot
product of u’ with the individual column vectors of V,

The coeffici entsare-esti-mated



The residuals are [err] If the variance in the nmeasurenent of all
I ndividual y[err] 1is the same, and [err] is a vector of dinension n whose
i ndi vidual elenments Y[err] represent the average of n[err] nea-_ _surepgents,

then the weighting matrix for weighted | east squares 4 ' [terr]
against Vis given by [err] . ﬂrﬁg}&@mﬁaﬂ“sﬂﬁ?

22 NOV

e e e e l

{..........-..._.-—..-._-. O

v;. The product of a matrix U of dimension f by k with
a column vector v of dimension k, is a column vector z
which is calculated by taking the dot product of the row
vectors of U, u?, with v,

uyy “y
B2y Uz ¥}
U= and v =
H31 432 ¥l
u41 u4)
21 Hivr + R27
2 uvy + w2
thenz = = Uy =
23 uvy - w2
24 uapvy 4+ 24272

1.3.4 Square, Diagonal and Unit and Unitary Matrices

A square matrix is 2 matrix whaose two dimensions are
equal. The diagonal elements of a matrix are the ele-
ments x; The off-diagonal elements of a matrix are the
elements x; for which =4 A diagonal matrix is a matrix
for which the off-diagonal elements are zero. A unit
matrix, wherein designated as I, is a square, diagonal
matrix where all the diagonal elements are equal to one.
The product of a matrix with an unit matrix is itself, i.e.
Al=A. A unitary matrix is a square matrix U for which

U= =]
The column and row vectors of a unitary matrix are
orthonormal sets of vectors.

1.3.5 Matrix Inverse

For a square matrix A of dimension n by n, the in-
verse of A, A—!, is the matrix for which

AA'—ImA"!A::I_



-98 - I ndi vi dual neasurenent of elenent y[err] is s[err], then the

wei ghting matrix for weighted | east squares is defined hy.  [err] 2.0
Definitions Relating to Quantitative Spectral RE EAENT OLpe
Measur enent s i[err](f) is the intensity of electro ﬁéﬁpeﬁﬂ%ﬁé’ﬁ%

at frequency (wavel ength) f which is incident on a sanplej} and i(f) T57the
intensity at the same frequency (wave--T&ngth) that is ftrand

the sanple, then t(f), the transm ssion of the sanple gt freqguency f ig

gi ven by

NO&dmbr gugh

The inverse of A may not exist if the rank of A (see
section 1.3.6) is less than n. Various computer algo-
rithms are available for calculating the inverse of a
square matrix (1).

A non-square matrix U of dimension f by n may have
a right inverse,

UU-l=Iif f<n

or it may have a left inverse,

U=lU=Iif fon.

If f<n, and U~1U=] then U-i=UUUH~1.
If f>n, and UU~1=] then U~-t=(U)—-iu,
1.3.6 Eigenvalues and Eigenvectors
For a square matrix A of dimension n by n, the equa-
tion
Avz=vd;

is called the eigenvalue equation for A. The eigenvalueas
of A, A, are the scalars for which the equation possesses
nonzero solutions in v. The corresponding nonzero
vectors vy are the eigenvectors of A. The eigenvectors

of A form an orthonormal set of vectors. The eigen-
value equation may also be written as

AV=VA

or as

VidV=A
where A is a diagonal matrix containing the eigenvalues
A;, and V is the unitary matrix whose columns are the

individual eigenvectors. The eigenvalues of A can be
obtained by solving the equation

det(A—AD =0



The absorbance of the sanple at frequency f is [err] . The absorpti

spectrumof a sanple will be repre- sented by a vector jx v’mmqi (ol
whose individual elements are the absorbance of the sanp g!f‘la Ee’ach of

frequenci es (wavel engths). For convenience, the ele- mntjs in x _are
general |y ordered in terms of increasing or decreasing f rleqhidnBgy 77
Quantitative spectral analysis is based on Beer's Law (4)i..Eor a mxtuse
chem cal conponents, Beer's Law can be represented by tihe matri x equati orn
[err] where Ais an f by ¢ matri x whose colums are tihe.absorpti-on
spectra a[err] of the c individual pure conpo- nents (neasured at unit
pat hl engt h), where cwiheradeendicatomtieadatbonmant ofitke magrisoWadnt rat i ons of
the conpo- nents in bhecomputer algarithnisesre 4vdilbie Sonkalvingdoesent i ng

the cigenvalues and eigenvectors of a square matrix (1).

The rank of a matrix A is equal to the number of

nonzero eigenvalues of A. The rank of 2 square matrix

A of dimension n by n is at most n. If the rank of A is

less than n, then A is singular and cannot be inverted.

1.3.7 Singular Value Decomposition of a Matrix

For a non-square matrix X of dimension { by n, the
singular value decomposition of X is given by

X=UZV

If f>n, then 1] (dimension £ by n), £ (dimension n by n),
and V (dimension n by n) matrices have the following
properties:

Y1U=17

2 is a diagonal matrix

Wy=VVi=J
If f<n, then U (dimension f by ), £ (dimension f by f),
and V {dimension n by {} matrices have the following
properties:

UU=UU=]

Z is a diagonal matrix

Viv=] '
The vectors which make up the columns of U are re-
fered to as the left eigenvectors of X, and the vectors
which make up the columns of V are referred to as the
right eigenvectors of X. The diagonal element of X, oy,
are referred to as the singular values of X, and are in the
order o11> 022> 033>, . . ki where ¢ is the smaller of
forn

The singular value decomposition of X¢is VEU?

The singular value decomposition is related to the
eigenvalue analysis in the following manner. The eigen-
value equation for the square matrix XX can be written
as

X XV=VA.

By substituting the singular value decomposition for X
and X7 we obtain

XXV VITUUL VIV = VA



the pathlength (thickness) of the sanple. - 99 -
Beer's Law inplies a linear relationship between the neasured absorption

t he conpo-

spectrum and the concentrations of mxture conpongnts——tf “iile Sﬁgéﬁra of
nents is known, the equation for Beer's |LawPcdEMNTsg f or
t he conponent concentrations, i.e. 8O[err] | f| y[Ts~a property q4f the

sanpl e that depends linearly

2 2 NOV 1007

Using the fact that UU=1] and V'V =T and that 31=73
we obtain

XYV=ps2

whczfc 22:-:22. From this it can be seen that V is the
matrix of eigenvectors for the XX matrix, and that
32=A

i.e. the singular values of X are the square roots of the
eigenvalues of XX. Similarly, for the matrix XX

XX U= USVVE U= US2=UA

U is the matrix of eigenvectors of the XX?matrix. Note
that if fZn, X’X and XX’ have at most n nonzero eigen-
values. Similarly if f=n, X7X and XX have at most
nonzero eigenvalues.

If X is of dimension f by n, then the inverse of X is
given by V21U ie.

X~ Y=y = -1 SV =V
XY-l=Xvi-li=Usvvs—\U=Uu

where 2! is a diagonal matrix containing 1/0;0n the
diagonal. Similarly, the inverse of X! is given by
Ui-1vy, e,

X~ =X W=yIUUs -1 V=P

(XO“’X’:UE“*V’A"mUE“’VPZU’:UL"
If X if square and of rank k=f==n, then

VVi=7Fand Uff=1

In this case, X and X?both have right and left inverses.
If f>n, UU%is not an identity matrix, and the expres-
sions for the right inverse of X and for the left inverse of
X‘are only approximate. Similarly, if f<n, VV'is notan
identity matrix, and the expressions given for the left
inverse of X and for the right inverse of X' are only
approximate.



on the concentrations of the sanple conponents, then

the vector of coefficients that define the |linear dependence.
expression indicates that there is a linear relationship_between the

[err]

where r is

Thi s

property and absorp- tion spectrum of the sanple. In
in the matrix A are not known, and the relationship be
concentrations and/or properties and t$le- sanpl e spectr
by [err] where p is vector of dinmension f that relat
the desired concentration or property. The objective o
spectral analysis is to define the vector p.

mii s re
asLiEeZS'

gaRenAkvefP &t
W‘?E.D.__QQ
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yantitative

Cali bration Calibration is the process of creating a

rel ate the conponent_concentration and/or
If 2 contains k nonzero singular values, then

X=UZN=U2'V!

where £’ is the k by k matrix containing the nonzero

singular values, and U’ and V'’ are the f by k and

nbyk

matrices obtained from U and V by eliminating the
columns which correspond to the singular values that

are zero. Similarly,
X=pPEy!
X=VEy!
X-l=py—ipt

(X')"l---U'Z"‘IV’

Similarly, if the k+ 1 through n singular values of X are
close to zero, these singular values and the correspond-
ing columns of U and V may be eliminated to provide
an approximation to the X matrix X«=U'2'V', Approxi-

mations for X’ and for the inverses of X and
obtained similarly.

Xt are

In developing regression models, it is generally as-
sumed that small singular values correspond to random

errors in the X data, and that removal of these

values

improves the stability and robustness of the regression
models. To simplify the notation in the discussion be-
low, the ' will be dropped, and the symbols U, 2, and V
will represent the f by k, k by k, and n by k matrices
obtained after eliminating the singular values that are at,

or close to zero.
The matrix U is can be calculated as

U= XVE~1

2.1
Lregressi.on-nodel-10




property data to the absorption spectra. The calibration of a spectral
nodel will generally consist of the follow ing steps: [1] n

representative sanples of the materials for which the¢odef—Trs~to+t
devel oped will be collected, their absorption spectr B&F[@MEMENT Sh

(y[err], i=1,n) will be neasured. The82sanples that ar

us e thde

wi |l be obtained, and the conponent concentrations a dgir‘prﬁpert"y’“dat

calibration are referred to as references, and the spedtra of 5a

© st

are referred to as reference spectra.

—
N

-

hpl es
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which implies that the column vectars in U are linear
combinations of the column vectors in X.

It should be noted that in some versions of Principal
Component Analysis, the X matrix is decomposed into
only two matrices

=LV

The L matrix is the product of the U and £ matrices,
such that

LiL=A,

1.4.1 Multiple Linear Regression, Least Squares
Regression

If v is a column vector of length n, and X is 2 matrix
of dimension f by n, then the matrix equation

y=Xlp-te

is a linear regression equation relating the dependent
variable y to the independent variables X. p is a column
vector of length f containing the regression coefficients,
and e is the vector containing the residuals for the re-
gression model. A least square regression is one that
minimizes efg, i.e. the sum of the square of the residuals.

1.4.2 Solution for f=n

If X if f by n, vy is of dimension n, and f=n, then the
solution to the regression equation that minimizes || e ||
is obtained by multiplying both sides of the equation in
1.4.1 by the left inverse of X/, i.e.

y-—‘X’p—{»e——v(XX’) y= (XX~ XX+ (XX~ LX-
e=p+{XX~ 1 Xe

The quanity (XX~ Xy is the least square estimate of p,
and is designated p.

F= XXX



[2] A regression nodel of the form [err] Wil |
each conponent and/or prop- erty which is to be nodel

vector of dinmension n containing the individual concengtrgttomror—properity
values for the n reference sanples, and Xif a f by n r%?2 qqolurns
are the spectra of the n reference sanples neasured at}{f quenC|
(wave- lengths). The mathematical net&bd that is used | n*cal—= culatlng
the regression nodel will depend on the num ber of rererence sanpl es
relative to the nunber of fre- quencies (wavel engths). 2.1. 1
Calibration Mddels for f n | f the nunber of reference sanples, n, used
in the calibration exygeds E'é’b%:dw{}@&brcﬁ iff 4 ¢ideaNebabiRAioPBEGhet rum f,
then the calibration 9?&0Pflnokt Fheiiated B2k, L OARIgiOGYar €
gression (section 1 §

F=Xp=XUXX) "1 Xy
The residuals for the model are
e=y—p

The Standard Error of Estimate (SEE) for the model is

SEE = Nées(n —

The regression model may be used to estimate the
scalar value y,, corresponding to a new vector of inde-
pendent variables x,

Yu=Xylp= XXX ]X}’

Based on the model, the probability is a that the true
value yy lies in range

Fu — t+ SEE. 1+d3§yu§y"u+r-SEE-\JI+dz

where t is the student’s t distribution value for probabil-
ity a and n-f degrees of freedom, and d2is given by

d? ==Xu"(X-1”)“ Ixu

An equivalent solution for this case can be obtained
using the singular value decomposition of X!, i.e.

e 1 V’y:g-*- UZ";VIE
The solution can be seen to be equivalent since

@xx) - X=(UEVVEU)~ WV =(Us -2y
=Ux=1pr,

1.4.3 Solutions for f>n



The regressi on nodel

CEMENT SHEE!
coul d al so be obtai ned using or PLS;-
case, these nethods aren't required since the (XX e r}) nat@*}e

i nverted. I f the nunber of frequencies (wavel engths

exceeds the nunbe
can be chosen suc
used to develop t
mat ri x obt ai ned f
frequencies (wave
regressi on nodel
absorptions prese
can be chosen usi i
algortihm (5).

r of reference sanples, n, then a u

h that f [err]n, and |linear |east dquare regressmn

he cal i bration nodel - 84 - [err]

nihis

n tbe
é@tr f,
gueRci es
an be
by n

e f'

romX by delet- ing the f-f rows. The choice of the

- hppgtnghe 5{@5
s% @ﬁ; tr"f 0

%P&npm%se “Q/Va%¥ !
be derived using methods such as Principal Compo-

nents Regression or Partial Least Squares.

1.4.3.1 Principal Components Regression

Principal Components Regression (PCR) uses the
singular value decomposition of the X’ matrix to ap-
proximate a solution to the regression equation, i.e. the
equation

y=Xpte
is solved as
UL~ Vlyss UE =1 VX4 UL~ Wig=p+ UZ 1 Ve

where U is of dimension fby k, 2 and Z—Tare k by k,
and V is n by k. The estimate of the regression vector is

p=US= Wly=XVE-11y

p is a linear combination of the column vectors of both
U and X. The estimate of y is

P=XP=YUS~ Wiy=VIU UL~ Vly= V).
The residuals from the model are
e=y—y=y— VT

The Standard Error of Estimate is

SEE = \I ele(n — k)

For a new vector of independent variables x,, the scalar
estimate yy is obtained as

Yu=xp=x U~ 1 Wy=1, VT where
vl x, UL -1

Based on the model, the probability is a that the true
value y, lies in range

Pu — 1-SEE. N1 + &2 g},,gy,,“-ssg-\h + d?

5 yoeddsL 8 Rvglgpio  he
&gﬁ%‘g gf‘ %h% COTTpO nent

ertlse), or they
f‘?’ba‘dl‘é"ﬁ S & ection
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uni f orm measurenent variance, and/or repre- sents t 1é?5é%ké65§e§‘45f5!"&ﬁ"f
nunbers of experinmental nmeasurenents, then the cali pratior
oped using a weighted linear |east squares r :g eszs¢

devel -

1.4.3.4).
of freqgencies per spectrum f, exceeds85the nunber of
used in the calibration, n, then the calibration noflel can be bui | t

ei t her

If the concentration and/or property datagt

2.1.2 Calibration Mdels for f[efr

X n

where t is the student’s t distribution value for probabil-
ity a and n-k degrees of freedom, and d? is given by

A= x XX~ Ly = v JEUNUS VIVE
U= 1 USv, = /S UNUAUDN - ULy,

A=y EUUA = Uy = v, EA~ 2y,

=ty

An alternative method for conducting Principal
Component Regression involves decomposing the X
matrix into UXV!, and regressing y versus V, ie.

X=UZLV and y== Vb+e

where b is a vector of regression coefficients. The solu-
tion is

Viy==V'Vb+ Ve=b+ Ve

The estimate of the coefficients is
b= (V)= Wy

The estimate ¥ is
y=Vh= ¥y

which is the same as obtained above. For a new vector
of independent variables x,, v,fis calculated as

vyl s=x,t s—1
and the estimation of the scalar v, is
Fu=rfbmv Vip=x, JUS~ Wy x5

which is again the same as that obtained above. The
residuals, SEE and d2 are also the
same as that shown for the first PCR method.



Princi pal Conponents Regression (section 1.4.3.1) [err]

Least Square Regression (section 1.4.3.2) [err] For P
Regressi on, the nodel nay be devel oped using a two stepj

where the nonzero coefficients, b[err], which are used
determ ned using step-w se or PRESS based regressions (
t he individual conponent concentrationsd@and/ or properti

e

or via Parti al

n{the nmodet—ae

SeEt Don iy yghy 2).

esfliny are

P A0 EMENST) SHEET 1|

measur enent variance, or represent the aver- age of uUneguat—mnt
of experinmental determ nations, N

1.4.3.2 Step-wise and PRESS Regression

An advantage to using the alternative method for
calculating a Principal Components Regression is that
the coefficients b; which are small and statistically
equivalent to zero may be detected and removed from
the model (i.e. set to zero) prior to estimation of ¥,
thereby reducing the variation in the estimate. The
coefficients which can be set to zero may be determined
using, for example, a step-wise regression algorithm (2).

In the first step of a possible step-wise regression
calculation, a series of equations of the form

y=vbi+e

where v; are the column vectors of the V matrix. The
scalar coefficient b;

Si =iy

that produces the minimal sum of squares of residuals,
e/e1, is initially chosen. If by is the coefficient that pro-
duced the minimum sum of square of residual, the 1st
and ¢ columns of V are interchanged. The one variable
model at the end of the first step is then

y=viby e
In the second step, a series of equations of the form
y=viby+vbite

are then constructed for each column vector v; where ;
is not equal to 1. The equations are solved for the vari-
Qus combinations of b; and b;, and the residual sum of
squares e/e; is calculated for all the combinations. If by
is the coefficient that produced the minimum residual
sum of Squares, then ex’ex is compared to ej’e; via an
F-test (3). If the inclusion of by produces a statistically
significant improvement in the sum of the squares of the
residuals, the 274 and 4% columns of V are interchanged.
At the end of the second step, two variable model then
becomes

y=vdi+nb+e



then the step-w se or
matrices fromthe weighted | east squares regression (section.lede3-4)-
2.2 Analysis of Unknowns All of the above nentioned ﬁ{amgmrmmmws

PRESS based regression may be conducted using the

be expressed in the form -1 02

- 87 - 22 WOV 1w |

If no coefficient by produces a statistically significant
decrease in the sum of squares of the residuals, then the
one variable model previously determined is the final
model, and the step-wise procedure is completed.

If, at the end of the second step, a twa variable model
is found, a series of models of the form

y=viby +viby-+vibite;

are tested for all ;not equal to 1 or 2. If, in this third step,
a coefficient by is found such that eplex is Iess than eyle;
by a statistically significant amount, then the 3’9 and &
columns of V are interchanged, and the three variable
model becomes

y=wnbi+wnbr+vibi+e3

At this point, models of the form
y=vib+vibite3
y=vaby+vibyt-e23

are formed to test for deletion of variables from the
model: If e13%e;31s less than ezle3 by a statistically signifi-
cant amount, then the 279 and 34 column vectors of V
are interchanged and a new two variable model is ob-
tained. Similarly, if exz’ess is less than ej‘e; then the 1
and 37 columns of V are interchanged to produce a new
two variable model. At this point procedure then re-
peats the third step of testing possible three variable
models. If 2 new three variable model which produces
a statistically significant reduction in the sum of the
squares of the residuals is found, tests are again con-
ducted on deleting one of the three variables. If no new
three variable model is found, the two variable model is
the final model, and the step-wise procedure is finished.
If a three variable model is generated from which no
variables can be deleted, the third step is completed, and
the procedure continues with 2 fourth step in which
four variable models are tested. If a four variable model
is generated from which no variables can be deleted, a
fifth step is conducted to test five variable models. This
step-wise procedure continues until no variables can be
added or deleted to produce a statistically significant

L can



The nodels differ in the means used to estimate the regression vector p.

I'f x[err] represents the spectrumof a new, unknpwn' %gLA@d\nﬁ@hgﬁggﬂl
are

conponent concentra- tions and/or properties estinmat
[err] The use of the calibration nodel to estimate jcopponent
concentrations and/or properties is referred to as a Iy zgsﬁﬁv 1997
3.0 Constrained Spectral Analysis Thé8spectrum neasufed for a sangl §, x,
generally represents the superposition of the absor |ons due to the
sanpl e conmponents, x[err], and signals arising fromtihe_ process involved

i n maki ng the spectral neasurenment, m [err] The signal arising fromthe

Teasur eMEnt proCess 1By St Dl obr YAK QHHEESLINR Sleonal s, mler)

mcluded in the model, whichever comes first. Algo-
rithms for efficiently conducting this step-wise proce-
dure have been published (2).
An alternative to the step-wise regression calculation
is & step-wise Predictive Residual Sum of Squares
{PRESS) algorithm. This algorithm can also be used to
determine which coefficients to include in the model
For PRESS, a mode! is built setting the / dependent
variable y;, and the corresponding row vector, v/, to
zero. The model has the form

=y =(V—vH+e

where {(y—y;} is the vector obtained form y by setting
yito zero, and (V —v{¥) is the matrix obtained from V by
setting the /# row to zero. For example,

b 4! ¥ ¥12
ify = yz and ¥ = v21 v
Y3 v3t v32
Y4 V41 Va2
B 4] i1 Yi2
(4 0
then (y — 3 = ” and (¥ — »nf} = -
Y4 4l V42

The estimate of the coefficient vector for this model is
Kiy = [V =DV —yD]~ (V=X — )

Hiy= {(an—l-e-crffw’v,{t—-v,f(w
Yl =L V= IV e v p)

The estimate of y;based on this model, ¥(i), is then given
by

K= va vV~ ()~ (1 — vy
)y v:-‘v,‘(m WV~ —yi



[err] Exanples of these neasurenent process signals would include, but not

be limted to

i m , refl ection and/or scattering IOSGSELLOHLLHEQMLNNMQQE§
of the cell used to contain the sanple, or in the case fﬁmmg 1
sanples, fromthe front surface of the sanple; [2] vaf .JnﬁiﬂFﬁﬁq%%%T
spectral baseline arising fromvariations in the intens t

the spec- trometer sourse and/or, the-B8sponsivity of the s&é%f
absorption signals arising fromgas phase
(e.g. water vapor and carbon dioxide) that are present fin the Ilght pat h
t hrough the spectroneter, but are not sanple conponentg .

detector; [ 3]

eratur ) jof

regression vec- tors Thé edimhedniaiom g,ﬁgblg‘fgdlwﬁeq@n are in aII cases

| i near

Hiy=(1 =gy~ i~gf1 —g) =1y
where

?l*“VJ(WV)

and y;is the estimate based on a model including all the
variables

Fi=v V')~ y pg
The residual for the #* dependent variable is then
Fi= D=1~ i—57)

The PRESS statistic is the sum of these residuals over
all i=1ton.

The first step in the PRESS algorithm, n by 1 matri-
ces Vjare formed from the k columns of V. The n values
of q; are calculated as

gr= v V)~ u

and the residuals and PRESS values are calculated
using the equations above. If V; is the matrix which
yields the minimum value of PRESS, then the 15 and
the x* columns of V are interchanged.

In the second step, n by 2 matrices, V;are formed
using the 157and # (5£1) columns of V. Thc qs residuals
and PRESS valucs are again calculated. If no matrix Vi
yields a PRESS value less than that calculated in step 1,
then the one variable model from the first step is the
final model and the procedure is finished. If a V; is
found that yields a smaller PRESS value, then the 2
and ¢ columns of V are interchanged, and a third step
is conducted.

The third step involves forming n by 3 matrices V;
using the 15, 27d and # (51 2) columns of V. q;, residu-
als, and PRESS values are again calculated. If no matrix
Vi yields a PRESS value lower than that calculated in
step 2, then the two variable is the final model, and the
procedure is finished. Otherwise, the 3" and " columns
of V are interchanged and the procedure continues.
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103 conbi nati ons of the original spectra, i.e. for |inear |east
squares, [err]= Xerr](XX[err]) - [err]Xy for PCR

[err]=U err]V[err]=XV[err]V[err] and for PLS, |] :L[gﬁm}@@(ﬁ[
they will include contribution fromthe neasur t process.signals, m As
such, the estimation of conpo- nent concentratijorfS and/ or ﬁr,?)par y val ues
based on [err] will vary not onfd- with dhangpg MAYtHE abs rptions

due to real sanple conmponents, but also with vgriations.in-the-
arising fromthe neasurenent process. The cali t{ation nodel s are it hus not

robust relative to varia- _

The m' step in the n by m matrices V; using the 1,
2nd, . (m-—1)and # (5£1,2, ... ,m~1) columns of V,
calculating q;, the residuals and PRESS. If no matrices
yield PRESS values less than that from the previous
step, the model having m-—1 variables is the final
model, and the procedure is finished. If 2 matrix Vy
yields a PRESS value that is less than that calculated in
the previous step, the m’ and i columns of V are
interchanged, and another step is initiated.

A computer algorithm for efficiently doing a step-
wise PRESS selection of variables was given by Allen
4).

Since the models calculated using these step-wise
procedures may contain k' <k nonzero coefficients, the
degrees of freedom used in the calculation of SEE be-
comes n—k', ie.

SEE = N eefln — k')

where e are the residuals for the final model. Based on
the model, the probability is a that the true value y, lies
in range

Pu~-SEE- N1 + a? éﬁuéy,,—{»!'-SEE-\h + d?

where t’ is the student’s t distribution value for probabil-
ity a and n—k' degrees of freedom, and d? is given by

d2=v,?y,

where v’ is a vector of dimension k' obtained from v by
deleting the elements whose corresponding coefficients
were set to zero during the regression.

1.4.3.2 Partial Least Squares Regression

.Pa::tiai Least Squares (PLS) Regression is similar to
Principal Components Regression in that the f by n

matrix X is decomposed into the product of orthogonal
matrices, i.e.

Xe=L5



tions in the signals arising fromthe nmeasurenent pr

O- cess. The

estimati on of conponent concentrations and/or propert I es can be expressed

[err] The estimation will be insensitive to vari atipnsrmrthe~si-ghal.s
arising fromthe measurenent process if, and only if} "’nﬁeﬁ&%ﬂWdSHEEm*
nmMerr]p, is equal to zero, i.e. if the regression vect S u.L..uvcnaI’ to
the signals arising fromthe neasurenen®! process. i ‘Ié C‘@ zt jaijned

Li near Least Squares If Xis an f by n matrix contijai m%g X g a of
the reference sanples, X can be represented as the gum ferrd ere M
is af by s matrix containing the individual signalg arising fromthe
measur enment process as col- ums, and Nis a n by s matrix contarnrng-t he

scal ar el enents n[e l ym ch correspond to the |evel
here

of the j[err]

152 n by k matrix, L is a f by k matrix. The
matrices L and S have the following properties:

LiL=7

Si8=D

where D is a diaginal matrix. The dcpendent variable is

regressed against one of these matrices, i.e.

y=Sbte

PLS differs from PCR in the way that the matrices are
determined. A step in the PLS regression proceeds by

the following 10 calculations:

{1] A vector u; of dimension n is set equal to y, uj=y
[2] A weighting vector of dimension f is then calcu-

lated as
w'ys=Xuy
[3] The weighting vector is normalized

wi=w'1 /|| W'y “

{4] A scores vector s’y of dimension n is calculated as

5y=XTw;

[5] A loadings vector of dimension f is calculated as

Fi=Xsy/ {51 ]]

[6] The loadings vector is normalized as
h=h/|||

[7] The scores vector is scaled as

si=51 {14 ]

[8] The residuals for the X matrix are calculated as

Epm=X s



measur enent process signal for the [err]reference sanple. If f<n (or if
f'<n frequencies are chosen), then the solution to the calibration nodel
[err] -104 - whi ch yields a regression
vector p which is orthogonal to the neasurenent procEss.,. S-S
derived via a constrained | east squares regression, mﬁ%PEAég%'fﬂbﬁHEEErain

equation is -92 -
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[9] A estimate of the coefficient b) is calculated from
the relationship

ye=sibi-te
br=(si's)~ sty
{10] The residuals from the y vector are calculated as

ey==y~S1by.

At this point, the a new vector u; is defined as the y
residuals from the first step

uy=gy

and X is replaced by the X residuals from the first step,
E;. The vectors w3, 83, and 1; and the coefficient b are
calculated in the same manner. The i*# step through the
algorithm involves equating u; to the residual vector
from the previous step, €;—1, substituting the residual
matrix E;._ 1 for the X matrix, and calculating w;, s; and
li The procedure continues until the y residuals are
sufficiently small, i.e. until ej’e;reaches the desired level
of error for the model. The matrices L and § are formed
from the column vectors I; and s; and the coefficient
vector b from the scalars b,
The residuals from the model are

ey j=y—Sh=p—~SSly

The Standard Error of Estimate is

SEE = "e’e/(n - k)



[err] where O is a zero vector. X 1is defined as the f by n+s matrix
obt ai ned by adding the s colums of Mto X, and y' is the vector of .

di mrension n +s obtained by addi ne a correspondi ng= .0 y. The
constrai ned | east square solution is then [ @r REPLACEMERNeSKERT mat e
[err] is then [err]

-93 - i
22 NOV 1897

S

For a new vector of independent variables x,, the scalar
estimate yy is obtained as

xu=LSu""Su ={LIL)- }fog-'-"-i.tx”
yu=sylb=s,/(5')"S'y

Based on the model, the probability is « that the true
value yy lies in range

5o t-SEE N1+ @ Sy Spu+1-SEE-N1 + &

where t is the student’s t distribution value for probabil-
ity & and n—k degrees of freedom, and d?is given by

=5, 4SS5 sy

The PLS model can also be expressed in the form

~

y=Xp

where the regression vector p is

P=Lh=L(§'5)~ 1Sy=X5(S'S)~2S"y

The regression vector is a linear combination of the
columns of X.

1.4.3.3 Cross Validation

The number of Principal Components or latent vari-
ables (i.e. the k dimension of the matrices U, Z and V for
PCR and of L and S for PLS) which are to be used in
PCR or PLS models can be tested using a cross valida-
tion procedure. The X matrix is split into two matrices
X and X3 which are of dimension f by n—j and { by j,
respectively, where 1=j=n/2. y is similarly split into
two corresponding vectors y; (dimension n—j} and y2
{dimension j), e.g. '



The estimate [err] is constrained to be independent of the presence of the
measur enent process signals. Simlarly, it Xerr] is spect rum of

unknown sanpl e, such that [err] then the estimaligmpafilent ]SHEET
[err] RSO
- 94 - 2 2 NOV 1997
()
»n
73

X11 X12 X13 X14 X15 X16 X17 X1§ X19

. X2] X2 X23 X24 X25 X34 X237 X28 X29
ifX = andy=1}Js L
X31 X372 X33 X34 X35 X36 X37 X38 X39

J&
X41 X42 X43 X44 X45 X45 X4 X48 X49
yi
2
\? /
then
vy )
X1 X12 X13 X314 X15 X16 2
X231 X22 X23 X24 X25 X246 ¥3
XI = . .Pi =
X371 X32 X313 X34 X35 X368 ¥i
X41 X42 X43 X4 X45 X46 b4
\Je /
X7 X18 X19
¥
X737 X28 X29
Xy = Ty =1 78
X37 X38 X390
Jo
X47 X438 X49
/}’I N\
X1j X12 X13 X17 X317 X9 »
X271 X22 X23 X27 X8 X9 »n
Xy = Y=
X3} X32 X33 X37 X38 X3% »?
X4] X42 X43 X47 X48 X4y ¥
\% /



105 i.e.

measur enent process signals in the spectrumx[err].
The Standard Error

nodel are [err]
Based on the nodel,
I n range

of Estimate is
the probability is a that the true

- 95 .
X14 X15 X17
Yi
X324 X25 X26
Xy = yy =15
X34 X35 X36
Yo
X44 X45 X446
fy4 N\
Xi4 Xi§ X6 X]7 X183 X9 55
X34 X235 X216 X27 X218 X239 Yo
Xy = 1 Y1 = ’
X3¢ X35 X36 X37 X38 X139 »?
Xa4 X45 X46 X47 X48 X49 8
\ /
X1f X12 X13
J1
X21 X22 X713
Xz = s Y= Y2
X31 X32 X33
0]
K41 X42 X43

the estimate is i ndependent of the presence of the
The

residuals fromthe
SEE= [err]

val ue y[err] lies

AEPLACEMENT SHEET |
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would be three possible divisions of the matrices. Vari-
ous models are built using X; and vy, i.e. for PCR

b= V'y where X1= U131 VY

and for PLS

b=8i'y; where X1=Li5;

The number of columns retained in the Vi and §; matri-
ces in the models is varied over the range to be tested.
The models are used to estimate the values for ya. For

PCR, a matrix V3 is calculated from
Xy=ThE V! Va=Xolth Xy
and the estimates are made as

=W



[err] where t

directly inverted. It is possible to d%ﬁ/el op a constrained princi- pal

Is the student's t distribution value for probabil- ity a

and n-f degrees of freedom and d[err] is given by [err] 2.2
Constrai ned Principal Conponents Regression If f> n, then the

constrained |inear |east squares solu- tion in section 2.1 cannot be used
since the matrix XXV is at nost of rank n, is singular, and cannot be

conponents nodel by following a simlar nethodol- ogy. If X again
represents the f by n + s matri x whose first s colums @~e-peasurenent

process signals,

f by k matri x,

M and whose last n colums are the refEEEMEhWCSHEET
t——whe el

then the singular vp:byqvlgeggmgﬁl ij
[err]' is the k mat rix o sirngul ar val ueizaﬂav 1’99%5

n+s by k mtrix. The SxﬁVL,Sz.SFX;’L;

E'ba?éul?ﬁ | Som Lgrr

—

ar

prat a1

and the estimates are made as

f‘z =825

The prediction residuals are calculated as

ep=J2 *‘;2
The Predictive REsidual Sum of Squares for this step is
PRESS'-‘—CPIEP

The procedure is repeated with different splits of X and
y until each column of X and corresponding element in
y have been in X7 and y; once, e.g. using all three of the
divisions of X and y show above. The total PRESS is
the sum of the PRESS values calculated for each divi-
sion. The optimum number of vectors to use in the
model is that which minimizes the total PRESS.

1.4.3.4 Weighted Regression

In applying linear least squares regression techniques
to solve the regression equation

y=Xp+te

it is assumed that the elements of the residual vector are
independent and normally distributed. In some applica-
tions, this assumption may not hold. For instance, if the
elements y;of y are measured quantities, the error asso-
ciated with the measurement of y; may depend on the
magnitude of y; Alternatively, some of the individual
yivalues in y may represent the average of several mea-
surements. In these cases, a weighted linear least square
regression is used to develop the regression model.

If the quanity y is measured n times, then the average
value ¥ is

P= 4P .o Yl




kK matrix V[err] corresponds to the first s rows of V', i.e; to the right
ei genvectors associated with the signals due to the neasurenent process.

The neasurenent process signals can be expressed as [err]
-106 - If y' is the vector containing the s ze*-es--a-nd—t-l'rr'rr‘goﬂ;u
Y ? REPLACEMENT SHEET §
-97 -
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The quantity s?,
= =IR 0=+ . . +n—p)2V (1)

is an unbiased estimate of the variance in the measure-
ment of y. s is the standard deviation in the measure-
ment. As n approached «, s¢ approaches the true vari-
ance.

If each of the y;elements in vector y was measured
once, and the measurement of y;is known to have vari-
ance s, then the regression equation relating y (dimen-
sion n) to V (dimension n by k) that provides for nor-
mally distributed residuals is given by

Wy=WVb+e
where W is a n by n diagonal matrix whose elements are
wi==1/5;
The coefficients are estimated as
b=(VRAV)—l¥H2y
The estimate y is
Ju= Vb= VRN~ 1YWLy
The residuals are
e:—-a;;njj;;%r:lmi;f n-tywy=(I-v
If the variance in the measurement of all individual y;
is the same, and ¥y is a vector of dimension n whose

individual elements ¥; represent the average of n; mea-
surements, then the weighting matrix for weighted least

squares regression of y; against V is given by

Wi = ‘"i



centration or property values, then the regression [err] subj ect to the

constraint [err]
regressi on vector
[err]

yields estinmated coefficients of the formJ[err] The
is then [err] The estimate [err] for._the nodel is

REPLACEMENT SHEET
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individual measurement of element y; is s?, then the
weighting matrix for weighted least squares is defined
by

Wi = \G,- /5

2.0 Definitions Relating to Quantitative Spectral
Measurements

If i(f) is the intensity of electromagnetic radiation at
frequency (wavelength) f which is incident on a sample,
and i{f) is the intensity at the same frequency (wave-
length) that is transmitted through the sample, then t(f),
the transmission of the sample at frequency fis given by

Kfy=if)/ilf)
The absorbance of the sample at frequency f is
a{f)= —logiol{/)]

The absorption spectrum of a sample will be repre-
sented by a vector x of dimension f whose individual
elements are the absorbance of the sample at each of f
frequencies (wavelengths). For convenience, the ele-
ments in x are generally ordered in terms of increasing
or decreasing frequency.

Quantitative spectral analysis is based on Beer’s Law
(4). For a mixture of chemical components, Beer’s Law
can be represented by the matrix equation

x=x et OF X/1=Ac

where A is an f by ¢ matrix whose columns are the
absorption spectra g of the c individual pure compo-
nents {measured at unit pathlength), where ¢ is a vector
whose elements are the concentrations of the compo-
nents in the mixture, and where t is a scalar representing
the pathiength (thickness) of the sample.



- 107 - The estimated concentration and property val ues are constrained
to be independent of the signals that are due to the neasurenent process.

For

an unknown material with spectrumx[err], [err]l REPLACEMENT SHEET
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Beer's Law implies a linear relationship between the
measured absorption spectrum, and the concentrations
of mixture components. If the spectra of the compo-
nents is known, the equation for Beer's Law can be
solved for the component concentrations, i.e.

(A Ay Ao ft=c

If y is a property of the sample that depends linearly
on the concentrations of the sample components, then

y=Po=r{ A4 L Alx/t

where 1 is the vector of coefficients that define the
linear dependence. This expression indicates that there
is a linear relationship between the property and absorp-
tion spectrum of the sample.

In’general, the vectors in the matrix A are not knO}vn,
and the relationship between component concentrations

and/or properties and the sample spectrum is repre-
sented by

where p is vector of dimension f that relates the spec-
trum to the desired concentration or property. The
objective of quantitative spectral analysis is to define
the vector p.

2.1 Calibration

Calibration is the process of creating a regression
model to relate the component concentration and/or
property data to the absorption spectra. The calibration
of a spectral model will generally consist of the follow-
ing steps:

[1] n representative samples of the materials for
which the model is to be developed will be collected,
their absorption spectra (x;, i==1,n) will be obtained, and
the component concentrations and/or property data (y;,
i=1,n) will be measured. The samples that are used in
the calibration are referred to as references, and the

spectra of these samples are referred to as reference
' spectra.



The estimated concentrations and properties are inde-

nmeasurenent process signal. The residu- als fromthe rm:ﬁig_l_ are
[err] The Standard Error of Estimate is SEE = a§r | AG

t he nodel ,

the probability is a that the true

- 100 - [ 22 NOV 1097
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’ [2] A regression model of the form

y=X'p+e

will be constructed for each component and/or prop-
erty which is to be modeled, where y is the vector of
dimension n containing the individual concentration or
property values for the n reference samples, and X if a
f by n matrix whose columns are the spectra of the n
reference samples measured at f frequencies (wave-
lengths). The mathematical method that is used in cal-
culating the regression model will depend on the num-
ber of reference samples relative to the number of fre-
quencies (wavelengths).

2.1.1 Calibration Models for f=n

If the number of reference samples, n, used in the
calibration exceeds the number of frequencies per spec-
trum, f, then the calibration model can be obtained via
linear least square regression (section 1.4.2).

y=Xp e XX~ Ky = (XX~ XXp+ (XX~ 1X-
e=p-
(X —1xe

The regression model conld also be obtained using PCR
or PLS, but in this case, these methods aren’t required
since the (XX matrix can be inverted.

If the number of frequencies (wavelengths) per spec-
trum, f, exceeds the number of reference samples, n,
then a subset of ' frequencies can be chosen such that
f'=n, and linear least square regression can be used to
develop the calibration model.

FEX el X XD~ Xy p - (X XN~V e

where X' is the f" by n matrix obtained from X by delet-
ing the f-f rows. The choice of the frequencies (wave-
lengths) that are to be used in developing the regression
model can be based on a prior knowledge of the compo-
nent absorptions present in the spectra (i.e. spectros-
copy-expertise), or they can be chosen using a statistical
wavelength (frequency) selection algortihm (5).



value y[err] lies in range [err] where t is the student's t
distribution value for probabil- ity a and n - f degrees of free and

dlerr] is given by [err] REPLACEME SHEET
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If the concentration and/or property data in y does
not have uniform measurement variance, and/or repre-
sents the average of differing numbers of experimental
measurements, then the calibration model can be devel-
oped using a weighted linear least squares regression
(section 1.4.3.4).

2.1.2 Calibration Models for f=n

If the number of frequencies per spectrum, f, exceeds
the number of reference spectra nsed in the calibration,
n, then the calibration model can be built using either
Principal Components Regression (section 1.4.3.1)

y=Xp+es U= Vy=Us~ Xty yz~1-
V%={+
UiVl

or via Partial Least Square Regression (section 1.4.3.2)
=XTp+ e X=LS", b=(S'S)~ 1§)y—sp=L5

For Principal Components Regression, the model may
be developed using a two step calculation

X2 US W pe Pﬁ:—;p“:: ) V’y:::XVE'—z'
Vy=XV35—1j

where the nonzero coefficients, b;, which are used in the
model may be determined using step-wise or PRESS
based regressions (section 1.4.3.2). If the individual
component concentrations and/or properties in y are of
unequal measurement variance, or represent the aver-
age of unequal numbers of experimental determinations,
then the step-wise or PRESS based regression may be
conducted using the matrices from the weighted least
squares regression {(section 1.4.3.4).

2.2 Analysis of Unknowns

All of the above mentioned calibration models can be
expressed in the form

j=x7p



The Constrained Principal Conponents Regression described above will yield
a stable calibration nodel that is robust to variations in the intensity, of
signals arising fromthe neasurenent process provided fghat-t | ¢

t he measurenment process signals in Mis suffi- cientlyil Eﬁ%‘é‘ﬁ@ﬁ‘p *I@ET?
conponents correspondi ng to these neasurenent process signars are retaindd
in the first k principal conponents th&2 -are used in tHe ol NONf 198Re
scaling of the signals in Mis too small, then the matr} xj V[ err] V] errliwijl |
be singular and cannot be invert ed. An alternative, eguivalent, and
preferred nmethod for devel opi ng a Constrai ned Princi pal; .S..hnd
I nvol ves orthogonalizing the spectra in X to the nea- suUrenment process
signals in Mprior to the devel opnment of the nodel. Xis af by n matrix
containing the spectra of the n reference sanples at f frequencies. Mis a
f by s matrix contai Aifsgmodelssgiffar ip ghe tneans usask ¢ SFEMAtYtH8ess signal s
at the f frequenci esregression vectan pplfl v reprepenie ¢be specirsmdef ave a set of
orthogonal vectors, hbw,unknown material, then the component concentra-

tions and/or properties estimated using the model are

Yu=Xy'p

The use of the calibration model to estimate component

concentrations and/or properties is referred to as analy-
sis.

3.0 Constrained Spectral Analysis

The spectrum measured for a sample, x, generally
represents the superposition of the absorptions due to
the sample components, %, and signals arising from the
process involved in making the spectral measurement,
m.

x:xc"}‘m

The signal arising from the measurement process may
be the sum of various individual signals, my;

X=X 1 bzt o . dotrig

Examples of these measurement process signals would
include, but not be limited to, -

[1] reflection and/or scattering loses from the win-
dows of the cell used to contain the sample, or in the
case of free-standing samples, from the front surface of
the sample; -

{2] variations in the spectral baseline arising from
variations in the intensity (temperature) of the spec-
trometer sourse and/or. the responsivity of the spec-
trometer detector;

[3] absorption signals arising from gas p}mse compo-
nents (e.g. water vapor and carbon dioxide) that are
present in the light path through the spectrometer, but
are not sample components. Since the regression vec-
tors calculated from the calibration are in all cases linear



colums of the matrix Uerr], that represent the original neasurenent
process signals in M This can be accom plished by either using a

Gram Schmi dt orthogonaliza- tion procedure, a singular val ue deconposition
of M or sonme conbination of the twd. For exanple, the singular val ue

deconposition of Mwould yield [err] where Uerr] is § oF. S}
by s, and V[err] is s by s. Each spectfdmin X is then af%&é%ﬁfz?&ﬁ%
the colums of Uerr] to obtain the corrected spectra, X err]. If x[ern] jis
the first spectrumin X, and Uerr], Uerr], . . . ulerf]}aPg §Y 1997
ort hogonal i zed neasurenment process signals, then the fiysi_corrected
spectrum c[err], is given by [err] The matrix fiormof this

ort hogonal i zation is ~ [err] o _
combinations of the original spectra, i.e.

for linear least squares, p=X{(XX)~-1Xy

for PCR, p=UZ~1Vly=XV3I-2Vty

and for PLS, p=Lb=XS5(8'S)-1b

they will include contribution from the measurement
process signals, m. As such, the estimation of compo-
nent concentrations and/or property values based on

5’u=-'xut13

will vary not only with changes in the absorptions due
to real sample components, but also with variations in
the signals arising from the measurement process. The
calibration models are thus not robust relative to varia-
tions in the signals arising from the measurement pro-
cess.

The estimation of component concentrations and/or
properiies can be expressed

}u -“-‘xufP“"'""c’ﬁ'f‘ mlﬁ

The estimation will be insensitive to variations in the
signals arising from the measurement process if, and
only if, the second term, m'p, is equal to zero, i.e. if the
regression vector is orthogonal to the signals arising
from the measurement process.

2.1 Constrained Linear Least Squares

If X is an f by n matrix containing the spectra of the
reference samples, X can be represented as the sum

wheére M is a f by s matrix containing the individual
signals arising from the measurement process as col-
umns, and N is a n by s matrix containing the scalar
elements n; which correspond to the level of the j#
measurement process signal for the i reference sample.
If f<n (or if £ <n frequencies are chosen), then the
solution to the calibration model

y=Xpte



109 where the individual corrected spectra, cl[err], aré

the X[err] matrix. The original spectral matrix is given b} REP
t he singul ar val ue deconposition of Xerr] is LACE%FE , T

t he next step,
as

- 104 -

the. col- ums of
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which yields a regression vector p which is orthogonal
to the measurement process signals M is derived via a
constrained least squares regression, where the con-
strain equation is

Mp=0

where 0 is a zero vector. X' is defined as the f by n-+s
matrix obtained by adding the s columns of M to X, and
y' 1s the vector of dimension n-5 obtained by adding a

corresponding s zero elements to y. The constrained
least square solution is then

F=EX XY (XX MMM I MY
P=(X XN - MMM~ 1 MIX Y
P=l— MMM~ MY X X~ Xy
The estimate ¥ is then
y=XP=X 5+ NMP

=X MMM~ ‘M’}(X‘ X0-ixy
+NM [1-MMM~ 13 Y XX -1y

P X~ MM~ MY X~ Xy + NM
XXXy ~NMMMM-IM XXY-1xy

F=X MMM I MYUX X)Xy + NM
XXXy — NMAXY XXy

P X MMM~ IMYX XD~ Xy

The estimate ¥ is constrained to be independent of the
presence of the measurement process signals. Similarly,
it x,, is a spectrum of a new unknows sample, such that

Xy=Xq4-Mn
then the estimation of ¥, is
;u=xu{3=(3c+Mn)(5

Pu=x MMM~ MUY X!
Y LXY M - MMM~ WM XXy

Pu=x I~ MMM~ MY X Y 1Xy



[err] The regression nodel can then be obtained directly S = = N 1 SN o | SN
indirectly by using the relationship [err] The esti maf QEPEACEMENDSHERD
nodel is [err] The term containing the product U err]{ er+t—ts—zero
since the columms of Uerr] are |linear conbinations of th calygnﬂ f

X[ err] which where generated to be orthogonal to the col- junps*of B?egﬁf.
The estimate is constrained to be insel®Si- tive to the intlensrty—of—thke
measur enent process signals

i.e. the estimate is independent of the presence of the
measurement process signals in the spectrum x,. The
residuals from the mode! are

e=y—Fmy— XL~ MM~ MYX XD~ Xy

The Standard Error of Estimate is

SEE = \{e’e/{n - j)

Based on the model, the probability is a that the true
value y, lies in range

Pu—t-SEE- N1 +d? Sy, S5, + ¢t -SEE. N1 + &2

where t 1s the student’s t distribution value for probabil-
ity @ and n-f degrees of freedom, and d2is given by

= x XX~ MMM~ M)~ M,

2.2 Constrained Principal Components Regression

If £> n, then the constrained linear least squares solu-
tion in section 2.1 cannot be used since the matrix XX
is at most of rank n, is singular, and cannot be directly
inverted. It is possible to develop a constrained princi-
pal components model by following a similar methodol-
ogy. If X' again represents the f by n--s matrix whose
first s columns are measurement process signals, M, and
whose last n columns are the reference spectra, then the
singular value decomposition of X' is

X=UZp

where U’ is an f by k matrix, £’ is the k by k matrix of
singular values and V' is an n4-s by k matrix. The s by
k matrix V,, corresponds to the first s rows of V', i.e. to
the right eigenvectors associated with the signals due to
the measurement process. The measurement process
signals can be expressed as

M=US'V,!




in X. The residuals for the nodel are [err] The Standard Error of

Estimate for the nodel is |SEE[ﬁ”] : | wh _ _
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Ify'is _the vector containing the s zeros and the n con-
centration or property values, then the regression

Y=Vihte
subject to the constraint

Vint=0

yields estimated coefficients of the form

b= [ Vo (Vo VY= WV TVy~ 11t
y'={I-V,i{(¥Vy, Vin)™ i Vm} V’J”

The regression vector is then
p= UL Y Vo (Vi VeV~ 1V, ]y
P=UT Pty UE =Y UV V! Y~ 1V VY
The estimate ¥ for the model is
P=Xlp=Xp+ NM'p

F=XAUE =W UL =WVl ViV
¥y WVl
+NMIUZ =iy
—UZ =W (Vin VeV~ Vi iyl

FEXAUS = U =Y VW
)*IVmV’J"}
+ NV ZUqUs' =iy - U
pind Vm’(Vmet)—l Ve V'

FEXAUZS =ty — U =1Vl (Vi V!
YW VY 4+ NV S U U S 1Y NV,
UM E = Wl (Vi Vo) = W Py

=X AU Iy U~V Vo V!
) V]
NVpV'y - NVV (Vi VY~ W V'

F=XAUS =Wy US =YW (Ve
1 vy]



of [err]

x[err],

nodel , the probability is a that the true value y[err],;

where t
degr ees

Is [err] wher e [err] The estimate depends only on
the portions of the spec- tra arising fromthe conponent absorptions,

and is independent of the measurenent process signals. Based

an
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| ] t é{. SO
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I
Is the student's t di stribution”\@l ue for probabid.-
of freedom and d[err] is given - :
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constrained to be in
to the measturement process.

Xu=Xpt-Mpe=y ,
e’ o i “,
+Mnyp 2 V' lnry u=Xyp=(x,

ﬁ"ax"[{‘rz'“lyﬁ"- U~y r
m

(memt)-.}y Py
t._,,’ m J’}'i*nﬁf’[{}’z’-*! f AR
Z Vm!(Vme’)-lymV{y,} Vy o
;uj’xcqu'“!"'y'--vz'-w :
S ’me’)ww,,,ny;.f.,,ymz.’g,,Uz,_‘,
-? ~nVp 2ty -
=z “!Vm'(Vme')"IVmV@'
FumxUE -ty s -1y,
(VP )~ W VY]

The estimated concentrations and properties are inde-
pendent of the measurement process signal. The residu-
als from the model are

!=)'—~ﬁ=y-—l"ﬁ=y”-1"0'2""[-’~ V' (Veer Ve
)y Wmlrty

The Standard Error of Estimate is

SEE = ~1.‘."’&’;*'(1': - K}

Based on the model, the probability is a that the true
value vy, lies in range

Fu—~ t-SEE- N1 + d? gy,,éﬁ,,+:-$££-\h+d2

where t is the student’s t distribution value for probabil-
ity @ and n—{ degrees of freedom, and d2 is given by

dl= Vulf = Venl(Vin V)™ ! Vpdvi!

he



[err] I ndi vidual b[err] used in the regression of y versus V[err] can
be set to zero based on the results of a step-wise or PRESS based
regression if doing so does not result in a statistically S|gn|f|cant
increase in the residual sumof squares. If the ingh f
represent mea- surenents having differing nmeasure ,nBERkﬁGEHEU&,SHﬁET re
t he averages of differing nunbers of me@8urenents, {the rugluaaioﬁ“Jf y
versus V[err] can be acconplished using a weightediregg ﬁzfngg h¢
wei ghted regression, a step-w se or PRESS based al dorii can N be em
pl oyed to test whether individual coefficients can he SEU™10 zeTo. The
equi val ence of the two nethods of calculating a Co strained Pri nci pal
Conmponent s Regressi on nodel can be denonstrated as TOIMMTOWST TT The 11rst s

colums of X that corLespond to rreas nent procgss si.gnal s
The>d onstramcdhﬁrzncxpa ompongntscﬁegresmg

described above will yield a stable calibration model
that is robust to variations in the intensity of signals
arising from the measurement process provided that the
scaling of the measurement process signals in M is suffi-
ciently large that principal components corresponding
to these measurement process signals are retained in the
first k principal components that are used in the model.
If the scaling of the signals in M is too small, then the
matrix V,, V! will be singular and cannot be inverted.

An alternative, equivalent, and preferred method for
developing a Constrained Principal Components model
involves orthogonalizing the spectra in X to the mea-
surement process signais in M prior to the development
of the model. X is a f by n matrix containing the spectra
of the n reference samples at f frequencies. Misafbys
matrix containing the spectra of the s measurement
process signals at the { frequencies. The first step in the
process is to derive a set of orthogonal vectors, the
columns of the matrix U, that represent the original
measurement process signals in M. This can be accom-
plished by either using 2 Gram-Schmidt orthogonaliza-
tion procedure, a singular value decomposition of M, or
some combination of the two. For example, the singular
value decomposition of M would vield

y

where Uy, is f by s, 2 is s by s, and V,, is s by s. Each
spectrum in X is then orthogonalized to the columns of
Unm to obtain the corrected spectra, X,. If x; is the first
spectrum in X, and uy, uy, . . . usare the orthogonalized
measurement process signals, then the first corrected
spectrum, ¢y, is given by

ey=xp—uy{ayxr)+ua(upx)+ . +uduglxy)
The matrix form of this orthogonalization is

X=X U Up'X
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due to M (the sumof the diagonal elenents of MM is nuch |arger than the

vari ance due to the refer- ence spectra (the sum of the di agonal

el enent s

t he

of X' X) then the first s Principal Conponents of X e\.M IéEﬁﬁF@Wf]%gfd

remai ning k Principal Conmponents will be Uerr], i.

Uerr]) is an f by s+k matri x MAoese first s golums are U erjr]} and

whose last k colums are Uerr], ([err]) is an s k by|s}+@ 2ndél\¥ 199%hdse
first s diagonal

elements are from [err] and whose | Ast..k..diagonal..gl

where the individual corrected spectra, ¢;, are the col-
umns of the X, matrix. The original spectral matrix is
given by

X:Xc+ Um Um'X

In the next step, the singular value decomposition of X,
is then obtained as

Xe=UZ VS

The regression model can then be obtained directly as
y=Xpte—p=UZ~ VWl

or indirectly by using the relationship
y=Votesb=Viy

The estimate y from the model is

y-X'.v-A” UeZe ™ WWey=(Xet UnUnXVUe
2" Vc)’

Y—Xc"ﬂczc ‘Vc.Y'*'rUmUmIUc
S Wiy X U3~ vy

The term containing the product U,,/U.is zero since the
columns of U.are linear combinations of the columns of
Xe which where generated to be orthogonal to the col-
umns of U,,. The estimate is constrained to be insensi-
tive to the intensity of the measurement process signals
in X. The residuals for the model are

e=y-—§=y—-.¥¢.’U‘.S,_." vty

The Standard Error of Estimate for the model is

SEE = Qe’e/(n — &}



ments are from[err], and (V[err], V[err]) is an s+k by s+n matri x whose

first s colums are V[err] and Wnose | ast n colu are—#l}-eﬁ*g-f%‘rre
e

regression vector is then [err] vvﬁere aEMENTeBHE

zero since the colums of V[err] and V[err] are rt genat—Fhe~To

Princi pal Conponents nodel obtained using the co ?r?egage%zts;

I s equivalent to that obtained using-th&-preorth

provi ding the scaling of the neasurenent process 'Fi g~
|

.
I G
0dq

rjis
strai ned
n met hod

For a new unknown sample with spectrum x, which
unknown measurement process signals nM, the estimate
of yuis

Pu=xyt=(xt

+MmU L.~ 1ch = (X o+ Upy
EmVm'nY UL~ Vc}’

u~xc'Uczc chJ"‘l‘"szmUm Ue
£ ch:-—-"x,;’ Uk~ Vc}’-—"’c’VcP

where

P =X UE ]

The estimate depends only on the portions of the spec-
tra’arising from the component absorptions, x., and is
independent of the measurement process signals. Based
on the model, the probability is « that the true value vy,
lies in range

Py = 2 SEE N1 4+ o2 :éy,,é},,-:—:-saﬁ-\h + d?

where t is the student’s t distribution value for probabil-
ity o and n-f degrees of freedom, and d?is given by

2=y ty,

Individual b;used in the regression of y versus V.can
be set to zero based on the results of a step-wise or
PRESS based regression if doing so does not result in a
statistically significant increase in the residual sum of
squares. If the individunal elements of y represent mea-
surements having differing measurement variance, or
are the averages of differing numbers of measurements,
the regression of y versus V.can be accomplished using
a weighted regression. In the weighted regression, a
step-wise or PRESS based algorithm can again be em-
ployed to test whether individual coefficients can be set
to zero.

The equivalence of the two methods of calculating a
Constrained Principal Components Regression model
can be demonstrated as follows: If the first s columns of
X' that correspond to the measurement process signals



nals is large enough to ensure that they are included in Principal
Conmponents that are retained fromthe singu- |ar val uej W .
The preorthogonaliza- tion nmethod is preferred since i} %ggpﬂéa +e ‘SGT

necessity of determ ning an appropriate scaling for thg asurement prjodess
signals, and it avoids potential conputer round off eryofs2hiNdy ¢397 riesul t
i f the scaling of the neasure- nent pr'dée‘ss signals is{itbo |arge rel atii vie
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M are scaled by a sufficiently large value such that the
variance due to M (the sum of the diagonal elements of
MM) is much larger than the variance due to the refer-
ence spectra (the sum of the diagonal elements of X7X)
then the first s Principal Components of X' will be U,,,
and the remaining k Principal Components will be U,
ie.

X'= U'E' V’=(Um- Uc}(EMvzc)( an Vc)’

where (U, Ug is an f by s+k matrix whose first s
columns are U,, and whose last k columns are U,
(Zp,2c) is an 5-+k by s+-k matrix whose first s diagonal
elements are from Z,, and whose last k diagonal ele-
ments are from 2, and (Vp, Vo) 15 an s+k by s-+n
matrix whose first s columns are V,, and whose last n
columns are V.. The regression vector is then

P=UL Py U ViV Y WV

P-—-(Um Uf:){z zc)~I(V Voly —(Un. U (Zm.
Iy,
V)=Vl Vi, VS

P—-zumzm Wonlpm+ UZ e ™ Wy~ Up,
(Vmef) I;":vrf.-VmJ’m""
UeZe™Y Vi VeV Y~ WV

5* UnZm™ W+ UeZ ! Viy—Up,
Emm1 Ve pa== U2 ™ ! Vely

where the term UZ =~V (Vi Vel )= WmVely' is zero
since the columns of Vin and V. are orthogonal. The
Constrained Principal Components model obtained
using the constrained regression method is equivalent 10
that obtained using the preorthogonaliztion method
providing the scaling of the measurement process sig-
nals is large enough to ensure that they are included in
Principal Components that are retained from the singu-
lar value decomposition of X'. The preorthogonaliza-
tion method is preferred since it avoids the necessity of
determining an appropriate scaling for the measurement
process signals, and it avoids potential computer round
off errors which can result if the scaling of the measure-
ment process signals is too large relative to the scaling
of the spectra.



Constrai ned Principal Conmponents Regression can be eﬂ‘ﬁﬂfﬁ' GeEMENT eSHER e
where f[err]ln, but it is not re- quired since the nat L0 -
r :
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solving the con- strained |inear |east squares nodel da be [

2.2 Constrained Partial Least Squares Regression I f {f > n? 2t

constrained |inear |east squares solu- tion in section G 1sdd
since the matrix XX is at nost of rarkZn, is singularj and cannot be
directly inverted. It is possible to develop a constr aks o -

squares nodel by following a simlar nmethodol- ogy. Xis af by_n mat rix
contai ning the spectra of the n reference sanples at f frequencies. Mis a

f by s matrix containi %ﬂs@%ﬁ&pq{r{&i Eﬁ&oéo&rf‘% gﬁ% rocess signal s
<

at the f frequenci es ﬂ;h %g)c%féd i ‘?@: wheré gué 15 &y ngf r6'rt hogonal

constrai ned parti al
vectors, the col urms o 8?? feqyi ‘P%ﬁ? guhthe genori gi nal

measur enent  process Whp@pr Wrﬁ%mé%ﬁnﬂ@éieééé@rhﬂmsfhé@dby ei- ther

sing a Gam Schm dt ort ure ul ar val ue
geco?rpo& tion of M or s%%em xlr?é?aer‘ffa??gffdg%ﬁsﬁg - ﬁG Wipl e, the
si ngul ar val ue decorrpoiff}ﬁm}m‘n tHevspitistkaiied] Bnear least squares solu-
tion in section 2.1 cannot be used since the matrix XX!
is at most of rank n, is singular, and cannot be directly
inverted. It is possible to develop a constrained partial
least squares model by following a similar methodol-
ogy. X is a { by n matrix containing the spectra of the n
reference samples at f frequencies. M is a f by s matrix
containing the spectra of the s measurement process
signals at the f frequencies. The first step in the develop-
ment of the constrained partial least square model is to
derive a set of orthogonal vectors, the columns of the
matrix Up, that represent the original measurement
process signals in M. This can be accomplished by ei-
ther using a Gram-Schmidt orthogonalization proce-
dure, a singular value decomposition of M, or some
combination of the two. For example, the singular value
decomposition of M would yield

M=UpZ Vil
where U, is fby s, 2 is s by s, and Vi is s by s. Fach
spectrum in X is then orthogonalized to the columns of
U to obtain the corrected spectra, X.. If x1 is the first
spectrum in X, and uy, uy, . . . usare the orthogonalized
measurement process signals, then the first corrected
spectrum, cj, is given by

ey =xy—ui{ur’x)+upei o)+ . .+ udugx)
The matrix form of this orthogonalization is
XC=X— UmUm’X

where the individual corrected spectra, c;, are the col-
umns of the X, matrix. The original spectral matrix is
given by

X=XC+ UmUmtX



[err] where Uerr] isf by s, [err] is s by s, and V[err] is s by s.

Each
spectrumin X is then orthogonalized to the colums of Uerr] to obtain the

corrected spectra, Xferr]. If x[err] is the first speetttunrn ;% X:
oSHBET

uferr], uferr].. . u[err] are the orthogonalized measREBLRGEMEYI

S
signals, then the first corrected speﬂéum cl[err], §srgtverby={&rH
matrix formof this orthogonalization'ts~ [err] whefejtBe; igfgi wiggu
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corrected spectra, c[err], are the col- ums of the ¥ 1" matriX. T

original spectral matrix is given by [err]

A partial least squares model is then developed to relate
Xcand y

Kes= LSl vy=Sch+e

where 8§ is 2 n by k matrix, L is a2 f by k matrix. The
model is developed using the methodology described in
section 1.4.3.2. The regression vector obtained is

P=Lb=XSAS 8y~ 18
The estimate vy based on the model is

j‘r-—"—; X"3=(X¢-+MM£§=(X¢T UpnZ o Vo NY
DX (UnEn Vel NYP

F=X X SLSAS) ™ 04+ NV imEmUnt X Se
(5S) 1 b=X XSS S b

where the term NV,X, UpXSA{S:5)~1b is zero
since the columns of Up, are orthogonal to the columns
of X.. The estimate y is constrained to be independent
of the measurement process signals. The residuals from
the model are

e=p—praym XX SLSSS) 15

The Standard Error of Estimate for the model is

SEE == Qe‘e/(n — &}

For a new spectrum, Xy which contains component
absorptions xcand measurement process signals Mn, the
scalar estimate v, is obtained as

-ly 2
su={LL }—!Lc!xu“"(f‘c%ﬂ L
ot M) =L L& et UmEmVm'n)

sy= (Ll dxe=Le'xc

Ju=sylb=x LASISH 1Sy

The
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The estimate of y, is constrained so as to be independent
of an measurement process signals in x,. Based on the
model, the probability is « that the true value y, lies in
‘range

Fu—1-SEE. N1 4 42 éyuéﬁg-i-:-SEE-\h + a2

where t is the student’s t distribution value for probabil-
ity a and n—k degrees of freedom, and d2 is given by

A =515 SN~ sy

3.0 Pathlength and Scaling Constraints

The matrix form of Beer’s Law can be represented by
the equation

X=ACT or XT—1=AC or (A4~ 4 XT 1= Ca !
= T 1 Y4404y

where X is the { by n matrix containing the reference
spectra used in the development of spectral calibrations,
A is an f by ¢ matrix hose columns are the absorption
spectra a; of the ¢ individual components (measured at
or normalized to unit pathlength), where Cisac by n
matrix whose general element ¢;is the concentration of
the i component in the j reference sample, and where
T is a diagonal n by n matrix containing the pathlengths
for the n samples.

If y is a component concentration or a property that
depends linearly on the concentrations of all the sample
components, then

y=Cr



Th ti mat based th del i wher. ' 5
e estimate [err] based on e nodel is [err] g&g%@gﬂé ;585_?1]

N Vierr]Uerr]" X[err]S[err](S[err]S[err])-[err]b is zero-Srnce™¥n
of Uerr are orthogonal to the colums of X/ err]. The jestinate v 5
constrai ned to be independent of the neasurenent procedss s?gnupg. igtihe

residuals fromthe nodel are [err]
model is SEE = [err] For alhéw spectrum x[err], whic

The Standard Errdr lof Estimate f g

conmponent absorptions x[err] and neasurenent proceéss.signals M,

where r 1§ 2 vector of dimension ¢ which the coeffici-
ents relating y 1o the concentrations of the individual
components. If'y is the concentration of a single compo-
nent, the on{yﬁthe one corresponding element of r will
be nonzero. If y is the concentration of a2 “lumped”
componcnt' {e.g. the total aromatics content of & hydro-
cari?on. which equals the sum of the concentrations of
the individual aromatic components), then the elements
Sf r which correspond to the components that were

Ifnnped” will be one, and the remaining elements of r
will be zero. If y is & physical property (i.e. a property
that depends on the physical state of the samples, e.g.
the sample density measured at a specified temperature)
gr a performance property (i.e. a property that is de-

ned by the use of the sample in an application, e.g. the
rescarch octane number of 2 gasoline as defined by
ASTM 2699-84 (6), or the reactivity of the sample
under 2 defined set of conditions), then r contains the
coeflicients that relate the property to all of the individ-
ual components. The regression models that are devel-
oped above have the form

p=Clre=T"1XAA L)~ lr=T-1X
p+e—A(AA) " tr=p

If all the reference spectra are collected at the same

pathlength, then T and T—1 are the products of scalars
times the unit matrix I, and the regression equation

becomes

y=T— XA D)~ Lt e= I AL A Irt=X"
Pe—A(AAY " rt=p

where t is the pathlength used in all the measurements.
In this case, the scalar t is lumped into the overall re-
gression vector that is determined in the calibration.
During the analysis, the unknown spectrum must be
collected at the same pathlength, or if it is collected at
a different pathlength t', either the spectrum x, or the
estimated value v, must be scaled by the ratio t/t'.

If all the reference spectra are not collected at the
same pathlength, then the spectra can be normalized

prior to the calibration,

Xn=XT-1

|
S




scalar estimate y[err], is obtained as [err]
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and the regression model can built relating the normal-
ized data X, to y. In this case, during the analysis, aither
the unknown spectrum x, or the initial estimate of v,
must be scaled by 1/t’ (the pathlength used in the collec-
tion of x,) to obtain the final estimate.

The sum of all the individual components in the sam-
ple must equal unity, i.e. they must account for the total
sample. If r is a vector containing all ones, then y is also

y=Cr=Cll=1

where 1 indicates a vector containing all ones. In this
case, a regression of the form

y=1=I" lk"pr—-l T=Xypr--?‘==xtp;

where t is a vector containing the pathlengths used in
the measurement of the n reference samples. p;is a re-
gression vector that can be used to estimate the path-
length used in the measurement of the spectrum of an
unknown, i.e.

=Xy’

The use of a regression model to estimate the pathiength
at which a spectrum was collected assumes that all the
components in the sample contribute a measurable ab-
sorption to the spectrum. If a component possesses no
absorptions in the spectral range used in the calibration,
then an increase or decrease in the concentration of the
component produces at most a change in the scaling of
the spectrum (via changing the concentrations of the
other components where the sum of the component
concentrations sums to unity, i.e. dilution effects), and
cannot be distinguished from a scaling change associ-
ated with varying the pathlength. The assumption re-
quired for use of a pathlength regression is valid for
mid- and near-infrared spectroscopies where all typical
sample components are expected to give rise to some
vibrational absorption, but it would not hold for ultravi-
elFt-visible spectroscopy where some components
might possess no messurable absorption. If reference
and unknown samples are diluted in solvent for the
collection of the IR spectra, the pathlength regression



[err] where t

and n - k degrees of freedom and d[err] is given by

3.0 Pathl ength and Scaling Constraints The matrix fc
be represented by the equation [err]

containing the reference spectra used in the devel opmgnt;

cali brations,

ai of the c individual conmponent s (maasured at or nornal;
where Cis a ¢ by n matrix whose general fel e
concentration of !

pat hl engt h),

where X is thd ﬁEB&ABEMﬂtTr BHEET

Is the student's t distribution value for probabil- ity a

[err]
Fan

pe¢tra

sit he

can still be applies since the solvent can be considered as

an additional sample component.

The results of a pathlength regression model can be
incorporated into the calibration models built for the
estimation of component concentrations and/or proper-
ties. If X is the matrix containing reference spectra
collected at pathlengths t, then a regression model can

be constructed to estimate t

£=X’p;+e~>;=.f’ﬁt

where p; can be estimated using Linear Least Square
Regression, Principal Components Regression, Partial
Least Squares Regression, or more preferably Con-

strained Linear Least Squares Regression, Comstrained
Principal Components Regression or Contrained Partial
Least Squares Regression. The matrix T is defined as a
diagonal matrix whose element t;is the estimate {; from
1, i.e. the {;is the estimated pathlength for the it sample.
Regression models for component concentrations and-

/or properties can be developed using the equation

=T WXlpte=Xlp+e

where X, is the reference spectral data scaled by the

estimated pathlengths.

For Linear Least Squares Regression, or Constrained
Linear Least Squares Regression, the incorporation of
the pathlength regression into the calibration is rela-
tively straight forward. A model is built based on the
raw reference spectra, X, and the pathlengths, t. The
model is applied to the reference spectra to estimate the
pathlengths, t. The estimated pathlengths are used to
calculate T and to rescale the data to obtain X, Models
are then built for all the components and/or properties
y based on the rescaled spectrai data, X, During the
analysis, the pathlength used in the collection of the
spectrum of the unknown, t,, is estimated, and either the
spectrum of the unknown, or the initial estimates of the
component concentrations and/or properties are scaled

by 1/t,.



the [err] conponent in the [err] reference sanple, and,
diagonal n by n matrix containing the pathlengths for f
i s a conponent concentration or a property that depend$
concentrations of all the sanple conmponents, then
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relating y to the concentrations of thk&ndividual

In Partial Least Squares Regression and Constrained
Partial Least Squares regression, the pathlength, com-
ponent concentration, or property values are used in the
calculation of the decomposition of X. The matrices L
and § which are calculated are different for each com-
ponent, property and for pathlength. Separate models
must thus be constructed for pathlength and for compo-
nents and properties. A general calibration procedure
would involve, developing a model for the pathlengths
t based on the raw reference spectra X. Using the esti-
mates T to construct the T matrix and scaling X to obtain
X: Building regression models for each component
and/or property y based on X, In the analysis of a
spectrum Xy of an unknown, the pathlength t, would
first be estimated, and then either the spectrum or the
initial estimates of the components and/or properties
would be scaled by 1/,

For Principal Components Regression and Con-
strained Principal Components regression, a more com-
putationally efficient procedure is preferred. The matrix
X (or X, for Constrained PCR) is decomposed as

X=UZV

The pathlengths are then regressed as

= be'f- €~*3,= V’f"—*;: p’B{

The matrix T is formed by placing the elements of t on
the diagonal, and the component concentrations and/or
properties are regressed as

y=T-1Vhte—b=(V T2~ l11T-1y

For an unknown material with spectrum x,, the path-
length used in collection the spectrum is estimated as

Xy= ULyt ==v'by

The component concentrations and/or properties are
then estimated as

Yu=vlbsty,



conponents. If y is the concentration of a single conpo- nent, the only

the one corresponding el enent of r wll be nonzer'_ f eplrSt Ree
concentration of a "l unped" conponent (e.g. the tj tpgf’t%‘?@@f ggg%ntent

of a hydro- carbon whi ch equals the sum of the concentrations of t he
I ndi vi dual aromatic conponents), then the elenents pf 212 N@Ncﬂﬁ@orrespond
to the conponents that were "l unped"I%-1 1 be one,{ abhd_the remminiing
el enents of r will be zero. If y is a physical prioperty (i.e. a prqdperty
t hat depends on the physical state of the sanples, e.g the.sanple
density neasured at a specified tenperature) or a performance property
(i.e. a property that is de- fined by the use of the sanple in an
application, e.g. the research octane nunber of a gasoline as defined by

ASTM 2699- 84 (6), OFhd hiterrmadtel v tthe afbdvee nrahpl ewouldiigeslve defi ned set of
condi tions), then rcabalddigshd SagularGaghd detepiposkidvat of Xl ate the property
to all of the indighecira schRld &OTRONGHIMted PathRAFESS! QO biipdel s that are
devel - oped aboveﬁgﬁé@sihﬂﬁéﬁlﬂ&ﬁ? "dince the matrices produced by

the singular valee decomposition of X (or X} are re-

quired for the pathlength estimation, the singular value

decomposition of X, would produce a second set of

matrices which would have to be stored and recalled

for the estimation of components and/or properties. By

conducting only one singular value decomposition, the

above method reduces the computer memory, disk stor-

age, input/output requirements and computation time

for conducting the calibrations and analyses.

The regression for the pathlength can be conducted

using a step-wise or PRESS based method to detect

coefficients that are statistically equivalent to zero. A

weighted regression may be employed in the develop-

ment of the regression models for the component con-

centrations and/or properties in the case where the

individual elements if y are of unequal measurement

variance, and/or represent the average of differing

numbers of individual experimental determinations. A

step-wise or PRESS based method can also be em-

ployed to conduct these regressions.

4.0 Preferred Method for Calculating the Measurement
Process Signal Matrix

The matrix U,, used in calculation of the Constrained
Principal Components Regression and the Constrained
Partial Least Square Regression is derived from a ma-
trix M which contains examples of the signals arising
from the measurement process. The columns of M will
generally consist of two types, calculated spectra which
are used to simulate certain types of measurement pro-
cess signals, and experimental spectra collected so as to
provide an example of one or more measurement pro-
cess signals. The calculated spectra could include, but
not be limited to, frequency (or wavelength) dependent
polynomials which are used to approximate variations
in the baseline of the absorption spectra. Such baseline
variations can result from variations in the reflection
and/or scattering from the front face of the sample or



If all the reference spectra are collected at the sane pathl ength, the
and T[err] are the products of scalars tines the uni
regressi on equati on becones [err] where t is the
In this case, the scalar t is lunpgdiinto the overall
gression vector that is deternmined in the calibratiof. {D 2nNOYHS834nal \
t he unknown spectrum nust be coll ect ed?8t the sane pat HLength, or.ifdit
collected at a different pathlength t',
estimated value y[err] nust be scaled by the ratio tf
ref erence spectra are not collected at the sane pathl ength,

t he neasur enents.

T‘%WEER"E

SEHAGREY
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used

spectra can be normalized prjor to th

e calibra;,ion, éerr]
cell, from variations 1n the response of the spectrometer

detector, or from variations in the intensity of the spec-
trometer source. An example of the experimental spec-
tra which can be used would include, but not be limited
to, the spectra of atmospheric water vapor, and/or
carbon dioxide. These type of experimental spectra are
referred to as correction spectra.
The following is an example of one computational
method for arriving at the U,, matrix. If the reference
spectra X are collected over a frequency (wavelength)
range from vy to v at interval Av, then a set of orthogo-
nal polynomials over the spectral range can be con-
structed using Legendre polynomials

. 1 gk s %
PUE) o= metes  webem (22 ]
(&) *R 2k & ~ b

where £ is defined as
f=(v—v)/{vi—v2)
The elements uyof the Uy polynomial vectors are calcu-

lated as

1 gk
(&2 — 1Y where
Ny ke

=+ 0~ D-av~v)(v ~ v

wj=Pdey NF =

where j is equal to k+1 and the VT is required so that
the columns of Up are normalized. The elements of the
first column of U, correspond to Po(£), and are con-
stants of the value of 1/V{. The second column of U,
depends linearly on frequency, the third has a quadratic
dependency of frequency, etc.. The column vectors of
Up form an orthonormal set, i.e.

The matrix U, is of dimension f by p, where p is the
number of polynomial terms being used to model back-
ground variations, and p~1 is the highest degree of the
polynomial.

either the spectrum x[err] or t

It

t hen the

al |
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S
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- 116 - and the regression nodel can built relat z
X[err] toy. In this case, during the analysis, ei Wﬂﬁﬁemgﬁﬁﬁlr
x[err], or the initial estimate of y[er], nust be}sg¢aled by 1/t’
pathl ength used in the collec- tion of x[err]) to 3b1 airl tN{ﬁf ﬂ&?ﬁ’al
esti mat e. The sum of all the individual conponepts.ln the sam ipl
equal unity, i.e. they must account fokithe total panple. If r is a
containing all ones, theny is also [err]

ed data
spect rum
the

e nmust
vect or

Z is an { by z matrix containing z experimental spectra

representing measurement process signals for which.

constraints are to be developed. Z may contain maltiple
examples of measurement process signals, e.g. several
spectra of air with varying water vapor and carbon
dioxide levels. The matrix Z is first orthogonalized
relative to Up.

Z=Z~2(Z'U

The singular value decomposition of Z’ is then calcu-
lated

Z=U, sz’

If 2’ is the number of experimental measurement process
signals being modeled, then the first 2’ columns of U, are
then combined with the Uy to form the f by p+2' matrix
Um. Note, for example, if z=10 spectra of air with
varying levels of water vapor and carbon dioxide where
used in Z, then only 2" =2 columns of U; would be used
since only two different process signals are being mod-
eled.

5.0 Spectral Ranges

The spectral data used in developing a Constrained
Spectral Regression model may include all of the data
points {frequencies or wavelengths) between the normal
starting and ending points of a spectrometer scan, or it
may be limited to subregions of the spectra, so as to
exciude portions of the data. For many spectrometer
systems, absorbances above a certain nominal value do
not scale linearly with pathlength or component con-
centration. Since the regression models assume linear
response, regions where the absorbance exceeds the
range of linear spectrometer response will generally be
excluded from the data prior to the development of the
model. Subregions can also be excluded to exclude
measurement process signals that occur in parrow spec-
tral ranges. For example, in the mid-infrared data where
sample components are expected to absorb minimally in
the 2300-2400 cm—! range, this spectral range may be
excluded to avoid the necessity of adding a carbon

~ dioxide spectrum as a correction spectrum.



where | indicates a vector containing all ones. In this case, a
[err] where t is a vector containing the pathl engths

of the form

used in the neasurenent of the n reference sanples..
gression vector that can be used to estimate the pa
measur enent of the spectrum of an unknown, i.e. i
regression nodel to estimate the pathlidhgth at whi g
col |l ected assunmes that all the conponents in the sd
measur abl e ab- sorption to the spectrum |f a conpgns
absorptions in the spectral r

or decrease in the concentrat ﬂm

in the scaling of the spectrum-(veaic

[_err]

angsng*t he concen

I claim:

1. A method of estimating unknown property and/or
composition data of a sample, comprising:

() collecting respective spectra of n calibration sam-
ples, the spectra being quantified at f discrete fre-
quencies (or wavelengths) and forming a matrix X
of dimension { by n;

(ii) producing a correction matrix Up, of dimension {
by m comprising m digitised correction spectra at
said discrete frequencies f, said correction spectra
simulating data arising from the measurement pro-
cess itself:

(iii) orthogonalising X with respect to Upn to produce
a corrected spectra matrix X, whose spectra are
each orthogonal to all the spectra in U,y

(iv) collecting ¢ property data, composition data, or
property and, composition data for each of the n
calibration samples to form a matrix Y of dimen-
sionnbyc{c>1);

(v) determining a predictive model correlating the
elements of matriz Y to those of matrix X

(vi) measuring the spectrum of the sample under
consideration at said f discrete frequencies to form
a matrix of dimension f by 1; and

(vii} estimating the unknown property and/or com-
position data of the sample under consideration
from its measured spectrum using the predictive
model.

2. A method as claimed in claim 1, wherein the pre-
dictive model is determined in step (v} using 2 mathe-
matical technique to solve the equation Y=X/P+E,
where X/ is the transpose of X, P is a prediction matrix
of dimension f by ¢, and E is a matrix of residual errors
from the model and is of dimension n by ¢ and wherein,
for determining the vector yy of dimension 1 by ¢ con-
taining the estimates of the ¢ property and/or composi-
tion data for the sample under consideration, the spec-
trum x, of the sample under consideration, x, being of
dimenston f by 1, is measured and y, is determined from

is a
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ot her conponents where the sum of the conponent concentrations suns to
unity, i.e. dilution effects), and cannot be distinguished froma scaling
change associ- ated with varying the pathlength. The as.sH_r trom-re qu-i__"ﬁsfd
for use of a pathlength regression is valid for mid- afd"f MENTaBHEET
spectroscopi es where all typical sanple conponents are je{pected—to—gt
rise to some vibrational absorption, bi# -t woul d not Holid égrmgymggyi ]
ol et-vi si bl e spectroscopy where sone conponents m ght pogsess no suf abl e
absorption. If reference and unknown sanples are dilute¢d 1n sorvent-fotr the
collection of the IR spectra, the pathlength regressiof_
- 117- the relationship y,=x,/P, x,’ being the transpose of
spectrum vector Xg.
3. A method as claimed in claim 2 for which f is less

than or equal to n, wherein said mathematical technique
s linear least squares regression. ) O 08

4. A method as claimed in claim 2, whereinsaid math- * ¢ Lt 4% s
ematical technique is principal components regression.

5. A method as claimed in claim 2, wherein said math-
ematical technique in partial least squares regression.

6. A method as claimed in claim 1, wherein the spec-
tra collected in step (i) and the spectrum measured in
step (vi) are all absorption spectra.

7. A method as claimed in claim 1, wherein the col-
lected spectra of the calibration samples and the mea-
sured spectrum of the sample under consideration are in
the near-infrared range.

8. A method as claimed in claim 1, wherein the col-
lected spectra of the calibration samples and the mea-
sured spectrum of the sample under consideration are in
the mid-infrared range.

9. A methed as claimed in claim 1, wherein the m
spectra forming the columns of matrix U, are all mutu-
ally orthogonal.

10. A method as claimed in claim 1, wherein step (it)
comprises:

(iia) modelling baseline variations by a set of ortho-
normal frequency (or wavelength) dependent poly-
nomials which form the columns of a matrix U of
dimension { by p where p is the order of the poly-
nomials and the columns of Up are orthonormal
polynomials;

(iib} supplying at least one ex-sample spectrum which
is representative of an anticipated spectral interfer-
ence due {0 an #x-sample chemical compound, this
ex-sample spectrum or these ex-sample spectra
forming the column(s) of a matrix X; of dimension
fby s where s (> 1) is the number of such ex-sample
spectra and iIs greater than or equal to the number
of such ex-sample spectral interferences s’;

(iic) orthogonalising the column(s) of X, with respect
to Up to form a new matrix X

(iid) orthogonalising the column(s) of X, among
themselves to form a new matrix Uy




can still

sanpl e conponent. The results of a pathlength regressi on nodel
i ncorporated into the calibration nodels built for_.the estinmation of

conponent concentrations and/or proper- ties. If
ref erence spectra collected at pathlengths t, then}a
be constructed to estimate [err] - [2drr] wheregj p er:i’]t can be dst
usi ng Linear Least Square Regression, Principal

Partial Least Squares RegreSS| or nore pref era | yiConsz_.straine
Least Squares Regression, ﬁf,

Contrai ned Partial Least Squa

a di agonal

be applies since the solvent can be considered as an additi onal
can be

regressi o
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matri x whose el enent [grr i's tthe* estl mate [err] from

(iie) combining matrices Uy ana U to form a matrix
U whose columns are the columns of U, and U;
arranged side-by-side.

11. A method according to claim 1, wherein, for
determining any significant change in the measurement
process data between the times steps (i) and (vi) were
performed, the following steps are carried out:

{a) a matrix V,, of dimension n by m is formed as the
dot product XUy, where X’ is the transpose of
matrix X;

(b) the corrected data matrix X, is formed and its
singular value decomposition computed as UZV?,
where U is a matrix of dimension f by n and con-
tains the principal component spectra as columns,
2 is a diagonal matrix of dimension n by n and
contains the singular values, and V is a matrix of
dimension n by n and contains the principal compo-
nent scores, V¢ being the transpose of V;

{c) a regression of the form V,=VZ+R is deter-
mined;

{d) a vector v, is formed as the dot product of the
measured spectrum of the sample under consider-
ation, x,, with each of the columns of the correc-
tion matrix Up, Vm=XeUm:

() a corrected spectrum x. is formed as a result of
orthogonalising x, with respect to  Up,
X=Xy = UmVim

(f) the scores for the comrected spectrum are calcu-
lated as v=xUZ ~ ! where x;/is the transpose of x;

(g) the measurement process signals are calculated as
r=vm—vZ; and

(h) the magnitude of the elements of r are compared
with the range of values of R, whereby a significant
difference indicates a significant change in the mea-
surement process data.

12. A method as claimed in claim 1 for which matrix
X is to be corrected only for the effect of baseline varia-
tions, wherein said baseline variations are modelled by 2
set of orthogonal frequency (or wavelength) dependent

nponent s Regr essi
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[err], i.e. the [err]is the estimated pathlength fog.the i[err] sanple.
Regressi on nodel s for conponent concentrations and-§ / rITes—e
FEPLRCENNG, sheer

devel oped using the equation [err] where X

spectral data scaled by the estinmated pathl engths. or Linear st
Squar es Regression, or Constrained Linear Least SqLareSZBeﬂogsggpn he
i ncorporation of the pathlength regresd2dn into thg Libration 1sjrel a-

tively straight forward. A nodel is built based onjthe raw referéhnce
spectra, X, and the pathl engthsj, I, 4o appied. fo the refefence
spectra to estimate the pathl enmmmmﬁ, ﬂﬂﬁMesti mat ed pat hl engths are
used to calculate T and to rescale ¢ he datas btain X err]. Mdels are
then built for all i nd/ Qr ,prqpertie based on the rescal ed
spectral data, X . %”3%%‘%3@@%‘ §%§:\%}ﬁr§‘? ét‘Hf"éﬁ 'Regled f?n t he

col lection of the s &P%Pﬁrﬁfmt‘ﬁ R theepolynopals gndntheed, and ei t her
t he spectrum of th HRERP! Ym aTROTERganAl polyngmiads of t he conmponent

concentrations and/ oridprdgeethiodsanclnimed| ipoclaim 12, wherein said
orthogonal polynomials are Legendre polynomials.

14. A method as claimed in claim 1 for which matrix
X 1s to be corrected only for the effect of chemical
compounds which do not form part of the sample
whose unknown property data, composition data, or
property and composition data is t0 be determined
(hereafter “ex-sample chemical compounds™), wherein
the spectra that form the columns of Uy, are orthogonal
vectors that are representatives of those ex-sample
chemical compounds.

15. A method as claimed in claim 18, wherein step (ic)
is performed by a Gram-Schmidt orthogonalization
procedure.

16. A method as claimed in claim 10, wherein the
ex-sample spectrum is that of water vapor.

17. A method as claimed in claim 10, wherein the
ex-sample spectrum is that of carbon dioxide vapor.

18. A method as claimed in claim 18, where the ex-
sample spectra are those of water vapor and carbon
dioxide vapor.

19. A method as claimed in claim 10, wherein in step
(id), a singular value decomposition of matrix X’ is used
10 generate the orthogonal correction spectra Us, the
ﬁ.rst s' terms of which correspond to the number of
different types of ex-sample spectral interferences being
modelled are retained while any remaining terms are
eliminated, and the resulting matrix Usis combined with
matrix Uy in step (ie) to form matrix Uy,

20. Apparatus for estimating unknown property and-
/or compositional data of a sample, comprising:

a spectrometer for generating the spectrum of a plu-
rality of calibration samples n having known prop-
erties composition, or properties and composition
¢, and the spectrum of a sample under consider-
ation having unknown property and/or composi-
tion data which is to be estimated; and

computer means arranged to receive the measured

T



by 1f[err].
Constrai ned Parti al

concentration, or property values are used in the

In Partial Least Squares Regression and
Least Squares regression, the pathlength,
cal cul ation of the

com

deconposition of X. The matrices L and S which are calcul ated are
different for each com ponent, property and for pathlength. Separate

nodel s nust thus be constructed for -p@b6hl ength and for conpo-

T

spectrum data from the spectrometer and operable

(i) in a data correction mode to perform, in con-
junction with an operator, steps (i) to (iii)} of
claim 1; '

(ii) in a storing mode to store the ¢ property data,
composition data or property and composition
data for each of the n calibration samples to form
the matrix Y of dimension n by c (c=1);

{iii) in 2 model building mode to determine, in con-
Junction with the operator, a predictive model
according to step (v) of claim I;

(iv} in a measurcment mode to perform step (vi) of
claim 12; and

(v) in a prediction mode to perform step (vii) of
claim 12, in order to estimate the unknown prop-
erty data, composition data, or property and
compasition data of the sample under consider-
ation according to the determined predictive
mode] correlating the elements of matrix Y to
the corrected spectra matrix X, resulting from
the orthogonalization of matrix X with respect to
the correction matrix Up,.
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nents and properties. A general calibration procedure would involve,
devel oping a nodel for the pathlengths t based on the raw reference
spectra X. Using the esti- mates t to construct the [err] matrix and
scaling X to obtain X err]. Building regression no
and/ or property y based on X In the analysis of a
unknown, the pathlength [err] would first be esti
the spectrumor the initial estimtes of the conpode
woul d be scaled by 1[err]. For Princi pal Conponeit
strained Principal Conponents regression, a nore co pUT AT T OR ekl
efficient procedure is preferred. The matrix X (orgX[err] for Constr
PCR) is deconposed as The pat hl engths are then regressedas~ress} The
matrix T is formed by placing the elenents of t on the diagonal, and the
conponent concentrations and/ or

, t fer
RAM0T 8 Oh) o

o

-
.

- ©

[] '0

O

L i

-

T o~




properties are regressed as [err] For an unknown material with
spectrum x[err], the path- length used in collection the spectrumis
estimated as [err] The conponent concentrations and/or properties are

then estimated as o= 119-
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The alternative to the above nethod woul d involve cal culating the singular
val ue deconposition of X err] (the spectra scaled to the estinated

pat hl engths) to build regression nodels for y. Since the matrices produced
by the singular value deconposition of X (or Xerr]) are re- quired for

t he pathl ength estimation,

t he

woul d produce a second set of
recalled for the estimation of conpangnts and/or properties. By

conducting only one singular val ue deconposition, the above nethod reduces
the conputer nenory, disk stor- age, input/output requirenments and
conputation tine for conducting the calibrations and anal yses. The
regression for the pathlength can be conducted using a step-w se or PRESS

based nethod to detect

-singul ar value deconposition of X err]
matri ces which would have to be stored and

coefficients that are statistically equivalent to

zero. A weighted regression may be enployed in the develop- nent of the

regression nodels for th
t he case where the

FIG 3
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i ndividual elenments if y are of unequal neasurenment variance, and/or
represent the average of differing nunbers of individual experinental
determ nations. A step-wi se or PRESS based nethod can also be em ployed
to conduct these regressions. 4.0 Preferred Method for Cal cul ating the
Measur enment Process Signal Matrix - The matrix Uerr] used
in calculation of the Constrained Principal Conponents Regression and the
Constrai ned Partial Least Square Regression is derived froma nma- trix M
whi ch contains exanples of the signals arising fromthe measurenent
process. The colums of Mw |l generally -consist of two types, cal cul ated
spectra which are used to sinulate certain types of neasurenent pro- cess
signals, and experinental spectra collected so as to provide an exanpl e of
one or nore neasurenent pro- cess signals. The cal cul ated spectra could

i nclude, but not be [imted to, frequency (or wavel ength) dependent

pol ynom als which are } ot } Lﬁb basel i ne of the

absorption spectra. Su baseline variations can result {fromvariations in
the reflection and/or slc&tering fromthe front face of [the sanple or
N
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-120 - cell, fromvariations in the response of the spectroneter
detector, or fromvariations in the intensity of the spec- troneter source.
An exanpl e of the experinmental spec- tra which can be used woul d incl ude,
but not be limted to, the spectra of atnospheric water vapor, and/or
carbon di oxi de. These type of experinental spectra are referred to as
correction spectra. The following is an exanple of one conputational nethod
for arriving at the Uerr] matrix. |If the reference
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spectra X are collected over a frequency (wavel ength) range fromV[err] to
vierr] at interval [err]v, then a set of orthogo- nal polynomals over the
spectral range can be con- structed using Legendre polynomals [err]

where [err] is defined as [err] The elenents u[err] of the Uerr]

pol ynom al vectors are calcu- lated as [err] where j is equal to k + 1
and the [err] is required so that the colums of Uerr] are nornalized. The
el ements of the first colum of Uerr] corfespond to Plerr]([err]), and are

con-
g
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stants of the value of [er]r The second colum of Uerr] depends linearly
on frequency, the third has a quadratic dependency, v'"frequency etc.. The
colum vectors of Uerr] forman orthonornmal set, [ o= - trix
Uerr] is of dinmension f by p, where p is the nunb-r M Pr ns
bei ng used to nodel back- ground vari ations, and pj-
degree of the polynom al.
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Zis anf by z matrix containing z experinental
nmeasur enment process signals for which. constrai
may contain rnultiple exanples of measurenent pr
spectra of air with varying water vapor and carb
matrix Z is first orthogonalized relative to U ?2 NOV 1$?r ] The

si ngul ar val ue deconposition of Z' is-t8en cal cu- at ed Is the
nunber of experinental neasurenment process signd s t hen t he
first z2 colums of Uerr] are then conbined witfh the Uerr] to f rmthe f
by p +z' matrix Uerr]. Note, for exanple, if z=10 specira of _alrt with

varyi ng | eve| d carbon di oxi de where wused in Z, then
only z'= 2 cplums of Uerr] uld be us?d——shﬁee—eﬁky—Pweodifferent

process signpls are bei ng nod-

_representing

spectra
. ped. Z
sever al

SER LA&WTS SH&EE
The

-

[a] times 10

-]
FI1G. éB
N bl

F IG.580

\ B N <——E PO
)
—y
&
lllllIIT‘llI‘I_th — . 2 T L
Qo
g€ § 8 3§ g 888 ¢
o w
I L
A 4 p
&
E—prn
D
L




el ed. 5.0 Spectral Ranges The spectral data used I n
devel opi ng a Constrai ned Spectral Regression nodel may.llcllde :
data points (frequencies or wavel engths) between the §
endi ng points of a spectroneter scan, or it rmay be |ign
the spectra, so as to exclude portions of the data.
systens, absorbances above a certain nom nal val ue do§n
wi th pathl ength or conponent con- centratior.9Si nce t]
assune |inear response, regions where the absorbance #
| i near spectroneter response will generally be excl udBgh -
to the devel opnent .of the nodel. qureglons can al so be excluded to exclude
measur enent prjocepd signals that pccur in narrow spec- tral r es. For
exanple, in the ngq-infrared data where safpl e conponents are |expected to
absorb mnimaljly g the 2300-2400tcm -[err} range, this spectrjal range may
be excluded tqg avpild the necessitly of addi pg a carbon di oxi de [spectrum as a
correction spgctriim :
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matrix X of dinmension f by n;
Uerr] of dinension f
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| claim

1. A nethod of estimating unknown property
and/ or conposition data of a sanple,

respective spectra of n calibration sam pl
gquantified at f discrete fre-

qu

conpri si ng:

(i) collecting

GRS ) cl bel ng
encies (or NREPLACEVEY) syeerbring a
(i) producihg arrecti oo, rix
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by mconprising mdigitised correction spectra at said discrete

frequencies f, said correction spectra sinmulating data arising from

t he neasurenent pro- cess itself; (iii) orthogonalising X with
respect to Uerr] to produce a corrected spectra matrix X/ err] whose
spectra are each orthogonal to all the spectra in Uerr],; (1v)
collecting c property data, conposition data, or o erty and,
conposition data for each of the n -cHl +brationfs B ren Jol ”;‘””“
matrix Y of dinen- sion n by ¢ (c>l); (v) detge ¥'p c:ive
nodel correlating the el ements of matrix Y to tfhdse of natrl [¢rr];
(vi) nmeasuring the spectrum of the sanple under q@edﬂ Hrngﬁ t sai d
f discrete frequencies to form a rix of di 3L9n f by 1

(vii) estimating the unknown er% s /[or com position data ¢f the

sanpl e under consideration from'its measured sifeeteumsir ,
predictive nodel . 2. Anethod as clained in claim 1, mhereln t he
pre- dictive nodel is determined in step (v) using a nathe-

SPECTRA OFFSET
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mat i cal
transpose of Xerr],

techni que to solve the equation Y=Xerr]P+E, where X[err]
Pis a prediction matrix of dlnen5|0n f by

is the
¢, "and E-is

a matrix of residual errors fromthe nodel and is of ding ;
wherein, for determining the vector y[err] of dinension liﬁﬁiACEMENTﬁﬁEET
the estimates of the c property and/or conposi- tion datp ror-the aanpr
under consideration, the spec- trumx[err] of the sanplelup % i '
consideration, x[err] being of dinmension f-Rhg 4, is neaspréd é%éqx
determ ned from -123- tre—rret Hl"l"UI'ISIi
ylerr]=x[err]P, x[err] being the transpose of
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spectrum vector x[err]. 3. Anethod as claimed in claim2 for which f is
| ess than or equal to n, wherein said mathenmati cal te:,ﬂyoue |s*I|neaﬁ

| east squares regression. 4. A nmethod as clainmed in Elght e
mat h- ematical technique is principal conponents regressi:

as clainmed in claim2, wherein said math- ematical tedhn

| east squares regression. 6. A nethod as clainmed injcljaigp in fhe
spec- tra collected in step (i) and the spelé rum neasfr ¢ i) g@re
al | absorption spectra. 7. A nethod as clained in cf h S

col- lected spectra of the calibration sanples and t he sur ed spec um

of the sanple under consideration are in the near-infrared range:

nmet hod as cl ai reln the ¢ol- Tected spectrajof the
calibration sgnples and the nea- jsured spegtrum of the sanpl elunder
considerationgsare in the md-infrlaged range. 9. Anethod asf® ained in

claim1, whergin the mspectra fgrmng thelcolums of matrix Y err] are al
mut u- -ally ortshogonal . L f
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10. A method as clained in claim1l, wherein step (ii) conprises: (i1ia)
nodel | i ng baseline variations by a set of ortho- normal frequency (or
wavel engt h) dependent pol y- nomial s which formthe colUms of a matrix
Uerr] of dimension f by p where p is the order of t
nom als and the colums of U err] are orthonornal pol yﬁgﬁl@&ﬂEMENT $HEE?)
supplying at |east one ex-sanple spectrum which Isr pr'é"é“e'm‘at‘rve"“a%
antici pated spectral interfer- ence due t an ex-sangl g @2”"9?'199?
conmpound, this ex-sanpl e spectrum or t hedd ex- sanpl ejspectra
formng the colum(s) of a matrix Xs of dinension f by s where s
I s the nunber of such ex-{rrpl e spectra and i reat er_than or equal t
t he nunber of such ex nple spectral interf%ﬁces s'; (rc) -
ort hogonal i sing the colu €) of X[err]with respeM to Uerr]Jto forma
new matrix Xerr]'; (i orthogonallsmg t he um(s) of X[err] anong
thenselves to forma new rix U[err]g ~
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(iie) combining matrices Uerr and Uerr] to forma matrix Uerr]
whose colums are the colums of Uerr] and U err] arranged

si de- by- si de. 11. A method according to claim1, wherein, for determ ning
any significant change in the nmeasurenment process data between the tines
steps (i) and (vi) were performed, the follow ng sieps are carrledueut

(a) a matrix V[err] of dinension n by mis forne§-g . Erengbodeeap !’ OdUCT
X'Uerr], where X is the transpose of - 1Bt r ] et

FIG. 15
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(b) the corrected data matrix X/err is forned and its si ngul ar val ue

deconposition conputed as Uerr]V, where Uis a matrix of dinmension f
by n and con- tains the principal conponent spectra as colums,.

[err] is a diagonal matrix of dinmension n by n and Focofitains the =+ —
singul ar values, and Vis a matrix of di nrension n @Y Tel
the principal conpo- nent scores, V[err] being the tRMMEN@fSHEEQr ]

(c) aregression of the formVjerr] =VZ+R is deter-
vector v[err] is fornmed as the dot product_ Qf 1he

t he sanpl e under consi der- ation, x[err w th eac
the correc- tion matrix Uerr] vierr]=x[err]Uerr]
spectrum x[err] is formed as a result of or t hogong |S|ng x[err] W|t
respect to Uerr], x[err]= ﬁerg]&ieg V[ err] (f
corrected spectrum are cal cu- | fat =x[err]Uerr]- [err] where
x[err]is the transpose of x[err]; (g) the neasurenent process signhals are
cal cul ated as r=vlierr]-v[err]; and (h) the magni tude of the el enents
of r are conpafed COR! ) '
SPECTRUM 1
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B ST e wpmrse §

SPECTRUM 2
LINEAR

CORRECTION
SPECTRUM 8
WATER VAPOR

EIGENSPECTRUM 1
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with the range of values of R whereby a significant di fferences = ess =
i ndi cates a significant change in the nea- surenment _pr.g

A nmethod as clainmed in claim1 for which matrix Xis to zv,ng
for the effect of baseline varia- tions, wherein said bagehj#s
are nodel l ed by a set of orthogonal frequency (or wavel eggtt

-125 - pol ynom al s which formsaid matrix u[err] off {di
where mis the order of the polynomals and the
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colums of Uerr] are orthogonal polynom als. 13. A method as clained in
claim 12, wherein said orthogonal polynom als are Legendre pol ynom al s.
14. A nethod as clainmed in claiml for which matrix X is to be corrected
only for the effect of chem cal conpounds which do not formpart of. the.

sanpl e whose unknown property data, conposition data, or;
conposition data is to be determ ned (hereafter."ex-sa llﬁgég,

conmpounds"),

or t hogonal
conpounds. 15. A method as clained in clat+mngld, wherég

performed by a Gram Schm dt orthogonalization procedur e
claimed in claim210, wherein the ex-sanple spectrumis }
17. A method as clained in claim10, wherein the ex-sanj ~poas
of carbon di oxi de vapor. 18. A method as clained in cIa|n110 mhere the

ex- sanple spectra are those of water vapor .and carbon di oxi de vapor.
F
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19. A method as clained in claim10, wherein in step (id), a singular value
deconposition of matrix X is used to generate the orthogonal correction_

spectra Us, the first s' ternms of which correspond to
different types of ex-sanple spectral interferences belf nRE

Us is conbined with matrix U err] in step (ie) to for
Apparatus for estimating unknown property_aﬂg- /or co

sanpl e, conprising: a spectroneter for geherating th

rality of calibration sanples n having known prop-

or properties and conposition c, and the spectrum dal.

consi der - gﬁ propert - tion data
which is to bg estimated; and cpnputer ans arranged @i ve the
nmeasur ed _ nj‘ ; -
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126- spectrum data fromthe spectroneter and operable (i) in a data

correction node to perform in con- junction with an operator, steps (i)
to (iii) of claim1l; (ii) in a storing node to store the c property data,
conposition data or property and conposition data for each of the n
calibration sanples to.form the matrix Y of dinensi ¢n I '

(iii) in a nodel building node to deterni ?(z_ in con- 'ﬁ MEMENWSHEE%E
operator, a predictive nodel accordi ng step (v) §f JCTarTmdsatias i | a
measur cnent rmode to performstep (vi) of { 22 NOV 4997

F1G.20

EIGENSPECTRUM 1

EIGENSPECTRUM 2

A -

EIGENSPECTRUM 3

MY e AMVVMMJA‘V%

AW
EIGENSPECTRUM 4

EIGENSPECTRUM &

1800 1538 1278 cm.1 1014 752 400
--------------------------- ~ INDICATES ZERO ABSORBANCE LEVEL



claim12; and (v) in a prediction node to performstep (vii) of claim 12,
In order to estimte the unknown prop- erty data, conposition data, or
property and conposition data of the sanple under consider- ation
according to the determ ned predictive nodel correlating the elenents of
matrix Y to the corrected spectra matrix X, resulting from the

orthogonal i zation of matrix X with respect to the et-Qn AL X
Uerr]. -21 - REPLACEMENT SHEET
22 NOV 1997
FIG. 2l
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METHOD FOR CORRECTING SPECTRAL DATA DUE TO THE SPECTRAL

MEASUREMENT PROCESS ITSELF AND ESTIMATING UNKNOWN PROPERTY

AND/OR COMPOSITION DATA OF A SAMPLE USING SUCH METHOD.

ABSTRACT

For correcting measured spectrat data of n samples for
data due to the measurement process itself, e.g. due to
spectral baseline variations and/or water vapor and
carbon dioxide present in the atmosphere of the spec-
trometer used to make the spectral measurements, the
spectral being quantified at { discrete frequencies to
produce a matrix X (of dimension f by n) of calibration
data, matrix X is orthogonalized with respect to a cor-
rection matrix Up of dimension f by m comprising m
quantified correction spectra, at the discrate fréquencies
f, which simulate data arising from the measurement
process itseif. The correction method is preferably in-
cluded in a method of estimating unknown property
and/or composition data of a sample under consider-
ation, in which the n samples are calibration samples
and a predictive model is developed interrelating
known property and composition data of the calibration
samples to their spectral data corrected for the data due
to the measurement process itself. Then, the unknown
property and/or composition data of the exampie under
consideration is estimated from the predictive model on
the basis of its measured spectrum.



