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This invention relates to a method of estimating unknown
property andfor composition data (also referred to herein as
"parameters") of a sample. 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, paraffins),
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).

BACKGROUND OF THE INVENTION

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
cm-1) 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 absorbances and the
component or property that is to be estimated. For complex mixtures,
where considerable overlap between the absorptions of individual

constituents occurs, such calibrations must be accomplished using
multivariate data analysis methods.

In complex mixtures, each constituent generaily gives rise to
multiple absorption fe tubds PLedfredponidiiizlSto dﬁﬁzrent vibrational
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i P a.n% Partlal Least Squares (PLS As is well know1r1rpm the art, PCR s

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 1, 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.

Providing the components of the sample under test are included
in the calibration samples used to build the predictive model, then,
within the limits of the inherent accuracy of the predictions obtainable
from the model, an accurate estimate of the property and/or composition
data of the test sample will be obtained from its measured spectrum.
However, if one or more of the components of the test sample are not
included in the calibration samples on which the model is based, then
prediction of the property and/or composition data will be inaccurate,
because the predictive model produces a "best fit" of the calibration data
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The method of the present invention is for estimating property
and/or composition data of a test sample. An application of particular
practical importance is the analysis of hydrocarbon test samples or for
ascertaining the hydrocarbon content of a hydrocarbon/water mixture,
whether in phase separated or emulsion form. The inventive method
involves a number of steps. Firstly, a spectral measurement is performed
on the test sample. Then, property and/or composition data of the test
sample can be estimated from its measured spectrum on the basis of a
predictive model correlating calibration sample spectra to known property

and/or composition data of those calibration samples.

In the present

method, a determination is made, on the basis of a check of the measured

spectrum against the predictive model, as to whether or

not the measured

spectrum is within the range of calibration sample spectra in the model.
If the result of the check is negative, a response is generated, accordingly.

In this way, if the result of the check is affirmative (i.e., the
measured spectrum is indicative of chemical compositions encompassed by
the samples included in the predictive model), then the person performing

the analysis can be satisfied that the corresponding

property and/or

composition prediction is likely to be accurate (of course within the limits
of the inherent accuracy of the predictive model). However, even then,
further tests may be made to optimize the effectiveness of the checking of
the sample under test, in order to increase the confidence level of the

prediction made for each test sample which passes all

the tests. This

preferred way of performing the invention will be described in more detail
hereinbelow. Correspondingly, if the result of the check is negative, then

the analyst knows that any corresponding prediction is
unreliable results.

likely to provide

The response to a negative result of the check can take one of
many forms. For example, it could be simply to provide a warning or
alarm to the operator. The prediction of property and/or composition

ows no such correl ation. Theryid SA@RHasHeGHpRced
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model). Preferably, the model is adapted to allow the data separately
determined in this way, together with the corresponding measured
spectral data, to be entered into the model database, so that the model
thereby becomes updated with this additional data, so as to enlarge the
predictive capability of the model. In this way, the model "learns" from
identification of a test sample for which it cannot perform a reliable
prediction, so that next time a similar sample is tested containing
chemical species of the earlier sample (and assuming any other chemical
species it contains correspond to those of other calibration samples in the
model), a reliable prediction of property and/or composition data for that
similar sample will be made.

Various forms of predictive model are possible for determining
the correlation between the spectra of the calibration samples and their
known property and/or composition data. Thus, the predictive model can
be based on principal components analysis or partial least squares
analysis of the calibration sample spectra. In any eigenvector—based
predictive model such as the foregoing, whether or not the measured
spectrum of the test sample is within the range of the calibration sample
spectra in the model can be determined in the following manner. A
simulated spectrum for the test sample is determined by deriving
coefficients for the measured test spectrum from the dot (scalar) products
of the measured test spectrum with each of the model eigenspectra and
by adding together the model eigenspectra scaled by the corresponding
coefficient. Then, a comparison is made between the simulated spectrum
calculated in this way and the measured spectrum as an estimate of
whether or not the measured spectrum is within the range of the
calibration sample spectra in the model. This comparison, according to a
preferred way of performing the invention, can be made by determining a
residual spectrum as the difference between the simulated spectrum and
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The preferred way of performing the invention described above
employs a statistical validity check against the predictive model.
However, as an alternative to a statistical check, a rule—based check may
be made. Examples of rule—based checks are pattern recognition

techniques and/or comparison with spectra of computerized spectral
libraries. '

The calibration sample spectra may contain spectral data due to
the measurement process itself e.g. due to baseline variations and/or
ex—sample interferences (such as due to water vapor or carbon dioxide).
This measurement process spectral data can be removed from the
calibration sample spectra prior to defining the predictive model by
orthogonalizing the calibration sample spectra to one or more spectra
modeling the measurement process data. This will be described in further

.detail herein below under the heading "CONSTRAINED PRINCIPAL
SPECTRA ANALYSIS (CPSA)".

Even though a test sample has passed the above—described
validity check, further checking may be desirable. For example, despite
passing the validity check, the property and/or compositions data
prediction may be an extrapolation from the range of data covered by the
calibration samples used for forming the predictive model. It is therefore
preferred that the Mahalanobis distance is determined for the measured
specirum and the test sample "accepted" from this further test if the
magnitude of the Mahalanobis distance is below an appropriate
predetermined amount selected by the analyst. If the calculated
Mahalanobis distance is above the appropriate predetermined amount, a
similar response as described hereinabove for a negative check is initiated.

Another statistical check is to ascertain whether the test sample
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The method disclosed herein finds particular application to
on—line estimation of property and/or composition data of hydrocarbon
test samples. Conveniently and suitably, all or most of the
above—described steps are performed by a computer system of ome or
more computers with minimal or no operator interaction required.

It has been remarked above that the prediction can be based on
principal components analysis, and also that spectral data in the
calibration sample spectra due to measurement process data itself can be
removed by an orthogonalization procedure.  The combination of
principal components analysis and the aforesaid orthogonalization
procedure is referred to herein as Constrained Principal Spectra Analysis,
abbreviated to "CPSA". The present invention can employ any
numerical analysis technique (such as PCR, PLS or MLR) through which
the predictive model can be obtained to provide an estimation of
unknown property and/or composition data. It is preferred that the
selected numerical analysis technique be CPSA. CPSA is described in
detail in the present assignees copending U.S. patent application

597,910 of James M. Brown, filed on the same day as the
present case, namely October 15, 1990 , and with case reference

C—2527, the contents of which are expressly incorporated herein by
reference. The relevant disclosure of this patent application of James M.
Brown will be described below.

In another aspect, the invention provides apparatus for
estimating property andfor composition data of a hydrocarbon test
sample. The apparatus comprises spectrometer means for performing a
spectral measurement on a test sample, and also computer means. The
computer means serves three main purposes. The first is for estimating
the property and/or composition data of the test sample from its
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The computer means is generally arranged to determine the
predictive model according to all the calibration sample spectra data and
all the known property and/or composition data of the calibration
samples in its database. The computer means may be further arranged to
respond to further such data inputted to its database for storage therein,
so that the predictive model thereby becomes updated according to the
further such data. The inputted property and/or composition data is
derived by a separate method, such as by laboratory analysis.

The Constrained Principal Spectra Analysis (CPSA), being a

preferred implementation of the inventive method and apparatus, will
now be described in detail.

CONSTRAINED PRINCIPAL SPECTRA ANALYSIS (CPSA)

In CPSA, the spectral data of a number (n) of calibration
samples is corrected for the effects of data arising from the measurement
process itself (rather than from the sample components). The spectral
data for n calibration samples is quantified at f discrete frequencies to
produce a matrix X (of dimension fby n) of calibration data. The first
step in the method involves producing a correction matrix Uy 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 U,. Due to this
orthogonality, the spectra in matrix X are statistically independent of
spectra arising from the measurement process itself. If (as would
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apqeirometkt Wwidl dmdeduce any error into the estimates. 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 invention 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 relates 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) 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 absorbances from 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,

ef

or
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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 corrective method can be applied to correct only for
the effect of baseline variations, in which case these variations can be
modeled by a set of preferably orthogonal, frequency (or wavelength)
dependent polynomials which form the matrix Uy of dimension f 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 corrective 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 f by p
and X, respectively. These matrices are then combined into the single

matrix Ua, 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
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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 instrument 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 U,
(dimension f by m), the resulting corrected spectral matrix X will still
contain noise data. This can be rémoved in the following way. Firstly, a
singular value decomposition is performed on matrix X¢ in the form X¢ =
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 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 7 principal
components that correspond to the noise, to form the new matrices U,
Z’ and V‘ of dimensions f by k, 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
to noise. '
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despit e passi nghehinsvminedt.t y Froacks 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
retain can be selected. Models can then be built with, for example, & —
2,k -1,k k+ 1, £+ 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
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the elements of the third column would depend on the square of the
frequency, etc. The exact relationship is somewhat more complicated
than that if the columns are to be orthogonal. The Legendre polynomials
are generated to be orthonormal, so that it is not necessary to effect a
singular value decomposition or a Gram—Schmidt orthogonalization to
make them orthogonal. 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 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 of 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,
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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, them to
orthoganalize any "correction spectra" due to ex—sample chemical
compounds (e.g. carbon dioxide and/or water vapor) to this set to
produce a set of "correction vectors", and finally to orthogonalize the
resultant "correction vectors" among themselves using singular value
decomposition. If multiple examples of "correction spectra", e.g. several
spectra of water vapor, are used, the final number of "correction vectors"”
will be less than the number of initial "correction spectra®. The ones
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 mutnally 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 Uy
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 Ug, 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
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dimension f by n. Then, in the manner described above, a correction
matrix Uy of dimension fby m is produced. This matrix comprises m
digitized correction spectra at the discrete frequencies f, the correction
spectra simulating data arising from the measurement process itself. The
next step is to orthogonalize X with respect to Un to produce a corrected
spectra matrix X, whose spectra are each orthogonal to all the spectra in
Us. 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 Xt is
the transpose of the corrected spectra matrix Xo, 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 c. The validity of the equation Y = XtP
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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 yy is determined from the
relationship yy = ng, xt being the transpose of matrix xy.

Although, in a preferred implementation of this invention,
the equation Y = XtP + E is solved to determine the predictive model,
the invention could also be used with models whose equation is
represented (by essentially the statement of Beer’s law) as X; = AYt +
E, where A is an fby ¢ matrix. In this case, the matrix A would first be
estimated as A = X Y(YtY)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 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 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 Uy is twofold: Firstly,
predictive models based on the resultant corrected data matrix X, are
insensitive to the effects of background variations and ex—sample
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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 Uy, and these values can be compared with those
obtained 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 predictive 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 Ug 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) 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 Xc. 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 Vy of dimension n by m is formed as the product of
XtU,, the individual elements of Vyn being the dot products of
the columns of X with those of Uhg;

(2) The corrected data matrix X¢ is formed, and its singular value
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bel ow al | invol ve nmeahat 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
of Ug) are calculated to form a vector vy, the corrected spectrum
Xc is calculated, the scores for the corrected spectrum are
calculated as v = x{US-, 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 unknown 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 consideration involves
extensive mathematical computations to be performed. In practice, such
computations are made by computer means comprising a computer or
computers, which is connected to the instrument. In a measurement
mode, the computer means receives 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 Uy. In addition, the computer means operates in a storing mode
to store the ¢ known property andfor composition data for the =
calibration samples to form the matrix Y of dimension n by ¢ (¢ 2 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 consideration from its
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ex-sanpl e of these samples need to be measured, co ected and stored in the
computer 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
corrections used to model baseline variations. The computer means
generates the correction matrix Uy and then orthogonalizes the
calibration sample spectra (matrix X) to produce the corrected spectral
matrix 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 spectral matrix X, and the measured property
andfor 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 consideration
which is used by the computer means to compute predicted property
and/or composition data based on the predictive model.

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
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where U (the left eigenvector matrix) is of dimension f by n, ¥ (the
diagonal matrix containing the singular values o) is of dimension 7 by =,
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, Xt 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

properties:
Ut =1, (2)
VVt= VitV = I, (3)
XtX = VAVt and XXt = UAUt - (4)

where Iy 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 UUt does not yield an
identity matrix for n less than £ 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
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y = xtP : (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

[X4-1Y = [X{-X¢P = 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

[Xt]1 = US-tVe (8)

where X-1is the inverse of the square singular value matrix and contains

1/c on the diagonal. Using equations 7 and 8, the prediction vector
matrix becomes

P = US-tVtY (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
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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 simplify notation
the + will be dropped, and U2 and V will henceforth refer to the rank
reduced matrices. The choice of %, 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 = xtUY-t (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.
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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 = XVZ-1). 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' = X5 — Up(UptXs) (16)
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to generate a set of orthonormal correction eigenspectra, Us. 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, Uy, 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 — Ug(UntX) (17)

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

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

Y=VHB (19)
The resultant prediction vector

Pe = UScVtY (20)
is orthogonal to the polynomial and correction eigenspectra, Up. 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

V. = &"U.tx (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.
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Development of Empirical Model in CPSA

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 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
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color); physical property measurements ( API or specific gravity, refractive

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, 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 Xg of dimension fby s where s is the number of correction spectra

used.

(2.4) The correction spectra are orthogonalized relative to the

polynomials via a Gram—Schmidt orthogonalization procedure

Xy’ = X5 — Up(UptXy) (2.4)

(2.5) A Singular Value Decomposition of the correction spectra is then
performed,
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Xe = X — Ug(UgtX) (2.6)

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

Xe = UZVet | (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.

Xe = U 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),

Y, = ViB, + E, (2.92)

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

Bp = (VitVy) tVitY, = VitY, (2.9b)

(2.10) An estimation of the pathlengths for the calibration spectra is
calculated as
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(2.11) The right eigenvector matrix is then renormalized as
Vi’ = NV, (2.11)

(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 c¢ property/concentrations) to obtain the
regression coefficients for the models,

Y=ViyB+E (2.12a)
B = (Vi/tVi/) V'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, xu, is decomposed into the constrained

variables,
Xu = Uplipvyt (3.2a)
vu = ItUgtx, (3.2b)

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

YP = V“Bp (3-3)

(3.4) The eigenvector for the unknown is rescaled as
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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.
(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), so as to
limit the number of variables retained in the empirical model to a subset
of the first & variables, thereby eliminating variables which do not show
statistically significant correlation to the parameters being estimated.
(7.1) The Mahalanobis statistic for the unknown, D32, given by

Dy? = vy (Vi/ Vi’ )ty e (1.1)

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 = E--“Untx“ (8-1)
These values can be compared against the values for the calibration, Vy,

to provide diagnostics as to whether the measurement process has
changed relative to the calibration.
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A comparison of the simulated and actual spectra is then made by

calculatmg the Euclidean Norm, "x —Xul|

lxu—xull = ¥ (Xu—u)H(xu—Xu) (9.1b)

The Euclidean Norm is then compared to a threshold value to determine
if the unknown is within the range of the calibration spectra, i.e.

";\l—xu“-< threshold. The threshold value is determined by treating each
of the individual calibration spectra x; (columns of the data matrix X) as
unknowns, calculating the Euclidean Norms for these =n calibration

samples, and setting the threshold based on the maximum Euclidean
Norm for the calibration set.

(10.1) In the analysis of an unknown with spectrum xy, the distance

between the unknown and each of the calibration spectra x; (columns of
X) is calculated as

lxu—xill = v (Ku—x5)t(xu—xs) (10.1a)

and the distance is compared to a threshold to determine if the unknown
is in a region where the number of calibration samples in the predictive
model is sparse. Alternatively, the distance in the Principal Components
scores space is used for the calculations

vl = v (Fu—vs)(vu—v3) (10.1b)

where vy is the vector of V. corresponding to the #th calibration sample.
The threshold value is determined by treating each of the individual
calibration spectra x; (columns of the data matrix X) as unknowns,
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The single drawing is a flow chart indicating one preferred way of
performing the method of this invention.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENT

The flow chart of the single drawing gives an overview of the
steps involved in a preferred way of carrying out the inventive method.
The reference numerals used in the drawing relate to the method
operations identified below.

1), 2), 3), and 4)

These deal with updating the estimation model and will be
described later.

5) Perform On—line Measurement

An infrared absorption spectrum of the sample under
consideration is measured. However, the method is applicable to
any absorption spectrum. The methodology is also be applicable
to a wide variety of other spectroscopic measurement techniques
including ultraviolet, visible light, Nuclear Magnetic Resonance
(NMR), reflection, and photoacoustic spectroscopy, etc.

The spectrum obtained from performing the on—line measurement
is stored on a computer used to control the analyzer operation,
and will hereafter be referred to as the test spectrum of the test
sample.
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cal i bration sanpl es availablg [ieexamined to verify that the spectrum collected is
valid from the stand point of spectrometer operations (not
statistical comparison to estimation models). The principal
criteria for the validity checks are that there is no apparent
invalid data which may have resulted from mechanical or
electronic failure of the spectrometer. Such failings can most
readily be identified by examining the spectrum for unusual
features including but not limited to severe baseline eITors, Zero
data or infinite (over—range) data.

If the data collection operation is deemed to be valid, processing
continues with the analysis of the data which is collected. If the
data collection operation is deemed to be invalid, diagnostic
routines are executed in order to perform spectrometer and
measurement system diagnostics [16] (numbers in | ] refer to
operation numbers in the attached figure). These may consist of
specially written diagnostics or may consist of internal diagnostics
contained in the spectrometer system. In either event, the
results of the diagnostics are stored on the operational computer
and process operations are notified that there is a potential
malfunction of the spectrometer [17].  Control returns to
operation (5] in order to perform the on—line measurement again
since some malfunctions may be intermittent and collection of
valid data may be successfully resumed upon retry.

The objective of the diagnostics performed are to isolate the
cause of failure to a system module component for easy
maintenance. Therefore, as part of the diagnostic procedure, it
may be necessary to introduce calibration and/or standard
reference samples into the sample cell in order to perform
measurements under a known set of conditions which can be
compared to an historical database stored on the computer. The
automatic sampling system is able to introduce such samples into
the sample cell upon demand from the analyzer computer.
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prediction vector. Thegtxgx ?éjs' Ctﬂx We'c2sd Wh ere Bxee m8del is a(.jn eigenvector—based
model, such as is the case when PCA, PLS, CPSA or similar
methods are used, the dot (scalar) product of the measured test
spectrum with the model eigenspectra yield coefficients which are
a measure of the degree to which the eigenspectra can be used to
represent the test spectrum If, in CPSA and PCR, the
coefficients are further scaled by 1/c, the result would be the
scores, vy, defined in equation 3.2b of the foregoing section of the
specification describing CPSA. Such scaling is not required in
the generation of the simulated spectrum. Back calculation of
the simulated test sample spectrum is performed by adding
together the model eigenspectra scaled by the corresponding
coefficients.  For models which are not eigenvector—based
methods, calculations can be defined which can be used to
calculate the simulated spectrum of the test sample corresponding
to the parameter estimation model.

The residual between the measured test sample spectrum and the
simulated test sample spectrum is calculated at each

measurement wavelength or frequency. The resulting residual
spectrum is used in operation [8].

8) Calculate Measurement Statistical Test Values

From the coefficients and residual spectra available from
operation (7] and the measured test sample spectrum from
operation [5], several statistical test values can be calculated
which are subsequently used in operations [9—11]). Preferred
statistics are described in the discussion of operations [9—11] and
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9) Does Test Sample Spectrum Fall within the Range of the
Calibration Spectra in the Model

In the case of a principal components (or PLS) based analysis,
this test refers to an examination of the Euclidean norm
calculated from the residual spectrum by summing the squared
residuals calculated at each measurement frequency or
wavelength. The simulated spectrum only contains eigenspectra
upon which the model is based. Therefore spectral features
representing chemical species which were not present in the
original calibration samples used to generate the model will be
contained in the residual spectrum. The Euclidean norm for a
test sample containing chemical species which were not included
in the calibration samples used to generate the model will be
significantly larger than the Euclidean norms calculated for the
calibration spectra used to generate the model. As noted in
operation (8], any statistic, test or procedure may be used which
provides an assessment of whether chemical species are present in
the test sample which are not contained in the calibration
samples. In particular, pattern recognition techniques and/or
comparison to spectra contained in computerized spectral libraries
may be used in conjunction with the residual spectrum.

In a preferred way of performing the invention, the magnitude of
the Euclidean norm is evaluated to see if the test sample
spectrum falls within the range of the calibration sample spectra
used to generate the model, i.e. is the Euclidean norm small with
respect to the Euclidean norms of the calibration sample spectra
calculated in a similar fashion. A small Euclidean norm is taken
as indication that no chemical species are present in the test
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x[err] of the sanple er 'co rat hen 1 nvol've using
also show up here and must be distinguished from chemical

components which are present in the sample. This can be done
by modeling the measured water vapor spectrum and by
orthogonalizing the calibration spectra thereto, as described above
in relation to CPSA.

10) Does Test Sample Parameter Estimation involve Interpolation of
the Model

If the sample is selected as acceptable in operation [9], it is
preferable to examine the validity of the model with respect to
accurately estimating properties of this sample. Any method of
determining statistical accuracy of parameter estimates or
confidence levels is appropriate. A preferred way of achieving
this is for the Mahalanobis distance (as defined above in equation
(7.1) of the section of this specification describing the
development of an empirical model in CPSA) to be used to
determine the appropriateness of the model calibration data set
for estimating the sample. The Mahalanobis distance is a metric
which is larger when a test sample spectrum is farther from the
geometric center of the group of spectra used for the model
calculation as represented on the hyperspace defined by the
principal components or eigenspectra used in the model. Thus, a
large value of the Mahalanobis distance indicates that the
property estimate is an extrapolation from the range of data
covered by the model calibration. This does not necessarily mean
that the estimate is wrong, only that the uncertainty in the
estimate may be larger (or the confidence level smaller) than
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Yy capture a spot sample for subsequent laboratory analysis using

the computer controlled automatic sampling system [operation
12].

11) Does Test Sample Spectrum Fall in a Populated Region of Data
in Calibration Model

Even though the sample may lie within the data space covered
by the model (small value of Mahalanobis distance), the sample
may lie in a region in which the number of calibration samples in
the model set is sparse. In this case, it is desirable to archive the
sample spectrum and capture a spot sample [12] so that the
model may be improved. Any standard statistical test of
distance may be used in order to make this determination. In
particular the inter—sample Mahalanobis distance calculated for
each test sample/calibration sample pair may be examined in
order to arrive at the decision as to whether or not the samples
should be saved. An inter—sample Mahalanobis distance is
defined as the sum of the squares of the differences between the
scores for the test sample spectrum and those for the calibration
sample spectrum, scores- being calculated by equation (3.2b) of
the section of this specification describing the development of an
empirical model in CPSA. A negative response results if all the
inter—sample Mahalanobis distances are greater than a
predetermined threshold value selected to achieve the desired
distribution of calibration sample spectra variability, in which
case, it is desirable to archive the sample spectrum and capture a
spot sample for subsequent laboratory analysis using the
computer controlled automatic sampling system [12].

13) Calculate Parameter and Confidence Interval Estimates

After having performed the statistical tests indicated in
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14)

15)

1)

Transmit Estimate(s) to Process Monitor/Control Computer

Having calculated the parameter estimates and the statistical
tests, the parameter estimates and estimates of the parameter
uncertainties are now available. These may be transmitted to a
separate process monitor or control computer normally located in
the process control center. The results may be used by
operations for many purposes including process control and

process diagnostics. Data transmission may be in analog or
digital form.

Transmit Estimate(s) to Analyzer Workstation

The analyzer is normally operated totally unattended (stand
alone). It is desirable for the results of the analysis and statistical
tests to be transferred to a workstation which is generally
available to analyzer and applications engineers.  This is
indicated in operation [15]. While the availability of the data on
a separate workstation may be convenient, it is not essential to
the operation of the analyzer system.

Archived Test Spectrum and Lab Data for Model Update Present

In the event that the samples have been captured and spectra
archived for subsequent model updating, it is necessary to update
the estimation model. This can only be carried out once the

results of laboratory analysis are available along with the
archived spectrum. ‘
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3)

4)

Model updating consists of operations [2], [3], and [4]. Any or all
of the operations may be performed on the analyzer computer or
may be performed off-line on a separate computer. In the latter
case, the results of the updated model must be transferred to the
analyzer control computer.

Full Model and Regression Calculation Necessary

If the sample which is being inciuded in the model did not result
from a negative decision in operation [9)], it is not necessary to
carry out the calculation which produces the model eigenspectra.
This is because operation [9] did not identify the inclusion of
additional eigenspectra into the model as being necessary. In this

case, only a new regression is required, and the process continues
with operation [4].

- Calculate New Model Using CPSA or Equivalent

The calibration model data base is updated by including the
additional spectrum and corresponding laboratory data. The
database may be maintained on a separate computer and models
developed on that computer. The entire model generation
procedure is repeated using the expanded set of data. This, for
example, would mean rerunning the CPSA model or whichever
numerical methods have been used originally. If this step is
performed off—line, then the updated eigenspectra must be
transferred to the analyzer computer.

Model updating methods could be developed which would allow
an updated model to be estimated without having to rerun the
entire model building procedure.

Perform New_Regression and Update Model Regression
Coefficients

ingThe informa- tion about calibration sanple
al so contained in the eigenspectra produced by the
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The steps described above allow the estimation of property
and/or composition parameters by performing on—line measurements of
the absorbance spectrum of a fluid or gaseous process stream.
Mathematical analysis provides high quality estimates of the
concentration of chemical components and the concentrations of classes of
chemical components. Physical and performance parameters which are
directly or indirectly correlated to chemical component concentrations are
estimable. Conditions for the measurement of the absorbance spectra are
specified so as to provide redundant spectral information thereby allowing
the computation of method diagnostic and quality assurance measures.

The steps comprising the methodology are performed in an
integrative manner so as to provide continuous estimates for method
adjustment, operations diagnosis and automated sample collection.
Different aspects of the methodology are set out below in numbered
paragraphs (1) to (10).

(1.) Selection of the subset region for the absorbance spectira
measurements

(1.1) The measurement of the infrared spectrum in the
various subregions can be accomplished by the use of
different infrared spectrometer equipment. Selection of
the appropriate subregion(s) is accomplished by obtaining
the spectrum of a representative sample in each of the
candidate subregions and selecting the subregion(s) in
which absorptions are found which are due directly or
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The procedure of this paragraph is applicable over a wide
range of possible absorption spectrum measurements. No
single spectrometer can cover the entire range of
applicability. Therefore, it is necessary to select a subset
region which matches that which is available in a
spectrometer as well as providing significant absorption
features for the chemical constituents which are in the
sample and which are correlated to the composition
and/or property parameter for which a parameter
estimate is to be calculated. The criteria for selecting
the preferred wavelength subset region include subjective
and objective measurements of spectrometer performance,
practical sample thickness constraints, achievable sample
access, and spectrometer detector choice considerations.
The preferred subset region for measuring liquid
hydrocarbon process streams is one in which the
thickness of the sample is approximately 1 cm. This is
achievable in the region from 800 nm to 1600 nm which
corresponds to a subset of the near infrared region for
which spectrometer equipment which is conveniently
adaptable to on—line measurement is currently available.
The named region is a further subset of the range which
is possible to measure using a single spectrometer. The
further restriction on range is preferred in order to
include sufficient range to encompass all absorptions
having a similar dynamic range in absorbance and
restricted to one octave in wavelength.

(2.) Criteria for selection and measurement of samples for the
calibration model calculation.

(2.1) Samples are collected at various times to obtain a
set of samples (calibration samples) which are
representative of the range of process stream composition
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preferred way of neking a p¥hedralibrationfmededjsrtoybegenerated are separately
measured for the collected samples using standard
analytical laboratory techniques.

(3.) Calibration model calculation

(3.1) The calibration model is obtained using any one of
several multivariate methods and the samples obtained
are designated calibration samples. Through the
application of the method, a set of eigenspectra are
obtained which are a specific transformation of the
calibration spectra. They are retained for the
property/composition estimation step. An important
preferred feature of the invention allows for the updating
of the predictive model by collecting samples during
actual operation. This will permit a better set of
samples to be collected as previously unrecognized
samples are analyzed and the relevant data entered into
the predictiire model. Therefore it is not particularly
important how the samples are obtained or which model
calculation method is used for the initial predictive
model. It is preferable that the initial calibration model
be developed using the same method which is likely to be
used for developing the model from the updated sample
set. Methods which can be used for the calibration
model calculation are:

(3.1.1) Constrained Principal Spectra Analysis as
described hereinabove is the preferred method.
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principal components regression.

(3.1.4) Any specific algorithm which s
substantially the same as the above.

(3.1.4) A neurological network algorithm, such as
back propagation, which is used to produce a
parameter estimation model. This technique
may have particular advantage for handling
non—linear property value estimation.

(4.) Property/composition estimation

(4.1) Property and/or composition data are estimated
according to the following equation as explained above
(equation 3.5):

Yu = v;B
(5.) Calibration model validation

Calibration model validation refers to the process of determining
whether or not the initial calibration model is correct. Examples
of validating the calibration model would be cross—validation or
PRESS referred to hereinabove.

(5.1) Additional samples which are not used in the
calibration model calculation (paragraph (3) above) are
collected (test set) and measured.

(5.1.1) Spectra are measured for these samples
either on—line or in a laboratory using the

@or&&n@h&a}elgﬁéggﬁgﬂ Ufdtsistdy Pe

R@laced
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used to deternmine the correlation betwedR the corrected spectr
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X[err] and the nmea- sured properdy, chqgﬁg%%bﬁ'c@fle aay, then a sel ec-
e suc

tion of frequencies needs to be na

at the num ber of frequencies

at which the neasured spectra are quantized is |ess than the nunber of
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spectrum of the sanpl e under consnadytnfaﬂaﬂaKvnaWﬁychnal:ysessadfebgedt he dmnputer
means to com pute predicted propert r..conposition data based on the
vepsasae L

predi ctive nodel.

OV& for CPSA  The obj ect of

Princi pal Conponents Analysis (PCA) is to isolate the true nunber of
I ndependent variables in ttn%e%)sr% E R% /%r S& os}t‘?ox?'da%{" {Rr edihfiggessi on
[ [ e ro e

of these vari abl es agai nst

The spectral

osit1on varl abl es.
data matri x, xsmgomuamsst in the escription of CPSA

hereinabove and va.hdated by comparison to the
laboratory obtained property and/or composition data.

(6.) On—line absorption spectrum measurement

(6.1) Any infrared spectrometer having measurement
capabilities in the subset wavelength region determined
in paragraph (1) above may be used.

(6.2) Sampling of the process steam is accomplished
either by extracting a sample from the process stream
using a slip stream or by inserting an optical probe into
the process stream.

(6.2.1) Slip stream extraction is used to bring
the sample to an absorption spectrum measuring
cell. The spectrum of the sample in the cell is
measured either by having positioned the cell
directly in the light path of the spectrometer or
indirectly by coupling the measurement cell to
the spectrometer light path using fiber optic
technology. Slip stream extraction with indirect
fiber optic measurement technology is the
preferred on—line measurement method. During
the measurement, the sample may either be
continuously flowing, in which case the spectrum
obtained is a time averaged spectrum, or a valve
may be used to stop the flow during the spectral
measurement.

eplaced
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spectra of the n sanples to be used in the calibration as cmhusm&HaiBAeER

f, where f is the nunber of data points (frequencies or wave
spectrum The object of PCAis to deconpose the f by n X rrat
product of several matrices. This deconposition can be acco
Si ngul ar Val ue Deconposition: [ erds] wher e U (the left e| genvect or

rens (el Taperioncaots et dmEtERd Bod. o

singular values o) is of dinens

matrix) is of dinmension f

V (the right eigenvector matrix)codplinp the ayfticdl meeasuremiemt porkignrof thence

sone versions of PCA performt hespeﬂrraglt&&r tthg?s%ﬁ?mggitlﬁl ggngnﬁgegi[e”]

transpose of the

and deconpose it as V[err]U, theopiie teshnology.

(7.) Process parameter (on—line property and/or composition)
estimation.

(7.1) Spectra are measured on—line for process stream
samples during process operation. Several choices of
techniques for performing the spectral measurement are
available as described in paragraph (6) immediately
above.

(7.2) Parameter estimation is carried out using the
equation in paragraph (4.1) above.

(8.) Calibration model updating

(8.1) Spot test samples for which the estimated
parameter(s) are significantly different from the
laboratory measured parameter(s) as determined in
paragraphs (9) and (10) below are added to the
calibration set and the calibration procedure is repeated
starting with paragraph (3) to obtain an updated
calibration model as set out in the equation in paragraph
(3.1) above.

(8.2) Samples which are measured on—line are compared
to the samples used in the calibration model using the
methods described in paragraphs (9) and (10) below.
Samples for which fail the tests in (9) or (10) are noted
and aliquots are collected for laboratory analysis of the
property/composition and verification of the spectrum.
The on—line measured spectrum and the laboratory
determined property/composition data for any such
sample is added to the calibration data set and the
calibration procedure is repeated starting with paragraph

J@ed
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the terns, | eft and right eigenvectors is sonewhat arbi- trary. To avoid
confusion, Uwll be referred to as the ei'genspectrummatri x since the
i ndi vi dual columm-vec- tors of U (the eigenspectra) are of_the same |ength,

f, as the original calibration spectra. The term ei genvectors wll only be
used to refer to the V matrix. The matriddes in the singular. StSbeetHasBeenReplaced

ition h he fol
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[err] (the squares of the singu- lar values), on the diagonal an Zer os
the diagonal. Note t oBtiC9HE taudtt e L EdurfR8SmEaRLresi €1 d an identity
matrix for n less th A”%uz;tlonsqz f% 3r|rrply thfat both the

ei genspectra and. ei genvectors are orthonor- nmal. In some version of PCA,

the U and [err] are matric@plpmBiagaesticeestel Bedorndd NG %alé&la!tirfg séverdlhi s
case, the eigenspectra are orth grgnal ut are normaljz

? Si n%}JI ar
val ues.  The object of thB3RAHS-ES) Fhich ueasyre | e giny Wydé’ a tte
i ndependent vari abl es (thesdfiplecsgeatrueipitporhenspettra of samples used in the

calibration.

(9.1.1) Vector—based distance and similarity
measurements are used to validate the spectral
measurements.  These include, but are not
limited to,

(9.1.1.1) Mahalanobis distances and/or
Euclidean norms to determine the
appropriateness of the calibration set for
estimating the sample.

(9.1.1.2)  Residual  spectrum  (the
difference between the actual spectrum
and the spectrum estimated from the
eigenspectra used in the parameter
estimation) to determine if unexpected
components having significant
absorbance are present.

(9.1.1.3) Values of the projection of the
spectrum onto any individual
eigenspectrum or combination of the
eigenspectra to determine if the range of
composition observed is included in the
calibration set.

(9.1.1.4) Vector estimators of
spectrometer system operational
conditions (such as wavelength error,
radiation source variability, and optical



agai nst whi ch. t he dependent variables (the properties or .comgoShettiHagsBeen Replaced:
be regressed. The basic regression equation for direct calib
[err] where Y is the n by ¢ matrix containing the property/-

data for the n sanples and c properties/-_conponents, and P is e y C
matri x of regression coefficients which #late the property/ conposition
data to the spectral data. W will ref¢omponérie degeadationy ofhidh awould
predi ction vectors, since during the an si g of eclr X ' sion f
by 1), the prediction of the pr opertiegﬂ%%trrp en agdft?/ 00? glﬁgreﬁér%r[n& by ¢)
for the sanple is obtained by [ er ejtimbkibe ¢thabe feproraassocigied with
property/ conponent, the predic-

the parameter estimated.

(9.1.2) Experienced—based diagnostics commonly
obtained by control chart techniques, frequency
distribution analysis, or any similar techniques
which evaluate the current measurement (either
spectral or parameter) in terms of the past
experience available either from the calibration
sample set or the past on—line sample
measurements.

(10.) Process control, optimization and diagnosis

(10.1) Parameters are calculated in real—time which are
diagnostic of process operation and which can be used for
control and/or optimization of the process and/or
diagnosis of unusual or unexpected process operation
conditions.

(10.1.1) Examples of parameters which are based
on the spectral measurement of a single process
stream include chemical composition
measurements (such as the concentration of
individual chemical components as, for example,
benzene, toluene, xylene, or the concentration of
a class of compounds as, for example, paraffins);
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
(such as smell/odor, color).

(10.1.2) Parameters which are based on the
spectral measurements of two or more streams
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and the prediction vector. The solution to equation 5 is [err] where
[ X[err]] is‘t‘he—"rTTverrser*D‘f“i—he—X[err] matrix. The matrix X err] is of
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sampling points along with any delayed effect of
process between to the sampling points.

(10.1.3) Parameters which are based on one or
more spectral measurements along with other
process operational measurements (such as
temperatures, pressures, flow rates) are used to
calculate a multi—parameter (multivariate)
process model. |

(10.2) Real—time parameters as described in paragraph
(10.1) can be used for:

(10.2.1) Process operation monitoring.

(10.2.2) Process control either as part of a
feedback or a feedforward control strategy.

(10.2.3) Process diagnosis and/or optimization by
observing process response and trends.
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composition data of those calibration samples, wherein a determination is
made, on the basis of a check of the measured spectrum against the
predictive model, as to whether or not the measured spectrum is within
the range of the calibration sample spectra in the model, and a response
is generated if the result of the check is negative.

2. A method as claimed in claim 1, wherein said response is
to isolate the test sample.

3. A method as claimed in claim 2, wherein, following
isolation of the test sample, the sample is analyzed by a separate method
to ascertain its property and/or composition data and the predictive
model is updated with this data and with the spectral measurement data
obtained by performing the spectral measurement on the test sample.

4. A method as claimed in claim 1, 2 or 3, wherein the
spectral measurement of the test sample is performed in the infrared
region.

5. A method as claimed in any preceding claim for which
the predictive model is eigenvector—based, wherein a simulated spectrum
for the test sample is determined by deriving the coefficients for the
measured test spectrum from the dot products of the measured test
spectrum with each of the model eigenspectra and by adding together the
model eigenspectra scaled by the corresponding coefficients, and wherein a
comparison is made between the simulated spectrum and the measured
spectrum as an estimation of whether or not the measured spectrum is
within the range of the calibration sample spectra in the model.

6. A method as claimed in claim 5, wherein the comparison
between the simulated spectrum and the measured spectrum is made by

al
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singl e pred| ct | on veﬁmunllm Hﬂ‘Humt i on of unce Replgsed
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obt ai ned spegtyum and the ‘measured spectrum, by calculating the Euclidean norm

by summing the squares of the magnitudes of the residual spectrum at

discrete frequencies, and by evaluating the magnitude of the Euclidean

norm.

7. A method as claimed in claim 5, wherein the
Mahalanobis distance is determined for the measured spectrum and the
test sample is isolated if the magnitude of the determined Mahalanobis
distance is indicative that the estimate of property and/or composition
data of the test sample is an extrapolation from the range of data covered
by the calibration samples.

8. A method as claimed in claim 7, further comprising
calculating the Euclidean norm derived for each test sample/calibration
sample pair and comparing the calculated Euclidean norms with a
predetermined threshold value so as to isolate the test sample if said
threshold value is exceeded.

9. A method as claimed in any preceding claim, wherein
data in the calibration sample spectra due to the measurement process
itself is removed therefrom prior to defining the predictive model by
orthogonalizing the calibration sample spectra to one or more spectra
modeling the measurement process data.

10. A method as claimed in any preceding claim, wherein
said sample is a hydrocarbon/water mixture and the estimate is an
estimate of the hydrocarbon content or water content of said mixture.

11. Apparatus for estimating property and/or composition
data of a hydrocarbon test sample, comprising:

- specirometer means for performing a  spectral
measurement on a test sample; and

- computer means (i) for estimating the property and/or
composition data of the test sample from its measured
spectrum on the basis of a predictive model correlating
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generating a response if the result of the check is
negative.

12. Apparatus as claimed in claim 11, wherein the computer
means is arranged to determine the predictive model according to all the
calibration sample spectra data and all the known property and/or
composition data of the calibration samples in its database, the computer
means being further arranged to respond to further such data inputted to
its database for storage therein, so that the predictive model thereby
becomes updated according to said further such data.



selves'|l|near conbination of the original calibration

-25 - spectra (U=XV[err]). If tthe original calibration spectra are al
orthogonal i zed to a specific nmeasurenent pro- cess signal, the resulting
prediction vector will also be orthogonal, and the prediction wll be

i nsensitive to the measurenent process 80 gnal. This orthogonalization
procedure serves as the basis for the Constrained Princi- pal Spectra

Anal ysi s al gorithm In the gﬁnst aineq@fri ' ﬁiﬁﬁitra Anal ysi s ( CPSA)
program two types of measAB RtAé)T&Fss il&%ﬁ%% onsi dered. The
programinternally gener- ates a set of orthonormal, frequency dependent
pol yno-

A method of operating a spectrometer to determine property
and/or composition data of a sample comprises an on-—line spectral
measurement of the sample using a computer controlled spectrometer,
statistical analysis of the sample data based upon a statistical model
using sample calibration data, and automatically identifying a sample if
necessary based upon statistical and expert system (rule—based) criteria.
Sample collection based upon statistical criteria comsists of performing a
statistical or rule—based check against the model to identify measurement
data which are indicative of chemical species not in the samples already
stored in the model. Samples identified either by a statistical criteria or
using an expert system (rule—based decisions) are used preferably to
isolate the liquid sample using a computer controlled automatic sampling
system. The samples can be saved for subsequent laboratory analysis in
removable sample containers. The results of the laboratory analysis
together with the on—line spectroscopic measurements are preferably used
to update the model being used for the analysis.
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The results of the procedure described above are nmathematically equival ent

to including thqnmln/m]gmlr@tlon terns as spectra in the data
matri x, and
This invention relates to a method of estimating unknown
property and/or composition data (also referred to herein  as
"parameters”) of a sample. 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 gxample, paraffins),
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,

a -g e - \
combustibility), and perception (smell/odor, color).
. This Sheet Has Been R

mosromporrmevnoy AN

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 A
performed to establish the relationship between the.a_bsorbances and the
component or property that is to be estimated. For ‘complex mixtures,
where considerable overlap between the absorptions of individual
constituents occurs, such calibrations must be accomplished using
multivariate data analysis methods.

In complex mixtures, each constituent generaily gives rise to
multiple absorption features corresponding to different vibrational
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using a constrained | east square regression to cal Cuﬁlﬂiﬁle&ﬁ@sﬁe,'{fﬁ
equation 12. The constrained | east square procedure i
the scaling of the correction spectra since they sztI Eﬁﬂ"ﬁ"ﬁi{
sufficient variance in the data matrix to be sorted i

-27 - spectra that are retained in the rkgression step. By or-
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cal cul ating the srngul ar "va e scal I'ng
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are present in the spectra of the ca atlon sanpl es, ent
in the spectra O&OISVé#f’Gleé‘St%@Qmm&rem’é‘t 9@qrelaﬁan Wﬂédheﬁ%ab@fﬁﬁﬂ%ﬁ EQj énd

removed from t hemdgematiteBy adistinguished from random spectral measurement noise
which shows no such correlation. The linear algebfa 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 in the art, 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 1, 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.

Providing the components of the sample under test are included
in the calibration samples used to build the predictive model, then,
within the limits of the inherent accuracy of the predictions obtainable
from the model, an accurate estimate of the property and/or composition
data of the test sample will be obtained from its measured spectrum.
However, if one or more of the components of the test sample are not
included in the calibration samples on which the model is based, then
prediction of the property and/or composition data will be inaccurate,
because the predictive model produces a "best fit" of the calibration data
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G am Schm 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 Bari ables are rescaled to a conmon

P caaadt aga nd et B biheft st of S8 SRR Blof Mid I hhaphldeifile for
nmodel s for the d&bat ntgst tsapplesf t%@mmmmgonwhm&stmf new
sanpl es, the sp%qglrcgn@r hiS H ed and deconposed into the constrained

spectral vari abl es, the pa ength is cal cul ated an'dhls%eetﬂaﬁﬁfen led to
t he appropriate pathl ength, and then the regression ied to
cal cul ate the cEUMMARYNOPDPHEINVENTIONT the new

ort hogonal i zati on procedure ensures that the resultant rreasurerrents are
constrained so as to be insensitive (orthogonal) to the nodel ed neasurenent
process signals. The iTheetneshodpaf the yedent dheetltini isnfcnnektirmmgmtcbmt}i on

cutonatcal |y capgs SphRtsal BREdL', P A ALl bL4F bl 21 0

consi sts of the pra¢ticahiimpostaepss is the analysis of hydrocarbon test samples or for
ascertaining the hydrocarbon content of a hydrocarbon/water mixture,
whether in phase separated or emulsion form. The inventive method
involves a number of steps. Firstly, a spectral measurement is performed
on the test sample. Then, property and/or composition data of the test
sample can be estimated from its measured spectrum on the basis of a
predictive model correlating calibration sample spectra to known property
and/or composition data of those calibration samples. In the present
method, a determination is made, on the basis of a check of the measured
spectrum against the predictive model, as to whether or not the measured
spectrum is within the range of calibration sample spectra in the model.
If the result of the check is negative, a response is generated, accordingly.

In this way, if the result of the check is affirmative (i.e., the
-measured spectrum is indicative of chemical compositions encompassed by
the samples included in the predictive model), then the person performing
the analysis can be satisfied that the corresponding property and/or
composition prediction is likely to be accurate (of course within the limits
of the inherent accuracy of the predictive model). However, even then,
further tests may be made to optimize the effectiveness of the checking of
the sample under test, in order to increase the confidence level of the
prediction made for each test sample which passes all the tests. This
preferred way of performing the invention will be described in more detail
hereinbelow. Correspondingly, if the result of the check is negative, then

the analyst knows that any corresponding prediction is likely to provide
unreliable results.

The response to a negative result of the check can take one of
many forms. For example, it could be simply to provide a warning or
alarm to the operator. The prediction of property and/or composition
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calibration sample spectra in the model) is physically isolated. It can
then be taken to the laboratory for independent analysis of its property
and/or composition (determined by the standard analytical techmique
used in generating the property and/or composition data for the initial
model). Preferably, the model is adapted to allow the data separately
determined in this way, together with the corresponding measured
spectral data, to be entered into the model database, so that the model
thereby becomes updated with this additional data, so as to enlarge the
predictive capability of the model. In this way, the model "learns" from
identification of a test sample for which it cannot perform a reliable
prediction, so that next time a similar sample is tested containing
chemical species of the earlier sample (and assuming any other chemical
species it contains correspond to those of other calibration samples in the
model), a reliable prediction of property and/or composition data for that
similar sample will be made.

. Various forms of predictive model are possible for determining
the correlation between the spectra of the calibration samples and their
known property and/or composition data. Thus, the predictive model can
be based on principal components analysis or partial least squares
analysis of the calibration sample spectra. In any eigenvector—based
predictive model such as the foregoing, whether or not the measured
spectrum of the test sample is within the range of the calibration sample
spectra in the model can be determined in the following manmer. A
~simulated spectrum for the test sample is determined by deriving
coefficients for the measured test spectrum from the dot (scalar) products
of the measured test spectrum with each of the model eigenspectra and
by adding together the model eigenspectra scaled by the corresponding
coefficient. Then, a comparison is made between the simulated spectrum
calculated in this way and the measured spectrum as an estimate of

- whether or not the measured spectrum is within the range of the
calibration sample spectra in the model. This comparison, according to a
preferred way of performing the invention, can be made by determining a
residual spectrum as the difference between the simulated spectrum and
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vol umes used in preparing calibration bl ends. ‘Eendinpl&aect ra of
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process signals (e.g. water vapor spectra, car- bon di oxi de, etc.) are

loaded into a matrix YR bleiétred! W of performing the invention described above
employs a statistical validity check against the predictive model.
However, as an alternative to a statistical check, a rule—based check may
be made. Examples of rule—based checks are pattern recognition

techniques and/or comparison with spectra of computerized spectral
libraries.

The calibration sample spectra may contain spectral data due to
the measurement process itself e.g. due to baseline variations and/or
ex—sample interferences (such as due to water vapor or carbon dioxide).
This measurement process spectral data can be removed from the
calibration sample spectra prior to defining the predictive model by
orthogonalizing the calibration sample spectra to one or more spectra
modeling the measurement procéss data. This will be described in further
detail herein below under the heading "CONSTRAINED PRINCIPAL
SPECTRA ANALYSIS (CPSA)".

‘Even though a test sample has passed the above—described
validity check, further checking may be desirable. For example, despite
passing the validity check, the property and/or compositions data
prediction may be an extrapolation from the range of data covered by the
calibration samples used for forming the predictive model. It is therefore
preferred- that the Mahalanobis distance is determined for the measured
spectrum and the test sample "accepted" from this further test if the
magnitude of the Mahalanobis distance is below an appropriate
predetermined amount selected by the analyst. If the calculated
Mahalanobis distance is above the appropriate predetermined amount, a
similar response as described hereinabove for a negative check is initiated.

Another statistical check is to ascertain whether the test sample
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sion f by s where s is the nunber of correction spectra used 2 4) The
correction spectra are orthogonalized rela- tive témﬁﬁ@ﬁ

Gram Schmi dt orthogo- nalization procedure [err] d Iar Value
Deconposition of the correc- tion spectra is then p

- 29 - [err] to generate a set of orthongrnal correctlon e| genspec- tra,

Uerr]. [err] are the correspondi ng, sinqul ar valu nd. V[err]
[ - ] 1s Evmg ina regeon in \%hxc axe number 0? cahgranon samples in the

predictive model is sparse. This check can be made by calculating the
Euclidean norm derived for each test sample/calibration sample pair and
comparing the calculated Euclidean norms with a threshold value which,
if exceeded, indicates that the sample has failed to pass this additional
statistical check. In which case, a similar response as described
hereinabove for a negative check is initiated.

The method disclosed herein finds particular application to
on—line estimation of property and/or composition data of hydrocarbon
test samples. Conveniently and suitably, all or most of the
above—described steps are performed by a computer system of one or
more computers with minimal or no operator interaction required.

It has been remarked above that the prediction can be based on
principal components analysis, and also that spectral data in the
calibration sample spectra due to measurement process data itself can be
removed by an orthogonalization procedure.  The combination of
principal components analysis and the aforesaid orthogonalization
procedure is referred to herein as Constrained Principal Spectra Analysis,
abbreviated to "CPSA". The present invention can employ any
numerical analysis technique (such as PCR, PLS or MLR) through which
the predictive model can be obtained to provide an estimation of
unknown property and/or composition data. It is preferred that the
selected numerical analysis technique be CPSA. CPSA is described in
detail in the present assignees copending U.S. patent application

397,910 of James M. Brown, filed on the same day as the
present case, namely October 15, 1990 , and with case reference

C—2527; the contents of which are expressly incorporated herein by
reference. The relevant disclosure of this patent application of James M.
Brown will be described below.

In another aspect, the invention provides apparatus for
estimating property and/or composition data of a hydrocarbon test
sample. The apparatus comprises spectrometer means for performing a
spectral measurement on a test sample, and also computer means. The
computer means serves three main purposes. The first is for estimating
the property and/or composition data of the test sample from its
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i ncl udes both the polynomi als and correction ei genspe rem)ved
fromthe calibration data, again using a G am Schm dt tion
procedure [err] (2.7) The Singular Val ug Deconposition of the cor- rected

(2% Bt xam MEYURH RBFUmS GBe dhe o PR bf | F SPINEGo AL  PUPORRER.
corre- spond t ocalibeaticr gnmple ispeptiato kadwe properkeand/ar@mpisiionedataToe k+1
Lorr] o " (o) SRR CAmbnilibk NalaRles CCRRE debRach 6 SBerRERE, O Tpf pasi®'ate
deconposi tion, ¥[chedk] su@hr as desgribed dgreanatiave) of ke pmamredugpectrum against
' the predictive model, whether or not the measured spectrum is within the

range of the calibration sample spectra in the model. The third function

of the computer means is for generating a response (the nature of which

has been described hereinabove in detail with reference to the inventive

method) if the result of the check is negative.

are the corresponding right eigenvectors, [err] |nd e rix
transpose. (2.6) The full set of correction terns, ﬁﬁcedvxlmch

The computer means is generally arranged to determine the
predictive model according to all the calibration sample spectra data and
all the known property | andfor composition data of the calibration
samples in its database. The computer means may be further arranged to
respond to further such data inputted to its database for storage therein,
so that the predictive model thereby becomes updated according to the
further such data. The inputted property and/or composition data is
derived by a separate method, such as by laboratory analysis.

The Constrained Principal Spectra Analysis (CPSA), being a

preferred implementation of the inventive method and apparatus, will
now be described in detail.

CONSTRAINED PRINCIPAL SPECTRA ANALYSIS (CPSA)

In CPSA, the spectral data of a number (n) of calibration
samples is corrected for the effects of data arising from the measurement
process itself (rather than from the sample components). The spectral
data for n calibration samples is quantified at f discrete frequencies to
produce 2 matrix X (of dimension f by n) of calibration data. The first
step in the method involves producing a correction matrix Uy of
dimension f by m comprising m digitized correction spectra at the
discrete frequencies £, the correction spectra simulating data arising from
the measurement process itself. The other step involves orthoganalizing
X with respect to U, to produce a corrected spéctra 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
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where E[err] is the regression error. The regress nts,
Blerr], are calculated as [err] (2.10) An estl ‘“M\ \l pathl engt hs
for the cali-

brati on spectra is cal cul at ed as
- 30 -

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 propérty 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. 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 invention 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 relates 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) 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 absorbances from 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 conipopents,
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A n by n diagonal matrix Nis then forned, the | |a o- nal elenment of N

being the ratio of the average path- |length for Replacedpect r a,
~ylerr], divided by the estimated pathl ength val uefml

calibration sam ple (the i[err] elenent of Y[err ri ght
ei genvector matrix is then renormal - izedgas [err] (2.12) The
renormal i zed matri, X |s regressed against t.he pr ert s and, or
concentrati ons, 3§d( yherg rPgoo;ﬁ‘&,m i JOLER3GHARS, &‘:ﬂ foBLainapt, and

cal i bration samsambnas cotmohéret @cmr@permyiscquaemat tcnnne):ogmzeamhat nt hiegee
new sampl 6 it h BRI BRdSE AERas) Bak3en ant Sus 9 ARy !F“?%?%ﬁf%s o
st eps: (3.1) Thethabconiexiofisapge! rraferofiot that umktesiah wponohhi¢h @dommr t he
same condi tions uged iBriBfefiOlcbf@ntration 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/ componént measurement but before or duﬁng the spectral
measurement.

The present corrective method can be applied to correct only for
the effect of baseline variations, in which case these variations can be
modeled by a set of preferably orthogonal, frequency (or wavelength)
dependent polynomials which form the matrix Uy, of dimension f 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 corrective 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 Uy 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 foyp
and Xs, respectively. These matrices are then combined into the single

matrix Ua, 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 Uy, 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
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tion of the calibration spectra. (3.2) The absorptuﬁp spectrum x[err] is

deconposed into the constrained variables, [err] mm:dfdl ength
for the unknown spectrumis estinated as [err] l' ector

for the unknown is rescaled as [err] where Y[err]
pat hl ength for the calibration spectra inlQ 2. 10).

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 Xs 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 Ug, 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 Xg are orthogonalized to form a new matrix of vectors and then the
(mutually orthogonal) polynomials forming the matrix Up are
orihogona.lized Telative to these vectors and then combined with them to
form the correction matrix Un. 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 instrument 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 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; =
UZVt, 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 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 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 = 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
to noise.
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(4.1) The spectral region used in the calibration gﬁ%ﬂe elg TReplac e
limted to subregions so as to avoid intense absorpgﬂmg ﬂ“ﬂll be
outside the |inear response range of the spectronet regi ons
of I ow signal content ‘and hi gh noi se. (511) The sanples used in the
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(7.1) The Mahal ac'aﬂﬁﬁx?s of daak' o r];sourltiﬁg Grom kt@xgmﬁﬁgu%re%lhe 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, k&, to
retain can be selected. Models can then be built with, for example, & —
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
calibration but for which the true value of the propert;v; 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
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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
frequency, etc. The exact relationship is somewhat more complicated
than that if the columns are to be orthogonal. The Legendre polynomials
are generated to be orthonormal, so that it is not necessary to effect a
singular value decomposition or a Gram—Schmidt orthogonalization to
make them orthogonal. 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 chemiéa.l
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 of 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,
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now be described, by way of exanple, with referenceﬂu&ﬁheehl’!%%
si ngl e draw ng. BRI EF DESCRI PTI ON OF THE DRAW NG WI ng S
a flow chart indicating one preferred way of perform of this

i nven- tion. DETAI LED DESCRIPTION @F T

ENBODI VENT  Theeflayy qﬂer@lg awg{u?er eg%&qh%gg@(%ﬁm%e che cﬁYV of

t he steps |nvoI car e'rnventive
met hod. The refcem@naed namecan@ a:mua rare Ioethdgmalu el the olynomialsnandod

operations i derthéﬁ it Rél cQﬁE&‘ﬂbxt veé‘tﬁrs Z?ev g%)erac.}esc @eﬁoﬂiﬂﬁg% qgr%lul ﬂue

updatlng the estinmation no orm
-line Measur &éieeomposition (described below) on the orthogonalized correctxon

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
orthoganalize any "correction spectra" due to ex—sample chemical
compounds (e.g. carbon dioxide and/or water vapor) to this set to
produce a set of “correction vectors", and finally to orthogonalize the
resultant "correction vectors" among themselves using singular value
decomposition. If multiple examples of "correction spectra", e.g. several
spectra of water vapor, are used, the final number of "correction vectors"

. will be less than the number of initial "correction spectra. The ones
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 U,. However, the steps for generating 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 Ug, 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
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- An infrared absorption spectrumof the sanple under consideration is
nmeasured. However, the method is applicable to any absorerurr SspectTunt The
nmet hodol - ogy is al so' be applicable to a wide variety of ot heet Been Replaced
spectroscopi-c neasurenent techni ques including ultra- vrolet
l'ight, Nuclear Magnetic Resonance (NWR), peflection, and phot mml II
spectroscopy, etc The s ct rum obt ai ned from perform ng th

measurement i s SpbogslssHssE 3‘8 lFr‘lei:’“’used to control the anal yzer operation,
and will hereafter be referred to as the test spectrumof the test sanple.

Status informe tion SR FEPNR e BARRRBECh HBEERnE ot Y IR K spec-
trum col | ect ed imeasaiemént rpmnesd”lepmtaaiddmi it thé depeiopnmnbrdtermeqimdaoﬁ ons.
(o "L AR PO 5y TGV ARl oooPh igieag '
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
matrix Uy of dimension f by m is produced. This matrix comprises m
digitized correction spectra at the discrete frequencies f, the correction
spectra simulating data arising from the measurement process itself. The
next step is to orthogonalize X with respect to Uy to produce a corrected
spectra matrix Xc whose spectra are each orthogonal to all the spectra in
Ua. 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 ¢ (¢ > 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 fby 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 7 by ¢. The validity of the equation Y = X}P
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- 33 - may have resulted from nechanical or electronic fajluse Reed
spectroneter. Such failings can nost readily be i dent i Fhis® aSBQLnﬁeE' g the
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relationship y, = x}P, xt being the transpose of matrix xy.

Although, in a preferred implementation of this invention,
the equation Y = X}P + E is solved to determine the predictive model,
the invention could also be used with models whose equation is
represented (by essentially the statement of Beer's law) as X, = AY* +
E, where A is an fby ¢ matrix. In this case, the matrix A would first be
estimated as A = XcY(Y*Y)"t. The estimation of the vector yu of

~ dimension 1 by ¢ containing the ¢ property and/or composition data for
the sample under consideration from the spectmm Xy Of the sample under
consideration would then involve using the relationship yy = xuA{AtA)-L
This calculation, which is a constrained form of the K—matrix method, is

 more restricted 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 = 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 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
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necessary to introduce calibration and/or standard ref
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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
obtained 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 predictive 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 assessmeni 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 generally mixed with information about the
calibration sample components. For example, the dot product of a
constant vector (a first order polynomial) 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 ca.hbra.txon spectra.  This is
accomplished by the following steps:

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

(2) The corrected data matrix X is formed, and its singular value
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- 34 - ei genspectra yield coefficients which are a neasure—ef—the degree
to which the eigenspectra can be used to represent the fee
in CPSA and PCR, the coefficients are further scal ed b%

ectrum |If,

ced

woul d be the scores, v[err], defined in equation 3.2b of Mng
I red

section of the specification describing ©PSA. Such scali

I n the generation of cfe@gm %Lgﬁgg%rgﬁ t%ﬁragwk cal cul ation of the

sinmul ated test sanple speﬁ{)r_um S ‘?orme addi ng together the nodel
ei genspectra sc@)ed by regression oéshe fofim Y uceeVEitiBiis salquinteddaaistablish ch are

not ei genvector-base h@é&?f@?&gxﬁ?e%eﬁ% {ﬂ”&otcﬁﬁ]ﬁ%tsd%fnh”ﬁ% iréd) of 4He b€

used to calcu- late the sinmu spect rum of e test sanple corre-

spondi ng to the par arffireipals compeRests:noYd represends r ¢ POENOND caf b dohe
measured test sanpl e sR8cts 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
of Uy) are calculated to form a vector va, the corrected spectrum
xc is calculated, the scores for the corrected spectrum are
calculated as v = xtUZ-, and the uncorrelated measurement
process signal values are calculated as r = vy — 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 unknown 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 consideration involves
extensive mathematical computations to be performed. In practice, such
computations are made by computer means comprising a computer or
computers, which is connected to the instrument. In a measurement
mode, the computer means receives 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 Ua, and orthogonalizes X with respect to the correction
matrix Uy. In addition, the computer 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 ¢ (¢ > 1). In
a model building mode, the computer means determines, in conjunction
with the operator, a predictivé model correlating the elements of matrix
Y to those of matrix Xc 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
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trum and the sinul ated test sanpl e spectrumis calcu-_la edHa each .4

nmeasur enment wavel ength or frequency. The resulting r I'S

used in operation [8]. 8) Calculate Measurenent Statis l _ ‘ges
[

Fromthe coefficients and residual spectra available f 7] and
t he neasured test sanple spec- trum fromi8peration [5], several statistical

test values can_be cal cul ated which a Sub . ' -shbi ONS
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calculation in the current operation is to provide statistical nea- sures
whi ch can be used to assess the appropriateness of the nodel for estimating
parameters for the tekymormgetail, Nie steps Amplvest agcording 4p a prafersed wayQls) |

any inferential @iy, 2 Ofre@id¥ioh U phsieaty a8 orabmbogifion Déatasell of eampledel
assessnent either singly or_ in coitbination hay be used. Does Test . Sanple
Spect rum Fai | witB4Arncqnsideradinge cap r?%ée'CQI“F bq'sailql@WsSpgg{sf’? i qefggtx% I I'n
the case of a pgimglepabr QAEPEILDAHOR OFs Madk bpsthd opabycri or 4 Hiaborfaesdy
Fesi dual spect r FRRBA nRRRRy AritEG, Cifer Repaves aad drparSLelr HBobiR oo,
of these samples need to be measured, collected and stored in the
computer 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
corrections used to model baseline variations. The computer means
generates the correction matrix Us and then orthogonalizes the
calibration sample spectra (matrix X) to produce the corrected spectral
matrix 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 spectral 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 consideration
which is used by the computer means to compute predicted property
and/or composition data based on the predictive model.

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
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- 35.- surenent frequency or wavel ength. The similgfed. SRS nIy
contai ns ei genspectra upon which the nodel is based. r al
features representing chem ical species which were ﬁﬁﬂmﬁﬁ t he
original cali- bration sanples used to generate the cont ai ned
i n the residual spectrum The Euclidean nd®m for a test sanple containing
chem cal specie n n t o] ed to
generate the m)ge felgrm %l%l@laen?'ﬁgnPé;r g(g{(ra B{)xﬁ&é GC@ggéﬁssn%&fns
cal cul ated for twe&ﬂgﬂt? PEF GPecsIERt r'E\hQJQmet of Q&w’eﬂ%t%dﬁ‘F@lF%GéPe fA¥ not ed

in operation [8], }@ﬁ%tﬁieﬁﬂosmecproa@&t 0P§ev@fﬂ%gﬁf@s Mephid GectnesbsAbne Bardr O-
vi des an assessment of whether chem cal  species are present in the test

sanpl e whi ch ar PerRRCOMPHERRANEA 3 Hngplar P%WWBW%HW}JI es. In particular,
pattern recognition techni ques and/or conparison to spectra contained in
conput eri zed spectral ki_l_)rtﬁr‘}tes may be used in conjunc- (1)

where U (the left eigenvector matrix) is of dimension f by n, ¥ (the
diagonal matrix containing the singular values o) is of dimension n by =,
‘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

properties:
UtU = I, (2)
VVt = VitV = [ | (3)
XtX = VAVt and XXt = UAU: | (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 UUt does not yield an
identity matrix for n less than £ 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
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fion wi th the residual spectrum In a preferred way of perfornmng the

i nvention, the magnitude of the Euclidean norm iThis Sheeti HanBesg Replacedoe i f t he
test sanple spectrumfalls within the range of t I sanpl e
spectra used to generate the nodel, ie. is-the E Il with
respect to the Euclidean norns of the cal20bration sanple spectra cal -
culated in a simlar ;hk . A small Euclidean normis taken I ndi cation
that no chem cal species are present in the test sanple that were not

present- in the calibra- tion sanples. If negative (a | arge Euclidean norn),

the sanpl e speciyhdfa S iPfd R canghri SpRhiniAgRNe mréﬁg@%ﬁﬁnoﬁu&iﬁer

| abor at ory anal ¥SIS. This 1s perforned In eration [12]. _The sa Ilg%c:;l
systemwith t hel®nkhe 7esamples pad,|ce PERPERRS pouants, angh BiriSnipespoty anpl es
;Jpotn cohmmnd Iby rﬂahﬁ;caﬁﬁh!g:@ﬁbsi(ﬁp'&bffﬁﬁem{fﬁﬁ%&r -rela.?]d rthe hiprogeﬂy}éodmplfsitm sh
est, chemica eci es are being,thou of,, as.chem cal componen iC
are con- tai nedigﬁ" t‘ﬂetg"aﬁﬂ?cé"ésdaéﬁpogga vl éf{eérﬁodlt?‘f"nf eﬁpﬂgﬂ%eg?sﬁch as
vvﬁte_r viapor whi @hed&cﬂt ction &ﬁaomhﬁmedmiéhg_rtheamdlysissof besp:drd:t:sumngtﬁdm d'ohrblrjn
chem cal conpongp ich ar r n . ' y
nodel - |ing thﬁ%@g%&aﬂ%ﬁ&“ﬁ?&?ﬁ& pg%ﬁecrwt?/r%%g'@lng!&tso t %gﬁﬂ%’%gqrﬁ gi g the

cal i brati on spea)der thecsample imebtdiedriyped above in relation to CPSA.
y = x*P (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

[XY"Y = [X{-XtP = P (7)

where [XY-t is the inverse of the X* matrix. The matrix X* 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

[XY-t = UZ-1V . (8)

where 21 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 = USVtY (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
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- 36 - Interpolation of the Mdel If the sanpl &hsshe eplaced
~acceptable in operation [9], it is preferable to ex H dity of
the nodel with respect to accurately estinmating pr i S sam

ple. Any nethod of determining statistic@l accuracy of paraneter estinates

or confidence | Is . QDI : p f pa¢Hineibki S IS
for the Mhal an%\fi cl%g lgieg?%%g 1(121%&38%] ng§ an(%i\?g ‘ilﬂﬁye 'ugt %g‘r?%(ﬁ;@%)gg t he
section of t hi sk)strecVri(eimersioniashy £bi ng t he devel opment of an enpiri cal

nodel in CPSA) to be used to determ ne the appropriateness of the nodel

calibration data set f{or &ﬁej ’ttig the sanple. The Mahal anobi(rsmfi stance is
a nmetric which is |arger nV'd T4t sanple spectrumis farthe romthe

geonetric center of the group of spec-

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 &
eigenspectra, E contains only random noise. It should be noted that the
product V-Vt no longer yields an identity matrix. To simplify notation
the ¢ will be dropped, and U,2 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 = xtU¥-! (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. ~
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tra used for the nodel calculation as represented afs§he dYR&E ce def| ned
by the principal conponents or eigenspectra used |n
| arge val ue of the Mahal anobi s di stance indicates t m,

estimate is an extrapol ation fromthe range of data he nodel
calibration. This does not necessarily n that the esti mate IS wrong,
only that the uncer- i | (Rt j:GPdervéc% ep (é”uséch% the
confidence | evel snal F@l%l&ﬁh eS| ra le a hi's facttgrmst m

nuni cated in al PRAHHS eefudht ul}k@%w’é)f SRERET Ut a. Ve PRESUMRe 183t | Tﬁﬁ é“} o¥8und to
be uncertain (| gpeterubplsd %e@b;ba%a@ledsaﬁms@)suml df m gemis) o Spdcorua cliev t he
sanpl e spectrum and capture pot, sa Ie fﬁé ﬁu se- uen Iaboratlo

anal ysi s using the Pt&\ff‘@rmc P’blfl} 1 MEIRHFEMS é’g?%‘ieé%"f B{fé’r ation
12] . 11) Does Terghalsaaﬂo{a.mcSpﬁmvraumtEaiebelbp conflodipts, a:rsedmaegtsdummn fleema i n
Cal i bration Mdel Even t hough the sanple may lie within the data space

covered by the apes (smal | val ue of Mahal anobi s dis- tance), the sanple
may lie in a region in which the nunber of calibration sanples in the nodel

set is sparse. In thi gt_cqu,_lxtcpa_gie@ rable to archive the sa@gpe spec-

trum and capture a sp sanpl €°[12] “86 that the nodel may be i oved. Any
standard statistical test of dis- tance nay be used in order to nake this

determ nation. 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, f{requency 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 Legendie 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 procéss
signal, are first orthogonalized relative to the polynomials via a
Gram—Schmidt orthogonalization procedure

Xs* = Xs — Up(Up™Xs)  pEp ACEMENT SHEET| (16)
.1 4 JAN 1997




In particular the inter-sanple Mbhal anobi's di stance cal cul at ed fo each
test sanple/calibration sanple pair may be exam Mshe#*ﬁiﬁi“\ rive at

the decision as to et her or
not the sanples should be saved. An inter- sarrpl e stance is
defined as the sum of the squares of the‘-’éﬁfferences bet ween the scores for

t he test I I
C LEhP oL SUTGHUTIANA HBBSSSpdod 1 S iAo s skl

scores being calcula y equati o
specification dé‘éﬂ?rp orgiedhe devel - opnent of an enpirical nodel in CPSA. A
negative response results if all the inter-sanple Mhal anobis dis- tances

are greater than a prgéiete(ﬂg{gj threshol d value selected to af Leve the
desired distribution ofs tion sanple spectra variabili ) in which
case, it is desir-

' to generate a set of orthonormal correction eigenspectra, Us. 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, Uy, 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 — Ug(UatX) | (17)

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

Xe = UVt (18)
and the predictive model is developed using the regression
Y=VB | ' (19)
The resultant prediction vector |
Pe = Ul VY , (20)
is orthogonal to the polynomial and correction eigenspectra, Ug.  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 = TatUalx (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.
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able to archive

the sanple spectrumand capture a spot sarrpl e for

subsequent | aboratory anal ysis using the conputer conffhlaﬂeéc!laa@ﬂ%

Estl-

hen

sanpling system[12]. 13) Cal cul ate Parameter and Confi

mat es After having perforned the statistical tests i

operations [9], [10] and [11] and possi bl y4 col  ecting a spot sarrp e as
indicated in step [12] araneters are now estinmated fromthe del .
For CPSA, this in- volm@sff@a tg of 4he Rgogedure; descaibed cahoxeasp mathpmatically

estimating the
cal cul ati on perf
the case of a ei

Transmt Esti mat
cal cul ated the

These may be tr
normal |y | ocate

ﬁﬁ'&lﬁl@rté in€ladg ﬁi&s polyrbmhial Sné)eorfgaﬁoﬁ%ﬂﬁé af ldﬁéb‘ctacﬁi

w || depe d on the t del being used
8% RatFXs A s ids c?g%{qgneacg lP?‘ﬁf‘{ Sppage T e%ﬁeéﬂﬂ%t fﬂ)d is
-a vector proj ectcalznlatret thed Bi dmnhlxcai eﬁ@atﬁdmtmdes’r,he hetstabined lasst CRfEAre 14)
3oeate i aRFE nEndBVE G bR ARy of R foflesio e gince, oy o

estimates and edsheymmust astountefopantiicient vaniaves umltheldasa amasrixoww h@/admtedal e.

&I“th%eﬁ' di e%?ﬁartfi‘zlte alt %@?}xfed"?ﬂ'T #Y re%%t 5p.

Int SCOﬂ- tr

by operations fft 9alwng)déxescahbcam §PeqHT20 3OS thec GATIRIOTa s BEG T befpse

calculatmg the singular value -decomposition, we eliminate the scaling
sensitivity.

Development of Empirical Model in CPSA

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

Ut er

ts ma be used

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 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 enipirical 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
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di agnostics. Data transmi ssion nay be in anal og or
Transmt Estimate(s) to Anal yzer Wrkstation The

o
_ | | y

operated totally unattended (stand
alone). It is desirable for the results of the analy [ i i cal
“tests to be transferred to a workstation2shich is generally avallable to
anal yzer and ap ns,_e | enaki [15].
ol e avar e R AR gl shaybedd E1E il A b:‘g i
conveni ent, it limitedttoecstepemtall compesitionab amalysisi (sambustior aaalysisz SF—wyst em
1) Archived Tesy,GReRhEB:R28 HRPNMBLYR bfipohdfieindipgdai gasPERdaiography,

mass spectroscopy); other spectral measurements (IR, UV/visible, NMR,

color); physical property measurements (API or specific gravity, refractive

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 n is the number
of calibration samples.

(2.2) Frequency dependent polynomials, Up, (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. o

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

Xs* = X5 — Up(Up'Xs) .(2-4)

(2.5) A Singular Value Decomposition of the correction spectra is then
performed,
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In the event that the sanples have been captured and m

subsequent nodel updating, it is necessary to update the eséﬂeng i
This can only be carried out once the results of | abor at OF
avai l abl e along with the archived spectrum I f nmodel up
needed, operation continues with [5]. Mdeg Updating Mod I'ng
consi sts of operation%[,z_]_, s[)ﬂg,t and [4]. Any or all of the op?F%ii ons may
be perforned on the a ’lyie‘J fputer or may be perforned of f-| on a
separate conputer. In the latter case, the results of the updated nodel
must be transferyeg ¢ e.an : ul ly and
Regr essi on Cal cu{Oa%n%'%thecggsgﬂr %ﬁ%?@'ﬂ‘[‘%e&é%kt@g%g#cfé)’ btgﬁ'nzs:\égglqh%ed in
t he nodel did notorrespending rsimldaMe!ﬁues«eaUéciI@i atei thepearsesponding] right s
not necessary t Qg ty 5 : i | ro- duces the nodel
Oelgé{v{aé'tgf’s‘{ 11‘1&3@&3@ thd ﬁfatfig]t\“%}sgasep

ei genspectra. Th) S .i ecause opetatl| on not identify the inclusion

of additional ei s’gb%-fuli 58t Pheyreqtion sams, Yo Fellng Usedididhninrludes Gogh s

case, only a newheegdlgnsthials afid l@erection eigddpddita REOCRES ré@OVed R Wheh

operation [4]. B%aligal cul at.e, New Mbdel .Usi ng gDSA o§ hlrfrﬂgl val ent aliThg:

calibrati on nodeflRton, data, s agath 4808y F n&@H—ochmidi * orthogonalization
procedure

Xe=X~— U.(U,.ﬁX) (2~6)

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

Xe = UVt (2-7)
(2.8) The eigenspectra from step (2.7) are examined and the a subset of
the first & eigenspectra which correspond to the larger singular values in

Z. are retained. The k+1 through = eigenspectra which correspond to
spectral noise are discarded.

Xe = UlZVit + By (2.8)
(2.9) The Ic.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 Ep is the regression error. The regression coefficients, Bp, are
calculated as

Bp = (VitVi) 1VitY, = VitY, (2.9b)

(2.10) An estimation of the pathlengths for the calibration spectra is
-calculated as
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I ng the. additional spectrum and corresponding | abora The

dat abase may be nmi ntained on a sepa- rate conputer and on
~ that computer. The entire nodel generation procedure |s the

expanded set of data. This, for exanple, would nmean rer

nodel or whi chever nuneri - -3997 cal nethods have been used

originally. If this stepis perfornmed off-line, then the updated
ei genspectra nust be tY@nsfve,[B d to the anal yzer conputer. Mozle0) updati ng
met hods coul d be devel oped which would all ow an updated nodel to be
estimated wi thout having to rerun the entire nodel building procedure.

A n by n diagonal matrix N is then formed, the ith diagonal element of N

being the ratio of the average pathlength for the calibration spectra, yp,

divided by the estimated pathlength values for the ith calibration sample

(the ith element of W.[p).
(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 n by ¢ matrix containing the values for the n
calibration samples and the c¢ property/concentrations) to obtain the
regression coefficients for the models,

Y=Vi¢'B+E (2.12a)
B = (Vi/tVi/ ) tVy'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,
Xp = Uplivyt (3.2a)
vu = I 1Uktx, '_ (3.2b)

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

yP = qup (3. 3)

(3.4) The eigenvector for the unknown is rescaled as
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4) Per f orm New Regression and Update Mddel Regres- sion Coefficients.
regression is perforned using the scores for the updat ed‘hﬁ&hdeﬂlla‘aBB@rReB‘@ﬂed

and the | aboratory neasure- nents of conposition and/or ters
to obtain regression coefficients which will be used to p
parameter and confidence interval estinaggtion of operati

regression step is identical taq that described above for CPSA (equatlons
2.9a and b in the seock oa wys/lyg) devel opnent of an enperical r8dgl

her ei nabove). If this step is performed off-line, then the regression
coefficients nust be transferred to the analy- zer conputer. The steps

R R g e S o AN,

par anmeters by per e ab

a fluid or gase@® ﬁh@omrw/mnmmwm@amaé%laysu s provi des high
quality estimates of the concentration of chem cal conponents and the
concentrations of classes of chem cal conponents. Physical and performance
parameters which are ¢|j eegjdy or indirectly correlated to chenf3cs)
conponent concentrations are estimable. Conditions for the nmeasurenent of
t he absorbance spec- tra are specified so as to provide redundant spectral
i nformation thef{4&by Tel spéctigl trbgion onsedt i ithe 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 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 (17) or PRESS based variable selection (18), 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 parametérs being estimated.
(7.1) The Mahalanobis statistic for the unknown, D3, given by

Dy = v_u'(Vk"Vk’)'lvu"- (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 = E.-I‘U-tx“ (8.1)
These values can be compared against the values for the calibration, Vg,

to provide diagnostics as to whetheg the measurement process has
changed relative to the calibration.
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‘rret hod di agnostic and qual ity assurance neasures. The ste C |8l

t he nmet hodol ogy are per- fornmed in an integrative mann&pis b e’é}?{{ép%c{hge

contin- uous estimtes for nethod adjustment, operation l\ Hﬁmnd _
e set

aut omat ed sanple collection. Different as- pects of the
out bel ow i n nunbered ‘paragraphs (1) to (30).

- 40 - (1.) I@c iotré;l of t.hée subpset region f,og t he absorbance_s ec(tira
measurements (W) IArndenandysis nh AnopnkaRwy Gyith - SRECUNEL (Fuand | § e
vari ous subregi ons can be. agea | i.shed by the use of different infrared
spect r onet er equﬁp%ﬁtéﬁ’tn.x'sbs-c culated @57 oy of the appropriate subregion(s) is
accom pl i shed by obtaining the spectrum of a representa- tive
sanple in each of the €andi date subregi ons and '

Xy = U.E.V.t + UcrcVnt . (9.18.)

A comparison of the simulated and actual spectra is then made by

calculating the Euclidean Norm, ";u—xu"

Ixu—xall = v (xu—xa)(Xu—xa) - (1)

The Euclidean Norm is then compared to a threshold value to determine
if the unknown is within the range of the calibration spectra, i.e.

|l xu—xul.< threshold. The threshold value is determined by treating each
of the individual calibration spectra x; (columns of the data matrix X) as
unknowns, calculating the Euclidean Norms for these n calibration
samples, and setting the threshold based on the maximum Euclidean
Norm for the calibration set.

(10.1) In the analysis of an unknown with spectrum x,, the distance

between the unknown and each of the calibration spectra x; (columns of
X) is calculated as

xu—xil] = v (xu—x5)t(xu—xs) (10.1a)

and the distance is compared to a threshold to determine if the unknown
is in a region where the number of calibration samples in the predictive
model is sparse. Alternatively, the distance in the Principal Components
scores space is used for the calculations

"%%ﬂll =/ (Va—v5){(vu—v3) (10.1b)

where v; is the vector of V. corresponding to the ith calibration sample.
The threshold value is determined by treating each of the individual
calibration spectra x; (columns of the data matrix X) as unknowns,
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sel ecting the subregion(s) in which absorptions are found o gpqacghue
directly or indirectly to the chem cal consti tuent(s)f"m ee
Criteria for se- | ection of the appropriate subregi on(

mari zed as foll ows: The procedure of this paragraph is

wi de range of possible absorption spectrud nea- surerrents No si ngl e

T neces o o dplyBlibing G gisianBl Ko eEI0 ol R0R i, Wing ABaAbRE P ch'
i s availabl e in l18.1aperci?.dbearst settingethe theeshold prsedioni thy magmdmcdiskance
absorption feat\t{g %Jémxbtrgﬁon set. chem cal constituents which are in the

sanpl e and are corre ated to the conposition and/or property
parameter for which a paranmeter estimate is to be calculated. The

R
per f or mance, pr &9 64l eg‘dﬁﬁﬁ#egl’ %{a%@"ﬁg‘h with 1€ ?%Fﬁ?ﬁ‘eéﬁi‘ﬁ‘%%ﬂﬂ‘%g

sanpl e access, amglsﬂmmgma- ~ ter detector choice considerations. The
preferred subset region for measuring liquid hydrocarbon process
streans is one in which the thickness of the sanple is approximately 1

cm This is achi BREBF DESCRIPTION QEJTHE PRAWHBIG nmto 1600 nm which

corre-

The single drawing is a flow chart indicating one preferred way of
performing the method of this invention.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENT

The flow chart of the single drawing gives an overview of the
steps involved in a preferred way of carrving out the inventive method.
The reference numerals used in the drawing relate to the method
operations identified below.

l)x 2)) 3)) and 4) .

These deal with updating the estimation model and will be
described later.

5) Perform On—line Measurement

An infrared absorption spectrum of the sample under
consideration is measured. However, the method is applicable to
any absorption spectrum. The methodology is also be applicable
to a wide variety of other spectroscopic measurement techniques
including ultraviolet, visible light, Nuclear Magnetic Resonance
(NMR), reflection, and photoacoustic spectroscopy, etc.

The spectrum obtained from perfornﬁng the on—line measurement
is stored on a computer used to control the analyzer operation,

and will hereafter be referred to as the test spectrum of the test
sample.
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-

sponds to a subset of the near infrared region for \/\hi ch spectrorreter'

equi pnent which is conve- niently adaptable to on-

cur - rently avail able. The naned region is a furthe subset of t e
range which is possible to neasure using a single s H?an ehhgq
further restriction on range is prefegyed in order t ’
sufficient sange to enconpass al | absor ) |ons havi ng ﬂ
dynani ¢ range i A) absol3dadeligeiion Qoeraty oct ave in wavelengt h.

(2.) Criteria for selectlon and neasurenent of sanples for the calibration
nodel cal cul ati on. | es

are col lected at vari ¢ SREGHUM 3ng,R0y spectrometer srta%lénﬁf%réxga(?[f%l tﬁ%nﬁl on
sanples) which are negilsdensatdandned tbheenifynghatotherspeasemscollearedc sm

valid from the stand point of spectrometer operations (not
statistical comparison to estimation models). The principal
criteria for the validity checks are that there is no apparent
invalid data which may have resulted from mechanical or
electronic failure of the spectrometer. Such failings can most
readily be identified by examining the spectrum for unusual
features including but not limited to severe baseline errors, zero
data or infinite (over—range) data.

If the data collection operation is deemed to be valid, processing
continues with the analysis of the data which is collected. If the
data collection operation is deemed to be invalid, diagnostic
routines are executed in order to perform spectrometer and
measurement system diagnostics [16] (numbers in [ ] refer to
operation numbers in the attached figure). These may consist of
specially written diagnostics or may consist of internal diagnostics
contained in the spectrometer system. In either event, the
results of the diagnostics are stored on the operational computer
and process operations are notified that there is a potential
malfunction of the spectrometer [17].  Control returns to
-operation 5] in order to perform the on—line measurement again
since some malfunctions may be intermittent and collection of
valid data may be successfully resumed upon retry.

- The objective of the diagnostics performed are to isolate the
cause of failure to a system module component for easy
maintenance. Therefore, as part of the diagnostic procedure, it
may be necessary to introduce calibration and/or standard
reference samples into the sample cell in order to perform
measurements under a known set of conditions which can be
compared to an historical database stored on the computer. The
automatic sampling system is able to introduce such samples into
the sample cell upon demand from the analyzer cdmputer.
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position variation. (2.2) Absorption spectra of the sa may be oh-
tained either on-line during the sanple collection pr ¢ ed
separately in a |l aboratory. using the sanples coll ect ed} '

property and/ or conposition data for whi ch the cali br to be
generated are separately measured for tfie collected sanples usi ng
standard anal yti cal Iaboratory technl ques (3 ) Cal | brat I on nodel

cal culation (3.1) TheCalquls ' plands T : Ay Mode

several nultivariate npdl3eea t,tune sarrpl es obt ai ned are deS| gnat ed
cal i bration sanpl es. roug e application of the nethod, a set of
ei genspectra are obtai ned which are a specific t ransf or mat_i on of the

cal i bration spectra. ’Imeymaashred rspeatie coff the dalveplerumder ttyétqattrpqaéashwn
estinmation step. An_j ortant prg}xerred faeature of th
t

allows for the updati i f“‘Phé’eB\Se sREStral (magithdes; & EY%% g’é ?ees
during actual opera- mealsmmeﬁlmﬁ'equehhepe(om\&avaldngthse)rats'ess ohe sfmqnlew to be

col Lected as_pr eyl Ousluli U SH8UBAR S ATRAASEE She AR 45 SUANLe!sBFeral

rel event data entered ICtive no 1
particularly i rrportamdehoesttmen@anmrememre whichi reel mtemdme tO the

calculation of the property and/or composition data parameter
estimates. In the case where the model is an eigenvector—based
model, such as is the case when PCA, PLS, CPSA or similar
methods are used, the dot (scalar) product of the measured test
spectrum with the model eigenspectra yield coefficients which are
a measure of the degree to which the eigenspectra can be used to
represent the test spectrum If, in CPSA and PCR, the
coefficients are further scaled by 1/o, the result would be the
scores, vy, defined in equation 3.2b of the foregoing section of the
specification describing CPSA. Such scaling is not required in
the generation of the simulated spectrum. Back calculation of
the simulated test sample spectrum is performed by adding
together the model eigenspectra scaled by the corresponding
coefficients.  For models which are not eigenvector—based
methods, calculations can be defined which can be used to
calculate the simulated spectrum of the test sample corresponding
to the parameter estimation model.

The residual between the measured test sample spectrum and the
simulated test sample spectrum is calculated at each
measurement wavelength or frequency. The resulting residual
spectrum is used in operation [8].

8) Calculate Measurement Statistical Test Values

From the coefficients and residual spectra available from
operation [7] and the measured test sample spectrum from
operation [5], several statistical test values can be calculated
which are subsequently used in operations [9—11]. Preferred
statistics are described in the discussion of operations [9—11] and
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r}DdeI calculation method is used for the initial

nmet hod which is likely to be used for devel opi ng

pr edi €44 Sheet HasxRekn Replacdds

preferable that the initial cal i bration nodel be devel op ame
) the no
ration

updat ed sanpl e set Met hods whi ch can be used for the cali
cal cu- | ation are: (b 3.1.1) Constraigged Princi pal Spectra Analysis as

descri bed herei nabove is the preferred t hod.
conponents regressi orffi Qéﬁé%‘iﬂ?y use%%g@é CEERpe

ypeanne et ogbe

(3.1.3) Partial |eastcabryletions ianshe stigremhiopératisnais to psgede f statistical

I npl ement ati on of the_nore general i,ncy r L,on.

(3.1.4) Any specific ngﬁ&}f‘?St HBﬁc&h‘f%'th Susgéjbtgtﬂasgé% t%Q%%?Sﬂ}Eftgﬁ&Q of thl

-42- model for estimating parameters for the test sample. Any
method, statistical test or test(s), any inferential test, or amy
rule—based test which can be used for model assessment either

singly or in combination may be used.

9) Does Test Sample Spectrum Fall within the Range of the

Calibration Spectra in the Model

In the case of a principal components (or PLS) based analysis,
this test refers to an examination of the Euclidean norm
calculated from the residual spectrum by summing the squared
residuals calculated at each measurement frequency or
wavelength. The simulated spectrum only contains eigenspectra

upon which the model is based.
representing chemical species which
original calibration samples used to
contained in the residual spectrum.

Therefore spectral features
were not present in the
generate the model will be
The Euclidean norm for a

test sample containing chemical species which were not included
in the calibration samples used to generate the model will be
significantly larger than the Euclidean norms calculated for the

calibration spectra used to generate

the model. As noted in

operation [8], any statistic, test or procedure may be used which
provides an assessment of whether chemical species are present in
the test sample which are not contained in the calibration
samples. In particular, pattern recognition techniques and/or
comparison to spectra contained in computerized spectral libraries
may be used in conjunction with the residual spectrum.

In a preferred way of performing the

invention, the magnitude of

the Euclidean norm is evaluated to see if the test sample
‘spectrum falls within the range of the calibration sample spectra

used to generate the model, i.e. is the

Euclidean norm small with

respect to the Euclidean norms of the calibration sample spectra

calculated in a similar fashion. A sm

all Euclidean norm is taken

as indication that no chemical species are present in the test
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tially the same as the above. (3.1.4) A neurol ogi ‘iﬁsSheeq%elén ordlthm
such as back propagation, which is used to produ net er
estimati.on nodel. This techni que may have partic ]“ H’MHH‘mfor
handl i ng non-Iin- ear property val ue estinmation.

Property/corrposition estimation (4. 1) Bt operty and/ or conposition data

Sbove_(equation 3. 5) SAmHIEIRL MEIE A pRERO BN CORuATOR) BaRbERT 1

Cal i brati on nodel valnea&nve)n(ar éinges Eiuohdéael pmuéssﬂmf salmpbi rspedtagmwhet her ) '
h I t

or not the initia vvoaJ[ s}gg@g elp y Srg)\c}?kt | S Erg:c}ﬁ%h@é ﬂ@; Yﬁ&ﬂew ng e

cali brati on nodel be cros |dat| n rredto rei n-
above. (5.1) Addit i ¥dhisiss anbhis siswperégrmade im giperatiqn |[h°-}t hehe sampiR®r at i on

nmodel cal cul ation (pajya@naRAtd 3he analv%@?‘i@)caﬁﬁ'@lecéﬂ hﬁ’ﬁﬁilcﬁnﬁséapﬁﬂiﬁ and

measur ed. (5.1.1) Spectra are neasured se sa S ei . ther
on-line or in a Iabor%gﬁwa& RGOR (£RMIBAR E%t{‘e anghml nPWi\‘}BmlBQHﬁ'
col |l ect ed.

In the context of this test, chemical species are being thought of
as chemical components which are contained in the sample as
OppOSed to external interferences such as water vapor which will
also show up here and must be distinguished from chemical
components which are present in the sample. This can be done
by modeling the measured water vapor spectrum and by
orthogonaiizing the calibration spectra thereto, as described above
in relation to CPSA.

10) Does Test Sample Parameter Estimation involve Interp_olatlon of
the Model

If the sample is selected as acceptable in operation [9], it is
preferable to examine the validity of the model with respect to
accurately estimating properties of this sample. Any method of
~ determining statistical accuracy of parameter estimates or
confidence levels is appropriate. A preferred way of achieving
this is for the Mahalanobis distance (as defined above in equation
(71) of the section of this specification describing the
development of an empirical model in CPSA) to be used to
determine the appropriateness of the model calibration data set
for estimating the sample. The Mahalanobis distance is a metric
which is larger when a test sample spectrum is farther from the
geometric center of the group of spectra used for the model
calculation as represented on the hyperspace defined by the
principal components or eigenspectra used in the model. Thus, a
- large value of the Mahalanobis distance indicates that the
property estimate is an extrapolation from the range of data
covered by the model calibration. This does not necessarily mean
that the estimate is wrong, only that the uncertainty in the
estimate may be larger (or the confidence level smaller) than

7REPLACEMENT SHEET
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(5.1.2) Property and/or conposition data are ob-

_—
tai ned separatel y

fromthe sane standard anal yti - cal | aboratory an et His@e@ Hepl.:

i n paragraph (2.3) above. (5.2) Property and/or

are- esti mated usi ng equations (3.3-3.5) in. the descl M ﬂ CPSA
her ei nabove and val i dated by conparison.tag t he | aborator

property and/ or conposi

tion daj a. .) On-line
measurement (6. 1) An?esirﬁ\b’r"a%‘g t@'ﬁe}éﬁtr BFﬁasg FRIG YGRS
capabilities in the supsgtofwayghength regi on deter-

a3 L egRggt T um

m ned i n paragraph

(1) above may be used. (6.2) Sanpling of the process steamis
acconpl i shed either by extracting a sanple fromthe process stream
using a slip stream orIfbyhe nseintdtegisafoundt itcabe uncepraitbe(langeo Mahalapobisess

stream

distance), it is desirable to archive the sample specirum and

capture a spot sample for subsequent laboratory analysis using

19).

the computer controlled automatic sampling system [operation

11) Does Test Sample Spectrum Fall in a Populated Region of Data

in_Calibration Model

Even though the sample may lie within the data space covered
by the model (small value of Mahalanobis distance), the sample
may lie in a region in which the number of calibration samples in
the model set is sparse. In this case, it is desirable to archive the
sample spectrum and capture a spot sample [12] so that the
model may be improved. Any standard statistical test of
distance may be used in order to make this determination. In
particular the inter—sample Mahalanobis distance calculated for
each test sample/calibration sample pair may be examined in
order to arrive at the decision as to whether or not the samples
should be saved. An inter—sample Mahalanobis distance is
defined as the sum of the squares of the differences between the
scores for the test sample spectrum and those for the calibration
sample spectrum, scores being calculated by equation (3.2b) of
the section of this specification describing the development of an
empirical model in CPSA. A negative response results if all the

inter—sample Mahalanobis distances

are greater than a

predetermined threshold value selected to achieve the desired
distribution of calibration sample spectra variability, in which
case, it is desirable to archive the sample spectrum and capture a
spot sample for subsequent laboratory analysis using the
computer controlled automatic sampling system {12].

13) - Calculate Parameter and Confidence Interval Estimates

After having performed the statistical

[REPLACEMENT SHEET|
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-43- - (6. 2. 1) Slip streamextraction is used“t—“BTT—rTj_f_h-e—/

sanple to an absorption spectrum neasuring cell. tﬁpﬁhﬁttw t he
sanple in the cell is nea- sured either by havin e cell
di - rectly in the light path of the spectrorreterwjmn ectly
by coupling the neasurenent cell to 36t he spectro pat usi ng

fiber optic t echnol ogy trac th I ndi rect

fi ber optic measur ene?ﬂe"f%ﬁnﬂgfog& éﬁﬁﬁla}gﬁeposs y C° RGHNE2 SROY S3aple
measur ement et hodI [lfblriﬂd@:altétﬁ in step [m,aﬁmrﬁa‘fﬁﬂieter's hage mbﬁzmdeﬁmmer 3e
conti nu- ously ow n ase. t ctr I ne
Is a tinme averaged spg}?t or 2y vé‘ﬁ&éf his 'H%@‘PGS Cﬁfég]dﬁ sfP%pscf)%}e flow
during the spectral (equanmea'isﬁb)ermdt then estimfatPng)the nparatrieters s(Eqpitiony i s
acconpl i shed by cou- f #I ngTLQ &&hl Sg}ne asgmgﬁtqfonp?é;c{hﬁﬂ?d)f wilihe

spectroneter to the sarrp feam using f no ogly
(7.) Process paranet efepend-upare the dppe tof Iao@iobemg)mse For the case of a
eigenvector—based analysis (such as PCR, PLS), the method is a
-vector projection method identical to that described above as

CPSA.

14) Transmit Estimate(s) to Process Monitor/Control Computer

Having calculated the parameter estimates and the statistical
tests, the parameter estimates and estimates of the parameter
uncertainties are now available. These may be transmitted to a
separate process monitor or control computer normally located in
the process control center. The results may be used by
operations for many purposes including process control and

process diagnostics. Data transmission may be in analog or
digital form.

15) Transmit Estimate(s) to Analyzer Workstation

The analyzer is normally operated totally unattended (stand
alone). It is desirable for the results of the analysis and statistical
tests to be tranmsferred to a workstation which is generally
available to analyzer and applications engineers.  This is
indicated in operation [15]. While the availability of the data on
a separate workstation may be convenient, it is not essential to
the operation of the analyzer system. | |

1) Archived Test Spectrum and Lab Data for Model Update Present

In the event that the samples have been captured and spectra
archived for subsequent model updating, it is necessary to update
the estimation model. This can only be carried out once the

results of laboratory analysis are available along with the
archived spectrum.

[REPLACEMENT i LEET
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position) estimation. (7.1) Spectra are neasured on-
stream sanpl es during process operation. Several c' iE “l
|ii as

techni ques for performng the spectral neasure- .
descri bed in paragraph (6) i medi at el y above. (7
estimation is carried out using the edfuati on in paragraph (4.1) above.

(8.) Calibration m)del gt (s whizch t he
esti mat ed par anmet erl‘(JIIB 4 ﬁ;ﬂﬂtm ?I cangg éddltoﬁéﬁﬁ@ﬁ,{mbﬁéﬁsfﬁgWSF
| abor at ory neasured paranet er(s) as determned in par agr aphs (9) and

(10) bel ow are added t\%i‘tcfh%gda“P%al i bration set and the calibration

procedure is repe g wWwth paragraph (3) to obtain an
-44 -

Model updating consists of operations (2], [3], and {4]. Any or all
of the operations may be performed on the analyzer computer or
may be performed off—line on a separate computer. In the latter
case, the results of the updated model must be transferred to the
analyzer control computer.

2) Full Model and Regression Calculation Necessary

If the sample which is being included in the model did not result
from a negative decision in operation (9], it is not necessary to
carry out the calculation which produces the model eigenspectra.
This is because operation [9] did not identify the inclusion of
additional eigenspectra into the model as being necessary. In this
case, only a new regression is required, and the process continues
with operation [4].

3) Calculate New Model Using CPSA or Equivalent

The calibration model data base is updated by including the
additional spectrum and corresponding laboratory data. The
database may be maintained on a separate computer and models
developed on that computer. The entire model generation
procedure is repeated using the expanded set of data. This, for
example, would mean rerunning the CPSA model or whichever
numerical methods have been used originally. If this step is
performed off—line, then the updated eigenspectra must be
transferred to the analyzer computer.

Model updating methods could be developed which would allow
- an updated model to be estimated without having to rerun the
entire model building procedure.

4)  Perform New Regression and Update Model Regression
Coefficients — -

REPLACF ENT BHEET
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updat ed calibration nodel as set out in the equation par agr aph
above. (8.2) Sanples which are neasured on-line are com ‘ ﬁ?ﬁ" ace

sanpl es used in the calibration nodel usi ng the net hods
par agr aphs (9) and (10) below. Sanples for which fall t
(10) are noted and aliquots are coll ectedsgfor |abora- tory anal y5| S
t he property/conpositi,on_a tion of e
measor e Spectyum af EREDH APEIGPE JRihe it pfespl Tof ‘(R it

of
i ne
tion

data for any such sarrpalebrasomcsdednd the laberataty imessuremenas a)fsmm;mﬁmdnhe

calibration proce- g#l for %(ép%?ﬁ?tlgag ﬁ\B 09 Whdath p%&?&sﬁﬁh chethicieRts

obt ai n updated cal i br

nostrc and
measur-es (9.1) Di agnodthids Va}lebpeusﬁdrtﬂacpeb%fmaltheulmriaﬂ@t@'e\an canfigence
par amet ers hi oh Meas o esblulilcal of Yorkaddie (131 es’fl‘héaf%ésr%ﬂe&tebuﬁg to

the spectra of sanples, used In the caljbrati

di stance and si ni | ari t¢ential to that ghbﬂt% ‘H’reef%&@‘gde‘&‘éﬁ‘mi’ét?e 93 pad

spectr al

SUur edregtieS . sediists Corl nmeudﬁwellagineat eof10in | efibirRdl t thodel

(9.1.1.1) Mahal anobi s ,di st ovee)s arifl/ﬁus Eucli d

hereina step 1s performed off-line, then the
regression coefficients must be transferred to the analyzer

computer.

The steps described above allow the estimation of property
and/or composition parameters by performing on—line measurements of
the absorbance spectrum of a fluid or gaseous process stream.
Mathematical analysis provides high quality estimates of the
concentration of chemical components and the concentrations of classes of
chemical components. Physical and performance parameters which are
directly or indirectly correlated to chemical component concentrations are
estimable. Conditions for the measurement of the absorbance spectra are
specified so as to provide redundant spectral information thereby allowing
the computation of method diagnostic and quality assurance measures.

The steps comprising the methodology are performed in an
integrative manner so as to provide continuous estimates for method

‘adjustment, operations diagnosis and automated sample collection.

Different aspects of the methodology are set out below in numbered
paragraphs (1) to (10).

(1.) Selection of the subset region for the absorbance spectra
measurements

(1.1) The measurement of the infrared spectrum in the
various subregions can be accomplished by the use of
different infrared spectrometer equipment. Selection of
the appropriate subregion(s) is accomplished by obtaining
the spectrum of a representative sample in each of the
candidate subregions and selecting the subregion(s) in
which absorptions are found which are due directly or

REPLACEMENT SHEET]
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norms to determ ne the appropriateness of the cali-bration set for
estimating the sanple. (9.1.1.2) Residual spectrum (t hahishetfHa6BGE Replacec

. bet ween t he actual spectrum and the spectrum estinate
ei genspectra used in the paraneter estimation) to det l{ "I
unexpect ed conpo- - nents having signi fégcant absor bance .

(9.1.1.3) Values of the projection of the spectrum  onto any individual
ei genspectrum or conbi na- Inditecdn ¢F thee chemicad peenstituent(etcdr intarest.f t he

range of conposi tion obgefu@dl 1S sdldtiod 4t HeMagp6pidle! subregiom{§ Pidagn Set -
(9.1.1.4) Vector estimators_ of spectroneter system oper at 1 onal '

condi tions (such as wavel en§¢ fummarized asfghows: 54i at i on source variability,
and optical - conponent degradation) which would affect the

validity of the paraneter estinmatign orf{hhe error hi qssgf:iated wiih the
paranet er esti mat ed. e procedure of this paragraph is applicable over a wide

REPLACEMENT SHEET range of possible absorption spectrum measurements. No
' single spectrometer can cover the entire range of
applicability. Therefore, it is necessary to select a subset
region which matches that which is available in a
spectrometer as well as providing significant absorption
features for the chemical constituents which are in the
sample and which are correlated to the composition
and/or property parameter for which a parameter
estimate is to be calculated. The criteria for selecting
the preferred wavelength subset region include subjective
and objective measurements of spectrometer performance,
practical sample thickness constraints, achievable sample
access, and spectrometer detector choice considerations.
The preferred subset region for measuring liquid
hydrocarbon process streams is one in which the
thickness of the sample is approximately 1 cm. This is
achievable in the region from 800 nm to 1600 nm which
corresponds to a subset of the near infrared region for
which spectrometer equipment which is conveniently
adaptable to on—line measurement is currently available.
The named region is a further subset of the range which
is possible to measure using a single spectrometer. . The
further restriction on range is preferred in order to
include sufficient range to encompass all absorptions
having a similar dynamic range in absorbance and
restricted to one octave in wavelength.

(2.) Criteria for selection and measurement of samples for the
calibration model calculation.

(2.1) Samples are collected at various times to obtain a
set of samples (calibration samples) which are
representative of the range of process stream composition

* |REPLACEMENT SHEET
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-45- (9.1.2) Experienced-based di agnostics commonly ob- tai ned by control
chart techni ques, frequency dis- tribution analysis, or any simlar

t echni ques whi ch eval uate the current neasurenent (either spectral or
paranmeter) in terns of the past experience avail - ab| &hie Blicktdtas Beeo Repildeed
calibration sanple set or the past on-lige sanple mamqﬂmmmH Il'ﬂm
Process control, optimzation and diagnosis (10.1) Para

calculated in real-time whi cHariaten i i agnostic of process operatl _
whi ch can be used for control and/or optimzation of the .process and/ or
di agnosi s of unusual or unex rocess, oper.ation ond|t|

(10.1.1) Exanpl es of paramet gfg \?ﬂ?seﬂﬁ 1OnCSHEEWA PL the sa ?%glagpg%gpt:flmed
measurenent of a single proceither on—liaé rdasingi thel sadeple fvelieaadn poonedsiet 60N

TR as, TS (SUCN 25 g RANGSALEEY! B OLHPK bl the saSlifE o2

conponents as, for exanple, benzen ehe
concentration of a class of COﬂﬂﬁﬁbnpounds as, for exanple paraffins);
physi cal property neasurenents (such as density, i ndex of

refraction, hardness, viscosit fl ash poin our v.apor.
pressure); performance pr oper® 33) he preBerty e%gﬁf’r (cgmsagonoga%émﬁm‘&
cetane the calibration model is to be generated are separately

measured for the collected samples using standard
analytical laboratory techniques.

(3.) Calibration model calculation

(3.1) The calibration model is obtained using any one of
several multivariate methods and the samples obtained
are designated calibration samples. Through the
application of the method, a set of eigenspectra are
obtained which are a specific transformation of the
calibration spectra. They are retained for the
property/composition estimation'step. An important
preferred feature of the invention allows for the updating .
of the predictive model by collecting samples during
actual operation. This will permit a better set of
samples to be collected as previously unrecognized
samples are analyzed and the relevant data entered into
the predictive model. Therefore it is not particularly
important how the samples are obtained or which model
calculation method is used for the initial predictive
model. It is preferable that the initial calibration model
be developed using the same method which is likely to be
used for developing the model from the updated sample
set. Methods which can be used for the calibration
model calculation are:

(3.1.1) Constrained Principal Spectra Analysis as
described hereinabove is the preferred method.

[REPLACEMENT SHERT
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nunber, conbustibility); and perception (such as snell/odor color

(10.1.2) Parameters which are based on the spectral | tvvo
or nore streans sanpl ed at different points in the p

measur - ing the difference (delta) attrlbutableto ss

i ncl uded between the sanpling points along; = wth any deI ayed effect of
process between to the sanplin |nts (10.1. 3) Pararreters whi ch are
based on one or mor e spectral (%a@u?é‘#ﬁ%’%c‘émﬁwbew fegretsin discusspd ocess
operational measurenents (such as jy@¥e is an aPRFHtivecsethedessures, flow
rates) are used to cal - culate a multi-paraneter (rrultivariate) process

nodel . (10.2) Real-tine paraneters as described in paragraph (10. 1) can

be used for: (10.2.1) Process op@ria3) ®artizinleasy sqares afdlgsi®, dhidk acess
control either as part of a feedback

f
(10.2.3) Process diagnosis and/or (Qﬁflpfh 25‘["}%%“%?&&9%\%[3@%“%% p%e?)ltg{eﬁt el

response and trends. principal components regression.

(3.14) Any specific algorithm which is
substantially the same as the above.

(3.1.4) A neurological network algorithm, such as
back propagation, which is used to produce a
parameter estimation model.  This technique
may have particular advantage for handling
non—linear property value estimation.

- {4.) Property/composition estimation
(4.1) Property and/or composition data are estimated

according to the following equation as explained above
(equation 3.5):

B

<

—_ g
u—vu

(5.) Calibration model validation

Calibration model validation refers to the process of determining
whether or not the initial calibration model is correct. Examples
of validating the calibration model would be cross—validation or
PRESS referred to hereinabove.

(5.1) Additional samples which are not used in the
calibration model calculation (paragraph (3) above) are
collected (test set) and measured.

(5.1.1) Spectra are measured for these samples
either on—line or in a laboratory using the

REPLACEMENT SHEET
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46 It wll be appreciated that many nodifications to or additiagn

pended clainms. Al such nodifications and additions will

the inventive nmethod and apparatus di s- closed herein angShecEB
departing fromthe spirit and scope of the invention or M‘\B \ l
e

skill ed addressee, are contem plated by ife disclosure

pr esent

Shl

out -
ap-
t he

I nvention, and will not be further described herein. The concepts and
mat hemat i cal techni ques di scl osed sampiesivehighthaye begseeoliactast i on are
relatively conplex. Al- though the invention has been fully described in

the foregoing pages, there is set ,out_hereinafter,, under the headin
r(gt}f )k ﬁJ %ﬁésgﬂ%ed,

"Appendi x," a detailed descriptio
starting fromfirst principles. Thibsaifepersebaxatedr nfoarthe okambe sthindgtdsur e

of the pres- ent specification.

Definition of Mathemati cal

JORGHY - ARYO | CUPPOLLIAMH |

Tor s, SGPHBISEL abgrgp pUeS Rkt Cro in

paragraph (2.3) above.

(5.2) Property and/or composition data are estimated
using equations (3.3—3.5) in the description of CPSA
hereinabove and validated by comparison to the
laboratory obtained property and/or composition data.

'(6.) On—line absorption spectrum measurement

REPLACEMENT SHEET
| | 14 JAN 1997

e

(6.1) Any infrared spectrometer. having measurement
capabilities in the subset wavelength region determined
in paragraph (1) above may be used.

(6.2) Sampling of the process steam is accomplished
either by extracting a sample from the process stream
using a slip stream or by inserting an optical probe into
the process stream.

(6.2.1) Slip stream extraction is used to bring
the sample to an absorption spectrum measuring
cell. The spectrum of the sample in the cell is
measured either by having positioned the cell
directly in the light path of the spectrometer or
indirectly by coupling the measurement cell to
the spectrometer light path using fiber optic
technology. Slip stream. extraction with indirect
fiber optic measurement technology is the
preferred on~line measurement method. During
the measurement, the sample may -either be
continuously flowing, in which case the spectrum
obtained is a time averaged spectrum, or a valve
may be used to stop the flow during the spectral
measurement. '



1.1 Scal ars: Vari abl es representing scal ar quaniti trgg w |l be desig—

nated by | owercase, normal typeface letters, e.g. X 02
[

°°ﬁb&8&hk njties
are real nunbers. Exanples would include but not be | m# ”‘%J R0
mm a

.concentration of a single conponent in a single sanpl

single property for a single sanple, the gbsorbance at a singl uency
for a single sanple. 1.2 Vectors: Vectors will be represented as

| oner case, bol dface letters. Vect 0f-82ar nsertioge samphingi éhaaccamphisheds bycal ar

val ues. Two types of vectors will chgplidgSthenaptical@fleasurement portion[ 6 {He
' spectrometer to the sample stream using fiber
optic technology.

(7.) Process parameter (on—line property and/or composition)
estimation.

(7.1) Spectra are measured on—line for process stream
samples during process operation. Several choices of
techniques for performing the spectral measurement are
available as described in paragraph (6) immediately
above. R

(7.2) Parameter estimation is carried out using the
equation in paragraph (4.1) above.

(8.) Calibration model updating

(8.1) Spot test samples for which the estimated
parameter(s) are significantly different from the
laboratory measured parameter(s) as determined in
paragraphs (9) and (10) below are added to the
calibration set and the calibration procedure is repeated
starting with paragraph (3) to obtain an updated
calibration model as set out in the equation in paragraph .
(3.1) above.

(8.2) Saxhples which are measured on—line are compared
“to the samples used in the calibration model using the

RERL ACEMENT SHEET methods described in paragraphs (9) and (10) below.
Samples for which fail the tests in (9) or (10) are noted

Y 14 JAN 1997 and aliquots are collected for laboratory analysis of the

. property/composition and verification of the spectrum.

The on—line measured spectrum and the laboratory
determined property/composition data for any such
sample is added to the calibration data set and the
calibration procedure is repeated starting with paragraph




L=

The correspondi ng row vector, 47 I's al so of dinension 9. The
superscript indicates that the row vector is the transpoBissh ¢etHﬁ@eenReplaced

correspondi ng col um vector. Nor mal face, |owercase Ietiﬂlmm‘m Jﬂ

subscripts will be used to refer to the individual elenen
e.g v[err], v[err], v[err], etc., which age scalar quanities

scripts 1,2,3, etc. indicat the OSI ti gr}‘leg hp uant atl In the vector.
The expression v[err] wll AT, UPRH LR LA prajion moade

(9.) Diagnostic and quality assurance measures

(9.1) Diagnostics are performed by calculating several
parameters which measure the similarity of the test
sample spectrum to the spectra of samples used in the
calibration. '

(9.1.1) Vector—based distance and similarity
measurements are used to validate the spectral
measurements. These include, but are not
limited to,

(9.1.1.1) Mahalanobis distances and/or
Euclidean norms to determine the
appropriateness of the calibration set for
estimating the sample.

(9.1.1.2)  Residual  spectrum (the
difference between the actual spectrum
and the spectrum estimated from the
eigenspectra used in the parameter
estimation) to determine if unexpected
components ‘having significant
absorbance are present.

REP LAQE_I_\QEN_T Sﬁ’}g_‘ﬁf (9.1.1.3) Values of the projection of the

14 JAN 1;;;'m spectrum onto any ©  individual

, eigenspectrum or combination of the

— eigenspectra to determine if the range of

— composition observed is included in the
calibration set.

(9.1.1.4) Vector estimators of
spectrometer system operational
conditions (such as wavelength error,
radiation source variability, and optical
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gener al

subscripts wll

v[err],

Ti mes a Vector

[err]

position i in the vector. Bold face, |lowercase letters with

be used to represent one of a set of \/BmtShmHasm;mMﬁaced

vierr] would be a set of n vectors. 1.2.1
: . lerr]
45

IFcaI ar

component degradation) which would
affect the validity of the parameter
estimation or the error associated with
the parameter estimated.

(9.1.2) Experienced—based diagnostics commonly
obtained by control chart techniques, frequency
distribution analysis, or any similar techniques
which evaluate the current measurement (either
spectral or parameter) in terms of the past
experience available either from the calibration
sample .set or the past on—line sample
measurements.

(10.) Process control, optimization and diagnosis

REPLACEMENT IT SHEET

(10.1) Parameters are calculated in real—time which are
diagnostic of process operation and which can be used for
control and/or optimization of the process and/or
diagnosis of unusual or unexpected process operation
conditions.

(10.1.1) Examples of parameters which are based
on the spectral measurement of a single process
stream include chemical composition
measurements (such as the concentration of
individual chemical components as, for example,
benzene, toluene, xylene, or the concentration of
a class of compounds as, for example, paraffins);
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
(such as smell/odor, color).

(10.1.2) Parameters which are based on the
" spectral measurements of two or more streams
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t hen the rrultlpllcatlon of v by ascalar ais va = [err]

-48- |f v[err]=(vl v2 v3 v4 v5 v6 v8 v9) then av[err]=(av[err] av[err]
av[err] av[err] av[err] av[err] av[err] av[err] av[err]) 1.2.2 Dot Product
of two vectors: The dot product of a cglum and a row vector is a scalar -

quanity. The dot product is defined only™if the vectors are of the sane
di nensi on. The dot product i s. t hsamplhedofatt léfferentiu pomtof i hehei rEtocdssiual

elements of the two Vectors, i.e€iharehy measuring the difference [(§Ad)
attributable to the process included between the
sampling points along with any delayed effect of
process between to the sampling points.

(10.1.3) Parameters which are based on one or
more spectral measurements along with other
- process operational measurements (such as
temperatures, pressures, flow rates) are used to
calculate a multi—parameter (multivariate)
process model.

(10.2) Real—time parameters as described in paragraph
(10.1) can be used for:

(10.2.1) Process operation monitoring.

(10.2.2) Process control either as part of a
feedback or a feedforward control strategy.

(10.2.3) Process diagnosis and/or optimization by
observing process response and trends.
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Two vectors will be referred to as being orthogonal i thetr- £-edict
Is equal to zero.ﬁ%rthog- onal to \REPM@EMENHHSQEEP i's
ort hogonal to any n of uandv, i.é¢.
z[errJu=z[err]v=0 Wﬂlgi’”ﬂ'ﬂ y scal ar coeffici- e11§, %9 b| t hen
z[err]y=ztua+z[err]vb 3 Length of a Véct or:-l1 AwThe | engt h of
a vector is the square root of sthe dot_ﬂMﬁJct of thelwveeter—with—ilts
transpose, and will be designated by || v |], i.e. [err] A

vector will be referred to as normal, unit or nornmal — TZed Tt thetengt h
of the vector is equdl to dnemethodepb estimatisg peaperty tanddoy eeamnosisionz er o

length, i.e. 0QgiaBPECtesCRMPIY ScotipRisitly p&firthing a spectral measurement on
the test sample and estimating property and/or composition data of the
test sample from its measured spectrum on the basis of a predictive
model correlating calibration sample spectra to known property andfor
composition data of those calibration samples, wherein a determination is
made, on the basis of a check of the measured spectrum against the
predictive model, as to whether or not the measured spectrum is within
the range of the calibration sample spectra in the model, and a response
is generated if the result of the check is negative. '

N

2. - A method as claimed in claim 1, wherein said response is
to isolate the test sample.

3. A method as claiméd in claim 2, wherein, following
isolation of the test sample, the sample is analyzed by a separate method
to ascertain its property and/or compdsition data and the predictive
model is updated with this data and with the spectral measurement data
obtained by performing the spectral measurement on the test sample.

4. A method as claimed in claim 1, 2 or 3, wherein the
spectral measurement of the test sample is performed in the infrared
region. -

5. A method as claimed in any preceding claim for which

the predictive model is eigenvector—based, wherein a simulated spectrum
for the test sample is determined by deriving the coefficients for the
measured test spectrum from the dot products of the measured test
spectrum with each of the model eigenspectra and by adding together the
model eigenspectra scaled by the corresponding coefficients, and wherein a
comparison is made between the simulated spectrum and the measured
spectrum as an estimation of whether or not the measured spectrum is
within the range of the calibration sample spectra in the model.

6. A method as claimed in claim 5, wherein the comparison
\\Mn the simulated spectrum and the measured spectrum is made by
Thxs Sheet Has Been R,
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1.2.4 An Othonormal Set of Vectors: A set of vee@eLs_u[_Ll\u[ejrr]
. . u[err], forman orthonormal set if the dot pro uferr
and u[err]u[err]=0 for [err] not equal "ﬂ ﬁi ”"I -
49 - to [err] where [err] and [err] run from[err] #

“individual vectors are normalized and thei8dot products bet ween any t wo

Nor il oat | on opeiGhRirik ' rebi@nfCiskerdink o, (%' GRERRRL bRFYR uf Smpylateg
possible to defspestramend themessuredcspectum,dsy caleulatipg the IBuclideas st ai ned
fromu by divi d;oggsu‘?rﬁ“ﬁi@xéo{het afesCOE a{lé %nﬁttﬁﬂﬁg %f‘%? rgéldﬁ% Fﬂ&:‘fﬁﬁﬁ at/Ni S

procedure is reféerred rmal 1 z a nor mal
vector, and v |§1551%éteaﬂemﬁ§h atﬂdab)’tﬁ@l%tngpthﬁjmnupé¢ r(] fvihe Euglideaact or
z=v-du is. orthogesml to u, i.e. u[err]z=u[err]v-du[err]u=d-d=0. The
procedure for

7. A method as claimed in claim 5, wherein the
Mahalanobis distance is determined for the measured spectrum and the
test sample is isolated if the magnitude of the determined Mahalanobis
distance is indicative that the estimate of property and/or composition
data of the test sample is an extrapolation from the range of data covered
by the calibration samples.

8. A method as claimed in claim 7, further comprising
calculating the Euclidean norm derived for each test sample/calibration
sample pair and comparing the calculated Euclidean norms with a
predetermined threshold value so as to isolate the test sample if said
threshold value is exceeded.

9. A method as claimed in any preceding claim, wherein
data in the calibration sample spectra due to the measurement process
itself is removed therefrom prior to defining the predictive model by
orthogonalizing the calibration sample spectra to one or more spectra
modeling the measurement process data.

10. A method as claimed in any preceding claim, wherein
“said sample is a hydrocarbon/water mixture and the estimate is an
estimate of the hydrocarbon content or water content of said mixture.

11.  Apparatus for estimating property and/or composition
data of a hydrocarbon test sample, comprising: '
—
This Sheet Has Been R spectirometer means for performing a  spectral

l
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computer means (i) for estimating the property and/or
composition data of the test sample from its measured
spectrum on the basis of a predictive model correlating
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calculating z is referred to as orthogonalization of the vectors. G ven a

set of n vectors, x[err], x[err].. . x[err], it is possible to derive a new
set of n vectors, u[err], uferr], . . . uferr], that forman orthonormal
set. This procedure which is referred to as G am Schni dt Orthogonallzatlon
I nvol ves the follow ing steps: [1] chd9ing an initial vector, x[err],

d i zi i d d
and oAl 1 2ing 119 PrOS\GRMER kamoid 2besiOOR N Ba SOl SHidler
produce u[err]; [ 3] choosiompositioni datavdart dhosex falibrition rsatupigsn i) zZiong i t
to both u[err] and uf[err], %e?&xﬂﬂfngaldnz'tﬂg ﬁﬂ?s r Sa“'c}\eékoo? t%gu&%ﬁé{{zgar]

[4] continuing the process ch vectors ona I'ng them
to the vectors u[err], u[er$pggtrum, asmnﬂerth? n.redmtwe. medal, a\theéhﬁa‘yor not

cal cul at ed, and nor rral ing tHa rn?e’asﬂéht% bety@mt Q§ swgtguprggqun%evbﬂj[tﬁgr]
until all vectors have been a%ocesse .3 Matrices X

di mensi onal array of scal arc¥A8F3paR SARPI SPECp i fhe dE%‘i%vné‘P@d lé!i E)r
upper case,. bol df aced | et t er genefafinge>aarfesponse if the result of the check is

negative.

12, Apparatus as claimed in claim 11, wherein the computer
means is arranged to determine the predictive model according to all the
calibration sample spectra data and all the known property and/or
composition data of the calibration samples in its database, the computer

‘means being further arranged to respond to further such data inputted to
its database for storage therein, so that the predictive model thereby
becomes updated according to said further such data.

_—
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[err] - —38NOV1997
‘The general elenent of the matrix X, x[err], indicates the value.igt d
~if[err] rowand the j[err] colum. The dinensions of a matri gl‘et. as B n%place
nunbers of rows and columms, wll be indicated as italicize H n %‘Ill
letters, i.e. a matrix X of dinension fsley n where in the a I

is 9, and nis 4. The individual colums of a matrix are

METHOD OF ESTIMATING PROPERTY AND/OR
COMPOSITION DATA OF A TEST SAMPLE

ABSTRACT OF THE DISCLOSURE

A method of operating a spectrometer to determine property
and/or composition data of a sample comprises an on-line spectral
measurement of the sample using a computer controlled spectrometer,
statistical analysis of the sample data based upon a statistical model
using sample calibration data, and automatically identifying 2 sample if
necessary based upon statistical and expert system (rule—based) criteria.
Sample collection based upon statistical criteria comsists of performing a
statistical or rule—based check against the model to identify measurement
data which are indicative of chemical species not in the samples already
stored in the model. Samples identified either by a statistical criteria or
using an expert system (rule—based decisions) are used preferably to
isolate the liquid sample using a computer controlled automatic sampling
system. The samples can be saved for subsequent laboratory analysis in
removable sample containers. The results of the laboratory analysis
together with the on—line spectroscopic measurements are preferably used
to update the model being used for the analysis.

REPLACEMENT SHEET
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colum vectors, e.q.

- sane elenents as the first colum of the matrix X
matrix are row vamasShmEqueenﬁeﬂ!% vector x[err
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If the matrix X is of men the matrix Xferr] is of

dinmension n by f. 1.3.2 |ﬂe¢rﬂiepw&ﬂl on: I f UWp

di rension f by k, and V |s b mensi on k by Lﬁﬁmmﬁs Juct
matrix Z=UV is a matrix of Nﬂ“&@“m n. The z[erjr]l el ement of Zji{

cal cul ated by taking the d he i[err] rdw|ved4 JAN 1ET7err] from
Uand the j[err] colum vector v[err] foyf V. [err]
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METHCD OF ESTIMATING PROPERTY AND/OR
COMPOSITION DATA OF A TEST SAMPLE

This is a continuation of application Ser. No.
07-990715, filed on Dec. 15, 1992, which is a continua-
tion of Ser. No. 07/596,435 filed on Oct. 12, 1990 which
are both abandoned.

FIELD OF THE INVENTION

This invention relates to a method of estimating un-
known property and/or composition data (also referred
to herein as “parameters”) of a sample. Examples of
property and composition data are chemical composi-
tion 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, paraffins), 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).

BACKGROUND OF THE INVENTION
The infrared (12500—400 cm—1) spectram 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 cm—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 amouants
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
property that is to be estimated. For complex mixtures,
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where considerable overlap between the absorptions of
individual constituents occurs, such calibrations must be
accomplished using multivariate data analysis methods.

In complex mixtures, each constituent generally gives
rise to mualtiple absorption features corresponding to
different vibrational motions. The intensities of these
absorptions will all vary together in a 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 in
the art, PCR is essentially the analytical mathematical
procedare. 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, Sep.
1, 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 elemental
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; [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 composi-
tion and/or property data to build a muitivariate model.
The analysis of new samples then involves the collec-
tion 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.



then z=(z[err] z[err] z[err])=u[err]V=(u[err]v[err]+ulerr]lvlerr]

uferr]Jvlierr]+uferr]vferr] u[err]v[err]+uferr]v]| ) T‘ﬂd Al
el ements of z, z[err] is calculated as the dot RLAC—]%‘ [S\g dT i
i ndi vi dual colum vectors of V, v[err]. The produ

t of a %rik U} of
dimension f by k with a colum vector v of dine silon® NOW 7col ufm vector
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z which is calculated by taking the _dg)t_ product {off the row vectpr§ of U,
uferr], with v. - b3 - [err]

AL

Providing the components of the sample under test
are included in the calibration samples used to build the
predictive model, then, within the limits of the inherent
accuracy of the predictions obtainable from the model,
an accurate estimate of the property and/or composi-
tion data of the test sample will be obtained from its
measured spectrum. However, if one or more of the
components of the test sample are not included in the
calibration samples on which the model is based, then
prediction of the property and/or composition data will
be inaccurate, because the predictive model produces a
“best fit” of the calibration data to the test sample
where some of the calibration data is inappropriate for
that test sample. The present invention addresses, and
seeks to overcome, this problem.

SUMMARY OF THE INVENTION

The method of the present invention is for estimating
property and/or composition data of a test sample. An
application of particular practical importance is the
analysis of hydrocarbon test samples or for ascertaining
the hydrocarbon content of a hydrocarbon/water mix-
ture, whether in phase separated or emulsion form. The
inventive method involves a number of steps. Firstly, a
spectral measurement is performed on the test sample.
Then, property and/or composition data of the test
sample can be estimated from its measured spectrum on
the basis of a predictive model correlating calibration
sample spectra to known property and/or composistion
data of those calibration samples. In the present method,
a determination is made, on the basis of a check of the
measured spectrum agamst the predictive model, as to
whether or not the measured spectrum is within the
range of calibration sample spectra in the model. If the
result of the check is negative, a response is generated,
accordingly.

In this way, if the result of the check is affirmative
(i.e., the measured spectrum is indicative of chemical
compositions encompassed by the samples included in
the predictive model), then the person performing the
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1.3.4 Square, Diagonal and Unit and Unitary gﬂfigﬁrq 1EN /SB re matrix is

a matri x whose two di nensions are equal. Theldfdgodal=elements of a matrix
are the ele- nments x[err]. The off-diagonal ¢l gnents ({If ri x are the
el enents x[err] for which [err]. A diagonal {rikSiND 19%&tr x{ for which
t he of f-di agonal elenents are zero. A unit tfix, wherein desjgnated as I,

IS a square, diagonal matrix where aI the di agonal el ements afe equal to
one. The product of a matrix wth an unlt matlrix is |fcn|f —b. A=A A

unitary matrix Wlerr]=l. The
col urmyand rowrg%,g%sgaﬁﬁ% %ﬁ% gaéﬁ{er% E#ﬁ seE s 01‘ vectors.
1.3.5 Matrix | Q& COmMPOSIION, PISYIC likaly,fo en by n, the in-
verse of A Al doficourse wighimathe limity ofthe inherent accuracy of

the predictive model). However, even then, further

tests may be made to optimize the effectiveness of the

checking of the sample under test, in order to increase

the confidence level of the prediction made for each test

sample which passes all the tests. This preferred way of

performing the invention will be described in more

detail hereinbelow. Correspondingly, if the result of the

check is negative, then the analyst knows that any cor-

responding prediction is likely to provide unreliable

results.

The response to a negative result of the check can
take one of many forms. For example, it could be simply
to provide a2 warning or alarm to the operator. The
prediction of property and/or composition data can be
made even when 2 warning or alarm is generated, but
the warning or alarm indicates to the analyst that the
prediction is likely to be unreliable. Preferably, any test
sample for which the result of the check is negative (i.e.
the measures spectrum is not within the range of cali-
bration sample spectra in the mode]) is physically iso-
lated. It can then be taken to the laboratory for indepen-
dent analysis of its property and/or composition (deter-
mined by the standard analytical technique used in gen-
erating the property and/or composition data for the
initial model). Preferably, the model is adapted to allow
the data separately determined in this way, together
with the corresponding measured spectral data, to be
entered into the model database, so that the model
thereby becomes updated with this additional data, so as
to enlarge the predictive capability of the model. In this
way, the model “learns™ from identification of a test
sample for which it canmot perform a reliable predic-
tion, so that next time 2 similar sample is tested contain-
ing chemical species of the earlier sample (and assuming
any other chemical species it contains correspond to
those of other calibration samples in the model), a reli-
able prediction of property and/or composition data for
that similar sample will be made.
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Various forms of predictive model are possible for
determining the correlation between the spectra of the
calibration samples and their known property and/or
composition data. Thus, the predictive model can be
based on principal components analysis or partial least
squares analysis of the calibration sample spectra. In any
eigenvector-based predictive model such as the forego-
ing, whether or not the measured spectrum of the test
sample is within the range of the calibration sample
spectra in the model can be determined in the following
manner. A simulated spectrum for the test sample is
determined by deriving coefficients for the measured
test spectrum from the dot (scalar) products of the mea-
sured test spectrum with each of the model eigenspectra
and by adding together the model eigenspectra scaled
by the corresponding coefficient. Then, a comparison is
made between the simulated spectrum calculated in this
way and the measured spectrum as an estimate of
whether or not the measured spectrum is within the
range of the calibration sample spectra in the model.
This comparison, according to a preferred way of per-
forming the invention, can be made by determining a
residual spectrum as the difference between the simu-
lated spectrum and the measured spectrum, by calculat-
ing the Euclidean norm by summing the squares of the
magnitudes of the residnal spectrum at discrete frequen-
cles, and by evaluating the magnitude of the Euclidean
norm. A large value, determined with reference to a
preselected threshold distance, is indicative that the
required data prediction of the test sample cannot accu-
rately be made, while a Euclidean norm lower than the
threshold indicates an accurate prediction can be made.

The preferred way of performing the invention de-
scribed above employs a statistical validity check
against the predictive model. However, as an alterna-
tive to a statistical check, 2 rule-based check may be
made. Examples of rule-based checks are pattern recog-



1. 3.6 Eigenval ues and Ei genvectors: For a square matrix A of dinension n
by n, the equa- tion Is called the eigenval ye equatlon for A. The

ei genval ues of A [err], are the scalars for 1 ossesses
nonzero solutions in v. The correspondi ng nonz ISEPL&CEP SH . are the
ei genvectors of A The eigenvectors of A form §n {Ez\l ormal sget{ of
vectors. The eigen- value equation npy_.also be{wi Q1997 [err] or
as [err] where Ais a diagonal matrix c¢nfaining the eigenval ues
[err] and Vis the unitary matri x whose colums$ are the
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nition techniques and/or comparison with spectra of
computerized spectral libraries.

The calibration sample spectra may contain spectral
data due to the measurement process itself e.g. due to
baseline variations and/or ex-sample interferences (such
as due to water vapor or carbon dioxide). This measure-
ment process spectral data can be removed from the
calibration sample spectra prior to defining the predic-
tive model by orthogonalizing the calibration sample
specira to one or more spectra modeling the measure-
ment process data. This will be described in further
detail herein below under the heading “CON-
STRAINED PRINCIPAL SPECTRA ANALYSIS
(CPSA)”.

Even though a test sample has passed the above-
described validity check, further checking may be de-
sirable. For example, despite passing the validity check,
the property and/or compositions data prediction may
be an extrapolation from the range of data covered by
the calibration samples used for forming the predictive
model. It is therefore preferred that the Mahalanobis
distance is determined for the measured spectrum and
the test sample “accepted” from this further test if the
magnitude of the Mahalanobis distance is below an
appropriate predetermined amount selected by the ana-
lyst. If the calculated Mahalanobis distance is above the
appropriate predetermined amount, a similar response -
as described hereinabove for a negative check is initi-
ated.

Another statistical check is fo ascertain whether the
test sample is lying in a region in which the number of
calibration samples in the predictive model is sparse.
This check can be made by calculating the Euclidean
norm derived for each test sample/calibration sample
pair and comparing the calculated Euclidean norms
with a threshold value which, if exceeded, indicates that
the sample has failed to pass this additional statistical
check. In which case, a similar response as described
hereinabave for a negative check is initiated.



I ndi vi dual eigenvectors. The ei genval ues of A can be obtai ned by sol ving
the equation [err] where det indicates the det erm-nant of the

matrix. Vari- ous conputer algorithns are ava ®l f or the
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matrix A of dinmension n by nis at nmost n. If 1e1&M00 9A | ess than n,
then A is singular and cannot be inverted. 1.B.¥ Singular Valjug
Deconposition of a Matri x: - bBY -

The method disclosed herein finds particular applica-
tion to on-line estimation of property and/or composi-
tion data of hydrocarbon test samples. Conveniqntly
and suitably, all or most of the above-described steps are
performed by a computer system of one or more com-
puters with m'mimal or no operator interaction re-
quired.

It has been remarked above that the prediction can be
based on principal components analysis, and also that
spectral data in the calibration sample spectra due to
measurement process data itself can be removed by an
orthogonalization procedure. The combination of prin-
cipal components analysis and the aforesaid orthogonal-
ization procedure is referred to herein as Constrained
Principal Spectra Analysis, abbreviated to “CPSA”.
The present invention can employ any numerical analy-
sis technique (such as PCR, PLS or MLK) through
which the predictive model can be obtained to provide
an estimation of unknown property and/or composition
'data. It is preferred that the selected numerical analysis
technique be CPSA. CPSA is described in detail in the
present assignees U.S. patent application Ser. No.
07/597,910 of James M. Brown, filed or Oct. 15, 1990
(now U.S. Pat. No. 5,121,337), the contents of which
are expressly incorporated herein by reference. The
relevant disclosure of this patent application of James
M. Brown will be described below.

In another aspect, the invention provides apparatus
for estimating property and/or composition data of a

hydrocarbon test sample. The apparatus comprises
spectrometer means for performing a spectral measure-
ment on a test sample, and also computer means. The
computer means serves three main purposes. The first is
for estimating the property and/or compasition data of
the test sample from its measured spectrum on the basis
of a predictive model correlating calibration sample
specira to known property and/or composition data for
those calibration samples. The second is for determin-
ing, on the basis of a check (such as described herein-



For a non-square matrix X of dinmension f by n,

t he singul ar val ue

deconposition of X is given by [err] If f>n, then U (dinension f by

n), [err]

(di mension n by n),

X

h

(dinmension n by f) matrices have the %Qllovm'n F}roperties:

[err] is a diagonal matrix [erT
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above) of the measured spectrum against the predictive
model, whether or not the measured spectrum is within
the range of the calibration sample spectra in the model.
The third function of the computer means is for gener-
ating a response (the nature of which has been described
heretnabove in detail with reference to the inventive
method) if the result of the check is negative.

The computer means is generally arranged to deter-
mine the predictive model according to all the calibra-
tion sample spectra data and all the known property
and/or composition data of the calibration samples in its
database. The computer means may be further arranged
to respond to further such data inputted to its database
for storage therein, so that the predictive model thereby
becomes updated according to the further such data.
The inputted property and/or composition data is de-
rived by a separate method, such as by laboratory analy-
sis.
The Constrained Principal Spectra Analysis (CPSA),
being a preferred implementation of the imvesntive
method and apparatus, will now be described in detail.

CONSTRAINED PRINCIPAL SPECTRA
ANALYSIS (CPSA)

In CPSA, the spectral data of a number (n) of calibra-
tion samples is corrected for the effects of data arising
from the measurement process itself (rather than from
the sample components). The spectral data for n calibra-
tion 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

and V (dinmension n by n) nmatrices have the

foll ow ties: ' "
17§ <n, Chen U (di mension f by 1), [err] (di mqAEPLACENGNY SH

[err]



The vectors which make up the colums of U are re- fered to as the left

ei genvectors of X, and the vectors which make tt ! V are
referred to as the right eigenvectors of X T@HA@I@ENTQ of [err],
[err], are referred to as the singular val ues X, and are i he order
[err] ... [err] where [err] is the smaller of f)rmchmh§99§|n ul ar val ue
deconposition of Xerr] is V[err]Uerg]. The $ingul ar val uej deconposi tion
is related to the eigenvalue analysis in the {oHowmgTammer. [The ei gen-
val ue equation for the square matrix X err] X ¢an be witten as [err]
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orthoganalizing X with respect to U to produce a
corrected spectra matrix X, whose spectra are orthogo-
nal 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 calibra-
tion samples used to build 2 predictive model interrelat-
ing known property and composition data of the n sam-
ples 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 spec-
tra due for example to water vapor or carbon dioxide
vapor in the atmosphere of the spectrometer will intro-
duce any error into the estimates. It is also remarked
that the spectra can be absorption spectra and the pre-
ferred embodiments described below all involve mea-
suring absorption spectra. However, this is to be consid-
ered as exemplary and not limiting on the scope of the
invention 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 relates to NIR (near-infrared) and MIR
(mid-infrared), nevertheless, it will be understood that
the method finds applications in other spectral measure-
ment wavelength ranges including, for example, ultravi-
olet, visible spectroscopy and Nuclear Magnetic Reso-
nance (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 varia-
tions arise from a number of causes such as light source
temperature variations during the measurement, reflec-
tance, scattering or absorbances from the cell windows,
and changes in the temperature (and thus the sensitiv-
ity) of the instrument detector. These baseline varia-
tions 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



By substituting the singular value deconposition for X and X err] we obtain
[err] Using the fact that Uerr]U=l and V[err et oth =[err] we
obt ai n [err] where [err]==[err]. LWKI/F%T %}ﬂrf

Fromth X hat V is
the matrix of eigenvectors for the Xerr]X matfik, anpd that [err]
i.e. the singular values of X are the square rbots b8 NV gehvhl ues of
Xerr]X. Simlarly, for the matrix XXjgerr] err] Uis the jmtrix of

ei genvectors of the XX[err] matrix. Note that |f f>n, X err]X and XX err]
have at nost n nonzero eigen- values. Simlarliif f<n X err]lX fand XX[err]
have at nost f nockemical gompoumds presemt)dusingfthei messuxamenby n, then the
inverse of X is process, which give rise to sharper line features in the

spectrum. For current applications, this type of correc-

tion generally includes absorptions due to water vapor

and/or carbon dioxide in the atmosphere in the spec-

trometer. Absorptions due to hydroxyl groups in opti-

cal fibers could also be treated in this fashion. Correc-

tions 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 corrective method can be applied to
correct only for the effect of baseline variations, in
which case these variations can be modeled by a set of
preferably orthogonal, frequency (or wavelength) de-
pendent polynomizls which form the matrix U of
dimension f by m where m is the order of the polynomi-
als and the columns of U are preferably orthogonal
polynomials, such as Legendre polynomials. Alterna-
tively the corrective 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 interfer-
-ences produced by such chemical compounds. It is
preferred, however; that both baseline variations and
ex-sample chemical compounds are modelled in the
manner described to form two correction matrices Upof
dimension f by p and X, respectively. These matrices
are then combined into the single matrix U , whose
columns are the columns of Uyand Xarranged side-by-
side.




given by V[err]-[err]Uerr], i.e. [err] \/\/ner%t

containing 1/o[err] on the diagonal. Simlarly,
given by Uerr]-[err]V[err], i.e. If X if |square and of r4g
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In a preferred way of performing the invention, in
addition to matrix X of spectral data being orthogonal-
ized relative to the correction matrix U , the spectra or
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 modeling
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 Uy 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 Uy, and lastly U, and U; are com-
bined to form the correction matrix U , whose columns
are the columns of U, and U; 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-
nal) polynomials forming the matrix Up are orthogonal-
ized relative to these vectors and then combined with
them to form the correction matrix U . 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
instrument performance.

In a real sitnation, 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 U (dimension f by m), the resulting corrected
spectral matrix X, will still contain noise data. This can

nal matrix
err] is
k=f =n,



[err] In this case, X and Xt both have right

W err] is not an identity matrix, and the exp/REPLAGIKMENT SHERE
re onty apprq [
qg:\ ri‘P<8 NOVgohe lexipressi ons

inverse of X and for the left inverse of Xerr
Simlarly, if f<n, WJ[err] is not an identity
given for the left inverse of X and for the ri
only approxi mat e. If [err] contains;k, nonzer
where [err]' is the k by k matrix conltal ning t
and U and V are the f by k and n by k matrice

pRe—-eH—fAver

phy inverse of X
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he nonzero singul
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and V by

elimnating the ol pemoveld &0 ther foikpeink twoay. hFigithgud aingalaves that are
zero. Simlarly, 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
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 valnes which are small in magnitude rela-
tive to those due to the wanted spectral data, and can
therefore be distinguished from the principal compao-
nents due to real sample components. Accordingly, the
next step in the method involves removing from U, =
and V the k-1 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 ¥ and n by %, respec-
tively. When these matrices are multiplied together, the
Tesulting 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
eigenspecira (the columns of matrix U resulting from
the singular value decomposition), a trained spectrosco-
pist can generally recognize when the signal levels in
the ecigenspectra 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 exanmiple, 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



Simlarly, if the k+1 through n singular val ues

of X are dose to Zero,

t hese singul ar values and the correspond- ing c
elimnated to provide an approximation to the
mations for Xerr] and for the inverses of X an
simlarly. I n devel opi ng regression nodel s,
that small singular values correspondio random
that renoval of these values inproves the stab
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he di scussion be-l1ow, the
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fore si ngul ar

val ues that are he estimation of property and/or componentséalues 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
summed for all the samples in the test set (the square
root of the quotient of the sum of squares and the num-
ber of test samples is sometimes calculated to express
the PRESS value on 2 per sample basis). A PRESS
value can be calculated using a cross validation proce-
dure 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 proce-
dure is repeated until each sample has been left out
once.

The polynomials that are nsed 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 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
methad since they save computation time. There is a
specific recursive algorithm to generate the Legendre
polynomials that is disclosed in the description hereinaf-
ter. Genera]ly, each row of the U, matrix corresponds
to a given frequency (or wavelength) in the spectrum.
The columns of the U, matrix will be related to this
frequency. The elements of the first column would be a
constant, the elements of the second column would



or close to zero. The matrix Uis can be cal cul ated as

vectors in X

[err]

1.4.1 Miul tiple Linear Regressigpn, Least
is a colum vector of |ength n, andX|sanatr
the matrix equation [err]
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inplies that the columm vectors in U are line
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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 2 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-
siion or 2 Gram-Schmidt orthogonalization. Alterna-
tively, actual spectra collected on the instrument to
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 one 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 of 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 correc-
tion vectors. To avoid this, preferably the polynomials
are _generated first, the ex-sample chemical compound

“correction spectra” are orthogonalized to the polyno-

err]

whi ch

t he col um

such t hat

i on:

by n,

Ify
t hen



Is a linear regression equation relating the dependent variable y to the
I ndependent variables X. p is a columm vector M i {ni ng the
regression coefficients, and e is the vector c "EH'EAEL%(EF 5” gduals for
the re- gression nodel. A least square regressioh is one that jmini m zes

e[err]e, i.e. the sumof the square of the res|dpal®s8 NOVI997Sof uti on for

f <n: If Xif f by n, y is of dinengfon n, ang 1<h, then the boJution to
the regression equation that minimes || e || is obtarmed by nmultiplying
both sides of the equation in 1.4.1 by the leftf inverse of Xlerr], i.e.

[err]  The quanidiis( ¥¥3eheh)th¥driedtién heRtbre iR Eenamitbd®ye of p, and is
designated p.  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 to 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”,
e.g. several spectra of water vapor, are used, the figal’
number of “correction vectors” will be less than the
number of initial “correction spectra”. The ones elimi-
nated correspond with the measnrement 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 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 U . However, the steps for generat-
ing the U muatrix to-have orthogonal columans is per-
formed 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 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
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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 a method of estimating unknown property
and/or composition data of a sample under consider-
ation, the folowing steps are performed. Firstly, re-
spective spectra of n calibration samples are collected,
the spectra being quantified at f discrete frequencies (or
wavelengths) and forming a matrix X of dimension £ by
n. Then, in the manner described above, a correction
matrix U of dimension f by m is produced. This matrix
comprises m digitized correction spectra at the discrete
frequencies f, the correction spectra simulating data
arising from the measurement process itself. The next
step is to orthogonalize X with respect to U to pro-
duce a corrected spectra matrix X, whose spectra are
each orthogonal to all the spectrzin U . The method
further requires that ¢ property and/or compasition
data are collected for each.of the n calibration samples
to form 2 matrix Y of dimension n by ¢ (c=1). Then, 2
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 f 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 produces 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 ¢, the prediction involves multiplying
the spectrum matrix (a vector of dimension f can be
considered as a 1 by f matrix) by the prediction matrix
to produce 2 1 by ¢ vector of predictions for the ¢ prop-
erties and components.

n
[
t
e

of the

err]
i mat e
dto
i nde-

The



pendent variables x[err] [err] Based on the nodel, the probability is
a that the true 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
freedom and d[err] is given by [err] AanquivaIent sol ution for
this case can be obtained wusing the singular Vv B A T tri of

Xerr], i.e. [err] The solution can be sgen—tt j ent since
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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 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=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 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 y, is determined from the relation-
ship Yu=X.'P, X, being the transpose of matrix x.

Although, in a preferred implementation of this in-
vention, the equation Y=X/P+E is solved to deter-
mine the predictive model, the invention could also be
used with models whose equation is represented (by
essentially the statement of Beer’s law) as X;=AY‘+E,
where A is an f by ¢ matrix. In this case, the matrix A
would first be estimated as A=X:Y(Y?Y)—l. The esti-
mation of the vector y, 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 rela-
tionship v,=x,A(AfA)—1. This calculation, which is a
constrained form of the K-matrix method, is more re-
stricted in application, since the required inversion of
Y*Y requires that Y contain concentration values for all
sample components, and not contain property data.
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possess a |left inverse. since XXerr] is af i i Ink at nost n.

In this case, an approximate solution to the mj&@gﬁirlﬁjﬁlions can be

derived using nethods such as Princi pal Oon‘j, nent s Re resdign or Parti al
Re

Least Squares. 1.4.3.1 Principal Conponents [Relgr 4SSNON: 987 i ficijpal
Conponents Regression (PCR) uses the singul val ue deconpogitji on of the
Xerr] matrix to ap- proximte a solutg on to] t € regression edquation, i.e.
t he equation [err] is solved as [err]

The mathematical solution to the equation

=XSP+E (or Xc=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 U and
in orthogonalizing the spectral data matrix X to U 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 U , as explained above. Se-
condly, the dot (scaler) 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 inter-
ferences that were present during the collection of the
calibration spectral data. During the analysis of a spec-
trum of a2 material having unknown properties and/or
compaosition, similar dot products can be formed be-
tween the unknown spectrum, Xy, and the columas of
U , and these values can be compared with those ob-
tained during the calibration as a2 means of checking that
the measurement process has not changed significantly
between the time the calibration is accomplished and
the time the prodictive 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 U 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-



where Uis of dinmension f by k, [err] and [err] ma+e—k-by k__and Vis n by
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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) will
contain information about the total spectral integral,
which is the sum of the integral of the sample absorp-
tions, and the integral of the background. The informa-
tion about calibration sample components is, however,
also contained in the eigenspectra produced by the
singular value decomposition of X.. It is therefore possi-

“ble to remove that portion of the information which is
correlated to the sample components from the dot prod-
ucts so as to recover values that are uncorrelated to the
sample components, i.e. values that represent the true
magupitude of the contributions of the measurement
process signals to the calibration spectra. This is accom-
plished by the following steps:

(1) Amatrix V of dimension n by m is formed as the
product of XfU , the individual elements of V
being the dot products of the columns of X with
those of U ;

(2) The corrected data matrix X, is formed, and its
singular* value decomposition is computed as
U2V ’

- (3) A regression of the form V =VZ+R is calcu-
lated to establish the correlation between the dot
products and the scores of the principal compo-
nenis: VZ represents the portion of the dot prod-
ucts 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 measure-
ment 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 of U ) are calcu-
lated to form a vector v , the corrected spectrum
X is calculated, the scores for the corrected spec-
trum are calcnlated as v=x1J3~1 and the uncor-
related measurement process signal values are cal-
culated as r=v —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 unknown to that during
the calibration.
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y[err] is obtained as [err] Based on the nodelRERIACEM
that the true value y[err] lies in range [efr where t Is

student's t distribution value for probabil- ityjajanggmngy.¢sgre
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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 are made by computer means
comprising a computer or computers, which is con-
nected to the instrument. In a measurement mode, the
computer means receives the measured output spectrum
of the calibration sample, ex-sample chemical com-
pound or test sample. In a correction mode in conjunc-
tion with the operator, the computer means stores the
calibration spectra to form the matrix X, calulates the
correction matrix U , and orthogonalizes X with re-
spect to the correction matrix U . In addition, the
computer 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 ¢ (cZ1). 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 and/or compositional
data of the sample under consideration from its mea-
sured spectrum using the determined predictive model
correlating the elements of matrix Y to those of matrix
Xeo

In more detail, the steps involved according 1o 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 calibration is made by the operator or a labora-
tory 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
with spectra of ex-sample chemical compounds to be
used as corrections. In addition, the operator selects the
computer-generated: polynomial corrections used to
model baseline variations. The computer means gener-
ates the correction matrix U and then orthogonalizes
the calibration sample spectra (matrix X) to produce the
corrected spectral matrix X; and, if PCR is used, per-
forms the singular value decomposition on matrix Xe.

t

of

a



deco'rrposmg the X matrix into Uerr]Vierr],

[err]
[err]

[err] which is the sane as obtai ned above. For a '.. M‘E@?’g ﬁ;

vari ables x[err], v[err] is calculated as [ery]l and the estiins

the scalar y[err] is - 18 NOV 1997
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where b is a vector of regression coeff|C|ents
The estimate of the coefficients is

and regressing y versus V, i.e.
The solu- tion is

eyis
pendent
tion of

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 spectral 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
quantized 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,
having 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.

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 fis 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=UZV* ¢))

where U (the left eigenvector matrix) is of dimension f

by n, £ (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 Decomposition on the transpose of the



-62- [err] which is again the sane as that | 5 \gxg.s;,“}re

residuals, SEE and d[err] are also the same as th ?EP Qgﬁq‘ t”h‘ﬁiﬂi rst PCR

method. 1.4.3.2 Step-w se and PRESS Regression: Ar n e tousi ng the
neﬂég‘lé?ég? SSL h is

alternative nmethod for calculating a Principal Co
that the coefficients b[err] which arg,small and t'LtlstlcaIIy eqtbi yal ent
(i.e. set to zerp) prior

to zero nmay be detected and renoved f'erthe nodel
to estimation of y, thereby reducing the variati or~+n-the-estinate i The

coefficients whi cfaigaRabigx,SRE, 404 YRESHIPO%eRE 288V ST B6E use of
the terms left and right eigenvectors is somewhat 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:
UU=I, @
VVi= V=T, &)
XX=VAV and XX*=UAL® @)

where Iis the n by n identify matrix, and A is the matrix
containing the eigenvalues, A (the squares of the singn-
lar 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 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 normahzed to the
singular values.

The abject 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=XP (&)
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 c 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 (dimegsion f by 1), the prediction of the
properties/components (y of dimension 1 by c) for the
sample is obtained by

y=x'P ©

Note that for a single property/component, the predic-



using, for exanple, a step-wi se regression algorithm/(2). In the first

step of a possible step-w se regression calcul atign—a_series of equations
-of the form [err] where v[err] are the coly NS0 hinkbe] V
matri x. The scal ar coefficient b[err] [err] RE—.B%E{";‘ ‘jcegﬁ*‘?m
m ni mal sum of squares of residuals, e[err]e[err]y is tgﬂi@al | y chogen. | f
b[err] is the coefficent that pro- duced the mnifun s V%Qﬁllar Df
resiudal, the the 1st and k[err] col.pins of V are}i pierchanged. e] one
vari abl e nodel at the end of the first step is then [err] 1n| the
second step, a series of equations of the form f-err]-—are then
constructed for V, ' | equal to 1.
The equati ons artg&g(% \%ggﬁggfl éﬂ%%%{&u@%@?ﬂé%&ﬁﬂ%

eunknown and the prediction vector. The solution to

equation 5 is-
r-1r=[x]-lxP=p M

where [Xf]—1is the inverse of the X!matrix. The matrix
Xtis of course non-square and rank deficient (f>n), and
camnot be directly inverted. Using the singular value
decompositions, however, the inverse can be approxi-
mated as

x-l=uz-in ®

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

P=Uz—1pty ©

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 corresponding to the smaller singnlar
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), =’
(dimension k by k) and V’ (dimension n by k).

X=UZ'V'+E (10)

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’ 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.



ous conbinations of b[err] and b[err], and the residual sum of squares

e[err]e[err] is calculated for all the conbi natdons—.lf bk is the

coeffiecient that produced the minimum residu IRWGEMW? 3
e[err]e[err] is conpared to e[err]e[err] via Ftest @Pﬁ,’ft

n F=trest—{or-

I nclusi on of bk produces a statistically
63 - significant inprovenent in the sum of thfLsaL?augg 18?7tFe
the 2[err] and k[err] colums of V argginterchanged. At {he end
second step, two variabl e nodel then becones [err]

If no

b[err] produces a statistically significant d
of the residual s, Ahhughetipngredictibh cofradptoperty/cosipomenter i
final 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+ an

B=V'Y (12)
During the analysis, the eigenvector for the unknown
spectrum is obtained

y=x'yz—! (13)

and the predictions are made as
=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 spectrom. 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, x;. The prediction then becomes

y-—-x’ P =xc‘P +x3'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

t hen

he

resi dual s,
of the
coefficient
of squares
ned is the



nodel , and the step-w se procedure is conpl eted. If, at the end of the
second step, a two variable nodel is found, a series of nodel s of the form

[err] are tested for all i not equal to 1 or 2. T step, a
coefficient b[err] is found such that e[err]e[er REPEAEE@"EME* )

]

d

e[err]e[err] by a statistically signficant amoung, {then the 3[er and
k[err] colums of V are interchanged, and the thje¢ vaBiNOVF npdel
becones [err] At this point, nogels of theffgrm [err

[err] are fornmed to test for deletion of variabljes—fronrtherodel | |f

e[err]e[err] is less than e[err]e[err] by a statifstically signifi-]|cant
anount, then the 2[err] and 3[err] colum vectors of V are I nterchanged and
a new two variabl e nodel [ Simlarky, if e e[err] is less
t han e[ err] e[ er r [SPERER @IRFSXP&TH aﬁdgg l m y ! £FF°$1]"%[ i nt ]er changed
to produce a neware all orthogonalized to a specxfic 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

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 spectra) which

may include multiple examples of a specific type of

measurement process signal, are first orthogonalized

relative to the polynomials via 2 Gram-Schmidt orthog-

onalization procedure

X=X~ UAUSX) (16

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

X=UZ ¥ (1n

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



two variable nodel. At this point procedure th
of testing possible three variable nodels. If
whi ch produces a statistically significant red
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r2m-Schmidt orthogonalization procedure

Xe=X—~Un(Un'X) (17
The Principal Components Analysis of the corrected
spectra, X, then proceeds via the Singular Value De-
composition
e=UZ V! (18

and the predictive model is developed using the regres-
sion

Y=V.B (19)
The resultant prediction vector
Pe=UZPfY (20

is orthogonal to the polynomial and correction eigen-
spectra, Up,. 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

vy =X ~ly K @n
and these values can be compared against the values for
the calibration, V , 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 mcludmg the polynomxal
and correction terms as spectra in the data matrix, and
using a constrained least square regression to calculate
the B matrix in equauon 12. The constrained least
square procedure is more sensitive to the scaling of the
correction spectra since they must account for sufficient
variance m the data matrix to be sorted into the k eigen-



step-w se procedure continues until no varibles can be added or deleted to

produce a statistically significant change in the | all-
the k variables are included in the nodel, whi chev E}IL@@:NENT@ EEdp go-
rithms for efficiently conducting this step W se Qen

publ i shed(2). An alternative to the step-wise r rE;@ 931%§7| gtijon is a
step-wi se Predictive Residual Sum of .$quares (PREYS)| al go Hi S

al gorithm can al so be used to det erm ne which coeffikients to incllude in
the nodel. For PRESS, a nodel is built setting theg i[err] dependent
variable y[err], and the correspondi ng row vector, The
model has the forspectra thz@teare} retafmeed nﬁy‘.hy[regrésﬁmm stdpe Bycﬂmr obt ai ned
formy by settin ZBeqcalisiatior yjedttd Yo ithetdsrragtibhx obt ai ned

fromV by settingd zi befdre QM AidS the spnisX R decompo-
[er ' ] sition, we eliminate the scaling sensitivity.

Development of Empirical Model in CPSA

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
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 resuits 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 decompaosed into
the constrained spectral vanables, 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 pathiength 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
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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
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 Amnalysis
(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 br 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-
b'on dioxide, etc.) are loaded into a matrix X; of dimen-
sxm:i 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 2 Gram-Schmidt orthogo-

nalization procedure
Xy enXg— Up(U p‘:fs) (2.9

. (2.5) A Singular Value Decomposition of the correc-
tion spectra is then performed,



The estimate of y[err] based on this nodel, y(i), ig-thea—gi-ven

The estimate may be sinplified to yield [err] ME?"‘E“JTS%‘[H}
and y[err] is the estimate based on a nodel i ncludijhgart—thevari3abl
The residual for the i[err] dependent variable is then 4gnovigyy]
-29.
X s' = Us:’: 5 V_“ (2‘5)

to generate a set of orthonormal correction eigenspec-
tra, Us. Zsare the corresponding singular values, and V;
are the corresponding right eigenvectors, ! indicating
the matrix trans .

(2.6) The full set of correction terms, U =Up+Us
which includes both the polynomials and correction
eigenspectra are then removed from the calibration
data, again using a Gram-Schmidt orthogonalization
procedure

X=X-U (U % (2.6)

(2.7) The Singular Value Decomposition of the cor-
rected spectra, X, is then performed

X =UZV ' 2.7

(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 singniar values in 2. are retained.
The k-1 through n eigenspectra which correspond to
spectral noise are discarded.

Xe=UpZ Vi +Ex (2.8)

(2.9) The k right eigenvectors from the singular value

decomposition, V, are regressed against the pathlength

values for the calibration spectra, Y, (an n by 1 row
vector),

YP= VkBp +Ep (2.98)

where E, is the regression error. The regression coeffi- .
cients, By, are calculated as

Bo=(Vi'VR Wik T, = V'Y, (2.9b)

(2.10) An estimation of the pathlengths for the cali-
bration spectra is calculated as

Y,=ViB, ' 2.10)

rr]

r]

es



The PRESS statistic is the sumof these residuals over all i=1 to n. The
first step in the PRESS algorithm n by 1 matri- ]l are fornmed from

the k columms of V. The n values of g[err] are c IIEPI@(EEMENT ' [err]
and the residuals and PRESS val ues are cal cul ated usTTg—the eqS:ﬂEEchns

above. If V[err] is the matrix which yields the | f [PRESS,
then the 1[err] and the k[err] columms of V are intemh@aﬂggtﬁg? lin |t he
second step, n by 2 matrices V[err] agge-forned udi ng-the 1st andjj
[err] colums of V. The qg[err], residu- als and BRESS val ues are a
calculated. If no matrix V[err] yield a PRESS val

cal cul ated in speR by n digrohdlenantx Nis thienefornteed, the ¢vndis {irst step is
the final model nangdidhEnPb? A Weitg! the rati6 Bilthd hverdg& Palthl S
length for the calibration spectra, yp, divided by the
estimated pathlength values for the i# calibration sam-
ple (the i element of Yp).
(2.11) The right eigenvector matrix is then renormal-
ized as '

VE =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,

V=V{B+E (2.122)
BVt~ V'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 collec-
tion of the calibration spectra.

" (3.2) The absorption spectrum, x, is decomposed into
the constrained variables, '

xy=UpZ v’ (3.22)
V=== Uty (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
Vo' =9 yp/¥p) 34

where y, is the average pathlength for the calibration
spectra in (2.10).
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intense absorptions which may
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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 as to limit the number of
variables retained in the empirical model to a subset of
the first k vasiables, thereby eliminating variables which
do not show statistically significant correlation to the

parameters being estimated.
(7.1) The Mahalanobis statistic
given by

D2 =v/ (VI Vi)~ gt

for the unknown, D2,

.0

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 vnknown.

(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

y =2c~xU txu

@é.n

Th;se v;zlues canbe 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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Those and other features and advantages of the in-
vention will now be described, by way of example, with
reference to the accompanying single drawing.

BRIEF DESCRIPTION OF THE DRAWING

The single drawing is a flow chart indicating one
preferred way of performing the method of this inven-
tion. .

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENT

The flow chart of the single drawing gives an over-
view of the steps involved in a preferred way of carry-
ing out the inventive method. The reference numerals
used in the drawing relate to the method operations
identified below.

1), 2), 3), and 4)

These deal with updating the estimation model and
will be described later.

5) Perform On-line Measurement

An infrared absorption spectrum of the sample under
consideration is measured. However, the method is
applicable to any absorption spectrum. The methodol-
ogy is also be applicable to a wide variety of other
spectroscopic measurement techniques including ultra-
violet, visible light, Nuclear Magnetic Resonmance
(NMR), reflection, and photoacoustic spectroscopy,
etc.

The spectrum obtained from performing the on-line
measurement is stored on a computer used to control
the analyzer operation, and will hereafter be referred to
as the test spectrnm of the test sample. '

6) Data Collection Operation Valid

The spectrum and any spectrometer status informa-
tion that is available is examined to verify that the spec-
trum collected is valid from the stand point of spec-
trometer operations (not statistical comparison to esti-
mation models). The principal criteria for the validity
checks are that there is no apparent invalid data which
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may have resulted from mechanical or electronic failure
of the spectrometer. Such failings can most readily be
identified by examining the spectrum for unusual fea-
tures including but not limited to severe baseline errors,
zero data or infinite (over-range) data.

If the data collection operation is deemed to be valid,
processing continues with the analysis of the data which
is collected. If the data collection operation is deemed
to be invalid, diagnostic routines are executed in order
to perfofm spectrometer and measurement system diag-
nostics [16] (mumbers in [ ] refer to operation numbers in
the attached FIGURE). These may consist of specially
written diagnostics or may consist of internal diagnos-
tics contained in the spectrometer system. In either
event, the results of the diagnostics are stored on the
operational computer and process operations are noti-
fied that there is a potential maifanction of the spec-
trometer [17]. Control returns to operation [5] in order
to perform the on-line measurement again since some
malfunctions may be intermittent and collection of valid
data may be successfnlly resumed upon retry.

. The objective of the diagnostics performed are to
isolate the cause of failure to 2 system module compo-
nent for easy maintenance. Therefore, as part of the
diagnostic procedure, it may be necessary to introduce
calibration and/or standard reference samples into the
sample cell in order to perform measurements under a
known set of conditions which can be compared to an
historical database stored on the computer. The auto-
matic sampling system is able to introduce such samples
into the sample cell upon demand from the analyzer
computer.

T) Calculate Coefficients and Inferred Spectrum from
Model and Measured Spectrum

The measured spectrum of the sample under test, the
measured spectrum being the spectral magnitudes at
several-discrete measurement frequencies (or wave-
lengths) across the frequency band of the spectrum, is
used with the model to calculate several model estima-
tion parameters which are intermediate to the calcula-
tion of the property and/or composition data parameter
estimates. In the case where the model is an eigenvec-
tor-based model, such as is the case when PCA, PLS,
CPSA or similar methods are used, the dot (scalar)
product of the measured test spectrum with the model
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eigenspectra yield ccefficients which are a measure of
the degree to which the eigenspectra can be used to
represent the test spectrum. If, in CPSA and PCR, the
coefficients are further scaled by 1/0, the result would
be the scores, vy, defined in equation 3.2b of the forego-
ing section of the specification describing CPSA. Such
scaling is not required in the generation of the simulated
spectrum. Back calculation of the simulated test sample
spectrum is performed by adding together the model
eigenspectra scaled by the corresponding coefficients.
For models which are not eigenvector-based methods,
calculations can be defined which can be used to calcu-
late the simulated spectrum of the test sample corre-
sponding to the parameter estimation model.

The residual between the measured test sample spec-
trum and the simulated test sample spectrum is calcu-
lated at each measurement wavelength or frequency.
The resulting residual spectrum is used in operation [8].
8) Calculate Measurement Statistical Test Values

From the coefficients and residual spectra available
from operation [7] and the measured test sample spec-
trum from operation [5], several statistical test values

_can be calculated which are subsequently used in opera-
tions [9-11]. Preferred statistics are described in the
discussion of operations [9-11] and are particularly
useful for eigenvector-based methods. The calculation
in the current operation is to provide statistical mea-
sures which can be used to assess the appropriateness of
the model for estimating parameters for the test sample.
Any method, statistical test or test(s), any inferential
test, or any rule-based test which can be used for model
assessment either singly or in combination may be used.
9) Does Test Sample Spectrum Fail within the Range of
the Calibration Spectra in the Model

In the case of a principal components (or PLS) based
analysis, this test-refers to an examination of the Euclid-
ean norm calculated from the residual spectrum by
summing the squared residuals calculated at each mea-
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surement frequency or wavelength. The simulated spec-
trum only contains eigenspectra upon which the model
1s based. Therefore spectral features representing chem-
ical species which were not present in the original cali-
bration samples used to generate the model will be
contained in the residual spectrum. The Euclidean norm
for a test sample containing chemical species which
were not included in the calibration samples used to
generate the model will be significantly larger than the
Euclidean norms calculated for the calibration spectra
used to generate the model. As noted in operation [8],
any statistic, test or procedure may be used which pro-
vides an assessment of whether chemical species are
present in the test sample which are not contained in the
calibration samples. In particular, pattern recognition
techniques and/or comparison to spectra contained in
computerized spectral libraries may be used in conjunc-
tion with the residual spectrum.

In a preferred way of performing the invention, the
magnitude of the Eunclidean norm is evaluated to see if
the test sample spectrum falls within the range of the
calibration sample spectra used to generate the mode],
ie. is the Euclidean norm small with respect to the
Euclidean norms of the calibration sample spectra cal-
culated in 2 similar fashion. A small Euclidean norm is
taken as indication that no chemical species are present
in the test sample that were not present in the calibra-
tion samples. Ifnegauve (a large Euclidean norm), the
sample spectrum is archived and a spot sample collected
for further laboratory analysis. This is performed in

operation [12]. The sampling system with the analyzer is
capable of antomatically capturing spot samples upon
command by the analyzer control computer.

In the context of this test, chemical species are being
thought of as chemical components which are con-
tained in the sample as opposed to external interferences
such as water vapor which will also show up here and
must be distinguished from chemical components which
are present in the sample. This can be done by model-
ling the measured water vapor spectrum and by orthog-
onalizing the calibration spectra thereto, as described
above in relation to CPSA.

10) Does Test Sample Parameter Estimation involve



[10] The residuals fromthe y vector are cal cul ated as [err] At this
point, the a new vector u[err] is defined as the y residuals fromthe first

step [err] and X is replaced by the X resji |s fromthe first step,
E[err]. The vectors werr], s[err], and 1[err] ; b ' b[err]
are calculated in the same manner. The i[err] stlep IS [gorit hm

t
I nvol ves equating u[err] to the residual vector frorr]‘ éhe previ olis| st ep,
e[err], substituting the residual nmatyix E[err] [f¢r NGV ieg7r i k, | and
calculating werr], s[err], and 1[err]. The progegdure continuesjuntil the y
residuals are sufficiently small, i.e. until e[prr]e[erfT Teaches: the
desired | evel batespelationefthe Model  The matri -lL..and. S are fornmed from

t he col um vect cifthe[sampledsselepted is acocaptable inagjdration{®],vector b fromthe
scal ars b[ err] it if beefepabléli) sxdrhitia {Heevalidiey ofitke model withry] The Standard

Error of Estinmpi&ebt to accurately estimating properties of this sam-
ple. Any method of determining statistical accuracy of
parameter estimates or confidence levels is appropriate.
A preferred way of achieving this is for the Mahalano-
bis distance (as defined above in equation (7.1) of the
section of this specification describing the development
of an empirical model in CPSA) to be used to determine
the appropriateness of the model calibration data set for
estimating the sample. The Mahalanobis distance is a
metric which is larger when a test sample spectrum is
farther from the geometric center of the group of spec-
tra used for the model calculation as represented on the
hyperspace defined by the principal components or
eigenspectra used in the model. Thus, a large value of
the Mahalanobis distance indicates that the property
estimate is an extrapolation from the range of data cov-
ered by the model calibration. This does not necessarily
mean that the estimate is wrong, only that the uncer-
tainty in the estimate may be larger (or the confidence
level smaller) than desirable and this fact must be com-
municated in all subsequent uses of the data.

If the estimate is found to be uncertain (large
Mahalanobis distance), it is desirable to archive the
sample spectrum and capture a spot sample for subse-
quent laboratory analysis using the computer controiled
automatic sampling system [operation 12].

11) Does Test Sample Spectrum Fall in a2 Polpulated
Region of Data in Calibration Model

Even though the sample may lie within the data space
covered by the model (small value of Mahalanobis dis-
tance), the sample may lie in a region in which the
number of calibration samples in the model set is sparse.
In this case, it is desirable to archive the sample spec-
trum and capture a spot sample [12] so that the model
may be improved. Any standard statistical test of dis-
tance may be used in order to make this determination.
In particular the inter-sample Mahalanobis distance

_calculated for each test sample/calibration sample pair
may be examined in order to arrive at the decision as to
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whether or not the samples should be saved. An inter-
sample Mahalanobis distance is defined as the sum of
the squares of the differences between the scores for the
test sample spectrum and those for the calibration sam-
ple spectrum, scores being calculated by equation (3.2b)
of the section of this specification describing the devel-
opment of an empirical model in CPSA. A negative
response results if all the inter-sample Mahalanobis dis-
tances are greater than a predetermined threshold value
selected to achieve the desired distribution of calibra-
tion sample spectra variability, in which case, it is desir-
able to archive the sample spectrum and capture & spot

sample for subsequent laboratory analysis using the
computer controlled automatic sampling system [12].
13) Calculate Parameter and Confidence Interval Esti-
mates

After having performed the statistical tests indicated

~ in operations {9], [10] and [11] and possibly collecting a

spot sample as indicated in step [12], the parameters are
now estimated from the model. For CPS4A, this in-
volves calculating the scores (equation 3.2b) and then
estimating the parameters (equations 3.3 to 3.5). The
actual numerical calculation performed will depend
upon the type of model being used. For the case of a
eigenvector-based analysis (such as PCR, PLS), the
method is a vector projection method identical to that
described above as CPSA.
14) Transmit Estimate(s) to Process Monitor/Control
Computer

Having calculated the parameter estimates and the-
statistical tests, the parameter estimates and estimates of
the parameter uncertainties are now available. These
may be transmitted to a separate process monitor or
control computer normally located in the process con-
trol center. The results may be used by operations for
many purposes including process control and process
diagnostics. Data transmission may be in analog or digi-
tal form.
15) Transmit Estimate(s) to Analyzer Workstation

The analyzer is normally operated totally unattended
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(stand alone). It is desirable for the results of the analysis
and statistical tests to be transferred to a workstation
which is generally available to analyzer and applica-
tions engineers. This is indicated in operation [15].
“While the availability of the data on a separate worksta-
tion may be convenient, it is not essential to the opera-
tion of the analyzer system.
1) Archived Test Spectrum and Lab Data for Model
Update Present
In the event that the samples have been captured and
spectra archived for subsequent model updating, it is
necessary to update the estimation model. This can only
be carried out once the results of laboratory analysis are
available along with the archived spectrum.
If model updating is not needed, operation continues
with [5].
Model Updating
Model updating consists of operations 2], [3], and [4].
Any or all of the operations may be performed on the
analyzer computer or may be performed off-line on a
separate computer. In the latter case, the results of the
updated model must be transferred to the analyzer con-
trol computer.
2) Full Model and Regression Calcnlation Necessary
If the sample whick is being included in the model did
not result from a negative decision in operation [9], it is
not necessary to carry out the calculation which pro-
duces the model eigenspectra. This is because operation
[9] did not identify the inclusion of additional eigenspec-
tra into the model as being necessary. In this case, only
a new regression is required, and the process continues
with operation [4]}.
3) Calculate New Model Using CPSA or Equivalent
The calibration model data base is updated by includ-
ing the additional spectrum and corresponding labora-
tory data. The database may be maintained on a sepa-
rate computer and models developed on that computer.
The entire model generation procedure is repeated
using the expanded set of data. This, for example, would
mean rerunmng the CPSA model or whichever numeri-
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cal methods have been used originally. If this step is
performed off-line, then the updated eigenspectra must
be transferred to the analyzer computer.

Model updating methods could be developed which
would allow an updated model to be estimated without
having to rerun the entire model building procedure.
4) Perform New Regression and Update Model Regres-
sion Coefficients

A regression is performed using the scores for the
updated cailbration set and the laboratory measure-
ments of composition and/or property parameters to
obtain regression coefficients which will be used to
perform the parameter and confidence interval estima-
tion of operation [13]. The regression step is identical to
that described above for CPSA (equations 2.92and bin
the section on the development of an emperical model
hereinabove). If this step is performed off-line, then the
regression coefficients must be transferred to the analy-
zer computer.

The steps described above allow the estimation of
property and/or composition parameters by performing
on-line measurements of the absorbance spectrum of a
fluid or gaseous process stream. Mathematical analysis
provides high quality estimates of the concentration of
chemical components and the concentrations of classes
of chemical components. Physical and performance
parameters which are directly or indirectly correlated

. to chemical component concentrations are estimable.
Conditions for the measurement of the absorbance spec-
tra are specified so as to provide redundant spectral
information thereby allowing the computation of
method diagnostic and quality assurance measures.

The steps comprising the methodology are per-

- formed in an integrative manner so as to provide contin-
uous estimates for method adjustment, operations diag-
nosis and automated sample collection. Different as-
pects of the methodology are set out below in numbered
paragraphs (1) to (10).
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(1.) Selection of the subset region for the absorbance

spectra measurements

(1.1) The measurement of the infrared spectrum in the
various subregions can be accomplished by the use
of different infrared spectrometer equipment. Se-
lection of the appropriate subregion(s) is accom-
plished by obtaining the spectrum of 2 representa-
tive sample in each of the candidate subregions and
selecting the subregion(s) in which absorptions are
found which are due directly or indirectly to the
chemical constituent(s) of interest. Criteria for se-
lection of the appropriate subregion(s) may be sum-
marized as follows:

The procedure of this paragraph is applicable over 2
wide range of possible absorption spectrum mea-
surements. No single spectrometer can cover the
entire range of applicability. Therefore, it is neces-
sary to select a subset region which matches that
which is available in a spectrometer as well as
providing significant absorption features for the
chemical constituents which are in the sample and
which are correlated to the composition and/or
property parameter for which a parameter estimate
is to be calcunlated. The criteria for selecting the
preferred wavelength subset region include subjec-
tive and objective measurements of spectrometer
performance, practical sample thickmess con-
straints, achievable sample access, and spectrome-
ter detector choice considerations. The preferred
subset region for measuring liquid hydrocarbon
process streams is one in which the thickness of the
sample is approximately 1 cm. This is achievable in
the region from 800 nm to 1600 nm which corre-
sponds to a subset of the near infrared region for
which spectrometer equipment which is conve-
niently adaptable to on-line measurement is cur-
rently available. The named region is a further
subset of the range which is possible to measure
using a single spectrometer. The further restriction
on range is preferred in order to include sufficient
range to encompass all absorptions having a similar
dynamic range in absorbance and restricted to one
octave in wavelength.

(2.) Criteria for selection and measurement of samples

for the calibration model calculation.
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(2.1) Samples are collected at various times to obtain
'a sat of samples (calibration samples) which are
representative of the range of process stream com-
position variation.

{2.2) Absorption spectra of the samples may be ob-
tained either on-line during the sample collection
procedure or measured separately in a laboratory
using the samples collected.

(2.3) The property and/or composition data for
which the calibration model is to be generated are
separately measured for the collected samples
using standard analytical laboratory techmiques.

(3.) Calibration model calculation

(3.1) The calibration model is obtained using any one
of several multivariate methods and the samples
obtained are designated calibration samples.
Through the application of the method, 2 set of
eigenspectra are obtained which are a specific
transformation of the calibration spectra. They are
retained for the property/composition estimation
step. An important preferred feature of the inven-
tion allows for the updating of the predictive
model by collecting samples during actual opera-
tion. This will permit a better set of samples to be
collected as previously unrecognized samples are
analyzed and the relevent data entered into the
predictive model. Therefore it is not particularly
important how the samples are obtained or which

- model calculation method is used for the initial
predictive model. It is preferable that the imitial
calibration model be developed using the same
method which is likely to be used for deveioping
the model from the updated sample set. Methods
which can be used for the calibration model calcu-
lation are:

(b 3.1.1) Constrained Principal Spectra Analysis as
described hereinabove is the preferred method.

(3.1.2) Principal components regression discussed
above is an alternative method.

(3.1.3) Partial least squares amalysis, which is a
specific implementation of the more general
principal components regression.

(3.1.4) Any specific algorithm which is substan-
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tially the same as the above.

(3.1.4) A neurological network algorithm, such as
back propagation, which is vsed to produce a
parameter estimation model. This technique may
have particular advantage for handling non-lin-
ear property value estimation.

(4.) Property/composition estimation
(4.1) Property and/or composition data are estimated
according to the following equation as explained

above {(equation 3.5):

Yu=v,B

(5.) Calibration model validation
Calibration model validation refers to the process of

determining whether or not the initial calibration model
is correct. Examples of validating the calibration model
would be cross-validation or PRESS referred to herein-
above.

(5.1) Additional samples which are not used in the
calibration model calculation (paragraph (3)
above) are collected (test set) and measured.
(5.1.1) Spectra are measured for these samples ei-

ther on-line or in a laboratory using the samples
which have been collected.

(5.1.2) Property and/or composition data are ob-
tained separately from the same standard analyti-
cal Iaboratory analyses referred to in paragraph
(2.3) above.

(5.2) Property and/or composition data are estimated
using equations (3.3-3.5) in.the description of
CPSA hereinabove and validated by comparison to
the Iaboratory obtained property and/or composi-
tion data.

(6.) On-line absorption spectrum measurement

(6.1) Any infrared spectrometer having measurement
capabilities in the subset wavelength region deter-
mined in paragraph (1) above may be used.

(6.2) Sampling of the process steam is accomplished
either by extracting a sample from the process
stream using a slip stream or by inserting an optical
probe into the process stream,
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(6.2.1) Slip stream extraction is used to bring the

sample to an absorption spectrum measuring cell.
The spectrum of the sample in the cell is mea-
sured either by having positioned the cell di-
rectly in the light path of the spectrometer or
indirectly by coupling the measurement cell to

the spectrometer light path using fiber optic

technology. Slip stream extraction with indirect
fiber optic measurement technology is the pre-
ferred on-line measurement method. During the

measurement, the sample may either be continu- -

ously flowing, in which case the spectrum ob-
tained is a time averaged spectrum, or a valve

may be used to stop the flow during the spectral
measurement.

(6.2.2) Insertion sampling is accomplished by cou-

(7.) Process parameter (on-line property and/or com-

pling the optical measurement portion of the
spectrometer to the sample stream using fiber
optic technology.

position) estimation.
(7.1) Spectra are measured on-line for process stream
samples during process operation. Several choices
of techniques for performing the spectral measure-

ment are available as described in paragraph (6)
immediately above.

(7.2) Parameter estimation is carried out using the
equation in paragraph (4.1) above.

(8.) Calibration model updating

(8.1) Spot test samples for which the estimated
parameter(s) are significantly different from the
laboratory measured parameter(s) as determined in
paragraphs (9) and (10) below are added to the

calibration set and the calibration procedure is .

repeated starting with paragraph (3) to obtain an

The prediction residuals are
Sum of Squares for this step is
splits.of X and_ v unt||
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cases, a

[ egr essi on

n the

updated calibration model as set out in the equation

in paragraph (3.1) above.

(8.2) Samples which are measured on-line are com-
pared to the samples used in the calibration model
using the methods described in paragraphs (9) and
(10) below. Samples for which fall the tests in () or
(10) are noted and aliquots are collected for labora-
tory analysis of the property/composition and veri-
fication of the spectrum. The on-line measured
spectrum and the laboratory determined proper-
ty/composition data for any such sample is added
to the calibration data set and the calibration proce-
dure is repeated starting with paragraph (3) to
obtain updated calibration model.

(9.) Diagnostic and quality assurance measures

(9.1) Diagnostics are performed by calculating sev-~
eral parameters which measure the similarity of the
test sample spectrum to the spectra of samples used
in the calibration.

(9.1.1) Vector-based distance and similarity mea-
surements are used to validate the spectral mea-
surements. These include, but are not limited to,

(9.1.1.1) Mahalanobis distances and/or Euclidean
norms to determine the appropriateness of the
calibration set for estimating the sample.

(5.1.1.2) Residual spectrum (the difference between
the actual spectrum and the spectrum estimated
from the eigenspectra used in the parameter
estimation) to determine if unexpected compo-
nents baving significant absorbance are present.

(9.1.1.3) Values of the pro;ecnon of the spectrum
onto any individual eigenspectrum or combina-
tion of the eigenspectra to determine if the range
of composition observed is included in the cali-
bration set.

(9.1.1.4) Vector estimators of spectrometer system
operational conditions (such as wavelength er-
ror, radiation source variability, and optical
component degradation) which would affect the
validity of the parameter estimation or the error
associated with the parameter estimated.



The quantity s[err], [err] I s an unbi ased estimte ,PI *I@}r\g;
nmeasure- nent of y. s is the standard deviation in the
approached [err],

nmeasur e-

ylerr] is known to have vari- ance s[enk], then the fFegression equ
relating y (dinmen- sion n) to V (dinension n by k) that provides for

rally distrlbuted(9gs énhﬁcaa\saeed) fff%}m WHEf @BWis a n by n

di agonal matrix
estimated as

ment |,
s[err] approaches the true vari- hnte.18 NQV ©8Zh [of| t he
y[err] elements in vector y was neasured once, and thpe

nior -

?BE Fi%gsﬁtﬁm tedttl eeqfé?ﬁzg h&l ents are
tri t10n

ysis, or ar\{y mmﬂar techniques which

evaluate the current measurement (either spectral
or parameter) in terms of the past experience avail-
able either from the calibration sample set or the
past on-line sample measurements.

(10.) Process control, optimization and diagnosis

(10.1) Parameters are calculated in real-time which
are diagnostic of process operation and which can
be used for control and/or optimization of the
process and/or diagnosis of unusual or unexpected
process operation conditions.

(10.1.1) Examples of parameters which are based
on the spectral measurement of a single process
stream include chemical composition measure-
ments (such as the concentration of individual

--chemical components as, for example, benzene,
toluene, xylene, or the concentration of a class of
compounds as, for example, paraffins); 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 (such as
smell/odor, color).

(10.1.2) Parameters which are based on the spectral
measurements of two or more streams sampled at
different points in the process, thereby measur-
ing the difference (delta) attributable to the pro-
cess included between the sampling points along
with any delayed effect of process between to
the sampling points.

(10.1.3) Parameters which are based on one or
more spectral measurements along with other
process operational measurements (such as tem-
peratures, pressures, flow rates) are used to cal-
culate 2 multi-parameter (multivariate) process
model.

(10.2) Real-time parameters as described in paragraph

(10.1) can be used for: '

(10.2.1) Process operation monitoring.

(10.2.2) Process control either as part of a feedback -
or a feedforward control strategy.

(10.2.3) Process diagnosis and/or optimization by
observing process response and trends.



The residuals are [err] If the variance in the meg B‘EM@N%DHEET
I ndividual y[err] is the sane, and y is a vector of dinensifon n whose !
i ndi vidual elements y[err] represent the average of n[err] [nmga-18uN@vasgs,
then the weighting matrix for weighted | east squares regregsijon of y[err]
against Vis given by 56 - 74 ferr

It will be appreciated that many modifications to or
additions in the inventive method and apparatus dis-
closed herein are possible without departing from the
spirit and scope of the invention or defined by the ap-
pended claims. All such meodifications and additions
will be obvious to the skilled addressee, are contem-
plated by the disclosure of the present invention, 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
heading “Appendix,” a detailed description of the math-
ematical techniques used, starting from first principles.
This Appendix forms part of the disclosure of the pres-
ent specification. '

Focrrstmgr mmr

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 2
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.

‘s )

3

L]
v4
v= 735 lis an example of a column vector of dimension 9.
v6
v
2.}

s

\" /

The corresponding row vector,




I ndi vi dual neasurenent of elenent y[err] is s[err], then the weighting

matrix for weighted | east squares is defined by [err] 2.0
Definitions Relating to Quanitative Spectral Mea- surenents: If i[err](f)
is the intensity of electronmagnetic radiation at gth) f
which is incident on a sanple, and i(f) is the i m&gwhi e
frequency (wave- length) that is trangmtted through the sanple, [thHen t(f),

the transm ssion of the sanple at freduency f is lgived ROV 1997 [ierlr] The
absorbance of the sanple at frequency f is [ err] The absoriptfi on

spectrumof a sanple will be repesented by a vectjpr X of dirmension
i ndi vi dual el ements are(uheviaosowsyarce) of the sanple at each of f
frequenci es

is also of dimension 9. The superscript ¢ indicates that
the row vector is the transpose of the corresponding
column vector.

Normal face, lowercase letters with subscripts will be
used to refer to the individual elements of the vector,
e.g V1, vz, V3, etc., which are scalar quanities. The sub-
scripts 12,3, etc. indicate the position of the quantity in
the vector. The expression v; will be used to represent a
general position i in the vector. Bold face, lowercase
letters with subscripts will be used to represent one of a
set of vectors, i.e. vy, v3, . . . vy would be 2 set of n
vectors. '

1.2.1 Product of a Scalar Times a Vector:

Ifv=|7v |,

avs
then the multiplication of v by ascalar g is va = | avs
avs
avy

avg

\ 7"

f whose



(wavel engt hs).

For conveni ence,

the elenents in x are generally ordered in

ternms of increasing or decreasing frequency. Q ' T I
anal ysis is based on Beer's Law (4). For a nixtureRF LA EIJ Sﬁgggggznents

Beer's Law can be represented by the matrix equatifo

where A

is an f by ¢ matrix whose columms are the absorptfi dn §}8el&0\lé9 ir} of the

¢ i ndi vi dual

pure conpo- nents (neaspyed at unit {pgthl ength), mhére cis a
vector whose el enents are the concentrations of tihe conpo- nents

in the

m xture, and where t is a scalar representing thd_pathlength (thickness)

of the sanple.

=(V1 V2 V3 V4 V5 V6 v§ vg) then avf=(ay} avzaviavy
avs avg av7 avg avg)
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, iLe.

4

uly = (2) uzuzugusugug)} ¥4 =
Vs
v6

"7 /

upv) + vz + 23v3 + ugvg + usvs + ugve.+ u7v7

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 ztu=zv=0 and y=ua+vb for any scalar coeffici-
ents a and b then z'y=zua+zvb=0a+40b=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 || v||, i.e.

el =¥l =09

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.

1.2.4 An Orthonormal Set of Vectors:

A set of vectors uy, uy, . . . Uy, form an orthonormal
set if the dot products uu;=1 and ufuj=0 for ;not equal



Beer's Law inplies a |linear relationship between f{he—easured-absorption
spectrum and the concentrations of m xture conmpohREPISACEN! Nﬂe ﬁgﬁ’ﬁ ra of
the conpo- nents is known, the equation for Beer's$ cam-be~sot-yefd for

t he conponent concentrations, i.e. If yis a prop Pé’ ;ﬁ?ze >anI e
that depends linearly on the concentrations of the¢ ﬁ% co neptp, then
[err] where r is the vector of coeffbments that jd ar
~dependence. This expression indicates’that there i S a | i near rel atipnship
between the property and the absorption spectrum of—tte—sanpie:

general , the vectir haréhan frd’ma{ﬁ) QOIthiﬁd/Mdaﬂﬂvébmrse' at i onshi p

bet ween conponent @&ﬁ%&.@éﬁpl e spectrum
is repre- sented aiec F}pﬂrs vector 0 nsion f that
erent vettt rs is equal to'z

rel ates the spec- €ro.
1.2.5 Orthogonalization and Normalization of Vectors:

Given a vector u of length |Ju}|, it is possible to
define a new, normal vector v’ as u'=vu/||ul|}. 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 ufv=d, the vector z=v—du is orthogonal
to u, ie. vz=uv—~duwfu=d—d=0. The procedure for
calculating z is referred to as orthogonalization of the
vectors.

Givenaset of n vectors, X1, X2, . - - Xn, it is possible to
derive a new set of n vectors, uj, uz, . .. Uy, 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, X1, and normalizing it to
produce uy;

[2] choosing a second vector, x2, orthogonalizing it to
u; normalizing the resultant vector to produce uy;

[3] choosing a third vector, x3, orthogonalizing it to
both uj and uy, and normalizing the result to produce us;

[4] continning the process of choosing vectors x;
orthogonalizing them to the vectors uj, g, . . . B/—1
which were already calculated, and normahng the re-
sultant vectors to produce new u;until all vectors have
been processed.

1.3 Matrices:
A matrix is a two dxmensmnal array of scalar values.

Matrices will be designated as uppercase, boldfaced
letters. For example,




trumto 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 nodel to relate the
conponent concentration and/or property data to the absorption spectra. The
calibration of a spectral nodel will generally consist of the follow ing

st eps. [1] n representative sanples.,of the materiafs-fo —nhich—the
model is to be devel oped will be col'-sso' | ected, th REPE\_&@EMBNTOSIH. PEEtra
(x[err], i=1,n) wll be obt ai ned, and the conpopent concentrati pnp
and- [or property data (y[err], i=1,n) wll be su 8NOVI D7
sanpl es that are used knglpguggn bration are referre to as refefepces,
and the spectra of thgse sanples are referred tofa L ra.

X21 X273 X23 X24

X3] X32 X33 X34

X41 X42 X43 X44

X = | X51 X52 X53 X54 |isa 9 by 4 matrix.

X461 X562 X63 X648

X71 X72 X13 X74

X81 X382 X33 X34
x91 X X

\ 91 X92 X93 94)

The general element of the matrix X, xy indicates the
value in the ik row 2and the j* column. The dimensions
of a matrix, i.e. the numbers of rows and columus, 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 a matrix are row vec-
tors, e.g. the vector x; is the i% row of the matrix X.
1.3.1 Matrix Transpose:

The transpose of a matrix X is obtained by inter-
changing the rows and columns, and will be designated
by X!. For example,

/xll X12 X13 xl4\

X21 %22 %23 X24
X31 X32 X33 X34
X41 X42 X43 X44
if X =] Xxs1 X352 X53 X854
X61 X62 X631 X64
X71 X72 X73 X74
X31 X52 X583 X84
91 %92 %93 %34 )




- 76 - 2] A regression nodel of the form [err] wll

constructed for each conponent and/or property whi Fgglng) p
where y is the vector of dinension n containing th HEE
concentration or property values for the n refer- gnre sanpl es, an

if af by n matrix whose col - um are the spectra; HeBNOVeWGVe ce
sanpl es neasured at f frequenci ef.? (wavel engt hs) . .mat hemat ifjcgl
met hod that is used in calculating t é regr essi on fnodel "W TTdepend jon
t he nunber of reference sanples relative to the n of fre- Wé
guenci es (wavelengths). 2.1.1 Cali bration Model s for.f<n: If the nu r

of reference sanples, n, usq t eeds the nunber
frequenci es per spec- trum dpﬂ;@? J?‘{%ratlo

via |linear |east squatgeenjrtte_g egsmmz&eﬂ@zmmmzyz
X13 X23 X33 X43 X53 X63 X73 X33 X93
X14 X24 X34 X44 X54 X64 X74 X34 X94

If the matrix X is of dimension f by n, then the matrix
X! is of dimension n by f.
1.3.2 Matrix Multiplication:

If U is a matrix of dimension f by k, and V is 2 matrix
of dimension k by n. then the product matrix Z=UV is
a matrix of dimension f by n. The z; element of Z is
calcutated by taking the dot product of the i row vec-
tor uf from U and the j* column vector v;for V.

uir a12
u up s
IfU= and ¥V =
u3] 432 21 V22 v
4] u4
then Z =
uiivil + R1221 w1z b uiav2 v o+ 4vs
ov utvty - u22v21 w2112 - wzzv2z u21vi3 + u22v23

usivyy + uszvzl U312 + Uz u3vI3 + 43V
u4qtvy 4+ uzm ugivy2 + w43z w4ivis + uqav3

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, ie.

of

nodel can be obt ai ned



[err] The regression nodel
this case, these nethods aren't
i nvert ed. | f the nunber of frequencies

coul d al so be obtained using PCR or

exceeds the nunber of reference sanples, n, then a subset of f'

can be chosen such that f'<n, and |inear |east square regression can be

PLS, but in

required since the (XX err]) matrix can be
(wavel engt hs) per spec- trum f,

frequenci es

used to develop the calibration nodelsy;. [err] where X is the f'
matrix obtained fromX by delet- ing the f-f' rows. The choice of the

frequenci es (wave- |engths) that are to be used in d
regression nodel can be based on a prior know edge o

can be chosen usin

al gorti hm (5).

by n

T

rﬁ‘e‘gl_p
Se),

or

absorptions preseny,in the tr Wg . €. spectros- ¢
;ug gfgtféﬁﬁ al vel ength (frequ
uvit + unvn Uy
2l = = ni +
C | w3t + u3v2) u3|
meu + u42v2] ugy ,

w1 = 211 + w2

The product of more that two matrices, e.g. ABC, is
obtained by taking the products of the matrices two at
a time, ie. 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 opposite order, i.e.

(ABy'=B‘A",

1.3.3 Products of Vectors and Matrices:

The product of a row vector uf of dimension k by a
matrix V of dimension k by n is a column vector z of
dimension n, i.e.

Vi1 V12 13
au'=(@mu)and V=
. 2123

then z=(z1 22 Z3)=wWV=(vi1+wv21 Wv+uwvy
uviz+uzvas)
The individual elements of z, z;, is calculated as the dot
product of u? with the individual column vectors of V,
v;. The Product of a matrix U of dimension f by k with
a column vector v of dimension %, is 2 column vector z
which is calculated by taking the dot product of the row
vectors of U, uZ, with v.

t hey



- 77 - If the concentration and/or property data in y does not have

uni f orm nmeasurenent variance, and/or repre- sents the average of differing
nunbers of experinental neasurenents, then the calibration nodel can be
devel - oped using a weighted |linear |east squares regression (section
1.4.3.4). 2.1.2 Calibration Mdels for f>n: I f the nunber of frequencies
per spectrumf, exceeds the nunber of .feference spectra used in the
calibration, n, then the calibration del can be built using either
Princi pal Conponents Regression (section 1.4.3.1) [err] or via Partial

Least Square Regression (gfchhqn 1.4.3.2) [err] For ' BN pefeht s
Regr essi on, the nodel ube dgvel ope ing a two stg,Pﬂg #@ﬁ?g E’i r]
2t U2 n
U= andy =
u3i 432 nuj 1 8 NOV 1997
ugq1 u42
21 unv1 + u12v2
z uvi + unan
thenz = ==
Z3 u3tvy <+ u32
%4 ugivl <+ u2n2

1.3.4 Square, Diagonal and Unit and Unitary Matrices:

A square matrix is a matrix whose two dimensions are
equal. The diagonal elements of 2 matrix are the ele-
ments Xz. The off-diagonal elements of a matrix are the
elements x;;for which z%;. A diagonal matrix is a matrix
for which the off-diagonal elements are zero. A unit
matrix, wherein designated as I, is a2 square, diagonal
matrix where all the diagonal elements are equal to one.
The product of a matrix with an uait matrix is itself, i.e.
Al=A. A unitary matrix is 2 square matrix U for which

PU=UlP=L '

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—}1, is the matrix for which

AA=l=A~14=]

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-1=Iif f<n

or it may have a left inverse,



where the nonzero coefficients, b[err], which are used in the nodel
determ ned using step-w se or

t he i ndi vi dual

unequal neasurenent variance, or represent the aver_.age.of

of experi nment al

[err]

-78 -

may be
PRESS based regressions (section 1.4.3.2). |If
conponent concentrations and/or properties iny are of

0 llnnqua_l___g
determ nations, then the step-w se RERWEE?%EET
t Re-wet- o sit

regression may be conducted using th%4qatrices from

squares regression (section 1.4.3.4).772.2 Analysis ¢f}Un ' I
t he above nentioned calibration nodels can be expregs¢d {amﬁ%]r

unber s

of

U-U=Iif f>n
If f<n, and U—TU=1 then U—1=0UT)~L,

If f>n, and YU~ 1=1then U-1=(UF )t/

1.3.6 Eigenvalues and Eigenvectors:
For a square matrix A of dimension n by n, the equa-
tion - '
Av=vA;

is called the eigenvalue equation for A. The eigenvalues
of A, \;, are the scalars for which the equation possesses
nonzero solutions in v. The corresponding nonzero
vectors v; 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

VAV=A

 where Aisa 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

def{A=AD=0

where det indicates the determinant of the matrix. Vari-
ous computer algorithms are availabe for solving for the
eigenvalues 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 a 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:



The nodels differ in the means used to estimate the regression vector p. If
x[err] represents the spectrumof a new, unknown material, then the
ed using the model are

conmponent concentra- tions and/or properties estina

[err] The use of the calibration nodel to estinmate

generally represents the superpositréh-of the absor
conponents, x[err], and signals arising fromthe pr

RERIACRYENT SHEET

concentrations and/or properties is referred to as gn

ﬂly S-S+ ;
Constrai ned Spectral Analysis: The spectrum neasurefd g
it Dt oﬂg B@@ﬂ% ?t e
d si o i

t he spectral neasurenent, [err] The signal prising fromthe

nmeasur enment process may be the sumof various indiv

Aiial cl.anal o od.

sanpl e
maki ng

[err]

orereet YT T oy LY =

For a non-square matrix X of dimension f by n, the
singular value decomposition of X is given by

X=UZV*

Iff>n, tkfen U (dimension f by n), = (dimension a by n),
and V (dimension n by n) matrices have the following
properties:

GU=r

2 is a diagonal matrix

VV=V¥V=I

If f<n, then U (dimension { by f), 2 (dimension f by f),
and V (dimension n by f) matrices have the following
properties:

UU=UU=]
2 is a diagonal matrix
V=1

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 3, 7,
are referred to as the singular values of X, and are in the
order 011> 022> 033> ... okewhere ris the smaller of
f orn.

The singular value decomposition of X?is VU

The singular value decomposition is related to the
eigenvalue analysis in the following manner. The eigen-
value equation for the square matrix X7X can be written
as

XXV=VA

rr



Exanpl es of these neasurenent process signals would include, but not be
limted to, [1] reflection and/or scattering |oses fromthe w n-_dows of

the cell used to contain the sanple, or in the cas bt L Fe ﬂsg:a on
sanples, fromthe front surface of the sanple; [ BELZ\C %' E‘? e

spectral baseline arising fromvariations in the it n5|t te
W ol
n

the spec- tronmeter sourse and/or the responsivity df
detector; [ 3] absorption signals aT?@an from ga phase conpo-
(e.g. water vapor and carbon dioxide) that are pregent 1n the |ight
t hrough the spectroneter, but are not sanpl e conporlent.s.._Since t
regressi on vec- - 79 -

By substituting the singular value decomposition for X
and X* we obtain

XXV=VZIUUZV*V=VA

Using the fact that UU=I and VIV=] and that 2!=2
we obtain

XXV=V32

where 32==33. 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 X7X. Similarly, for the matrix XX

XXU=IUSVVSURU=US2=UA

U is the matrix of eigenvectors of the XX matrix. Note
that if f=n, XX and XX?have at most n nonzero eigen-
values. Similarly if f=n, XX and 3X! have at most f
nonzero eigenvalues.

If X is of dimension f by n, then the inverse of X is
given by VE-1U¢, i.e.

X X=VI-X=V3-\ P US V=V
XX-l=xvz-1U=Uz V-1 Ut=Utr
where 3—1is a diagonal matrix containing 1/07;on the
diagonal. Similarly, the inverse of X’ is given by
UZ-1V¢, je.
X~ l=xtUs—1 =z ityz—1vt=vyt
(X‘)“X’=UZ“V‘X‘=UZ"‘V‘VZU‘=U({'

If X if square and of rank k=f=n, then



tors calculated fromthe calibration are in al

of the original

p=X[err](XX[err])[err] X err]
p=[err] they wll

cases |inear conbinations
spectra, i.e. for linear |east squares,
for PCR, p= Uerr] and for PLS,
i nclude contribution fromthe measurenent process

signals, m As such, the estimation of conpo- nent c¢opncenfrations and/or

property val ues based on [err] wll vary not FEPEA@R#Qﬁﬁhu

t he absorptions due to real sanple coffpenents, but g

4

2

the signals arising fromthe neasurenment process. The i
BNGY 1&g

are thus not robust relative to varia- tions in the|silg

t he nmeasurenent pro- cess. The estinmation of conpcnent concentrat

and/ or properties can be expressed as

f

(0]

in
hs i n

del s

om
NS

VVi=1and UUt=I

In this case, X and X! both have right and left inverses.

If £>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 not an
identity matrix, and the expressions given for the left
inverse of X and for the right inverse of X! are only
approximate.

If 3 contains k nonzero singular values, then

X=UZV=UZ'V"!

where =’ is the k by k matrix containing the nonzero
singular values, and U’ and V' arethe fbykandnby k

matrices obtained from U and V by eliminating the

columns which correspond to the singular values that
are zero. Similarly,

X=py2U?
X-l=pz-lyt

(Xt)—l._gyvz'-lyt

Similarly, if the k+1 through n singular values of X are
dose 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’'3"V", Approxi-
mations for X? and for the inverses of X and X! are
obtained similarly.

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, =, 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,



The estimation will be insensitive to variations in the signals arising
fromthe neasurenent process if, and only if, the second term nferr]p,

equal to zero, i.e. if the regression vector is orthogonal
arising fromthe nmeasurenent process. 2.1 Constrained Linear
If Xis an f by n matrix containing the spectra of the ¢
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can be represented as the sum err] where Mis
containing the individual signals ari¥ing fromthe neasf
col- ums, and Nis a n by s matri x containing the scal
whi ch correspond to the level of the j[err] nmeasurement
the i[err] reference sanple.

or close to zero.

The matrix U is can be calculated as

U=xvz-1

S
to the signals
Least Squares:

ference sanpl es,

ar
p
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which implies that the column vectors in U are lincar

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

X=LV

The L matrix is the product of the U and = matrices,

such that

LL=A

1.4.1 Multiple Linear Regression, Least Squares Re-

gression:

If y is a column vector of length n, and X is a matrix

of dimension f by n, then the matrix equation

y=X'p+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 e'e, i.e. the sum of the square of the reSIduals

1.4.2 Solution for f=n:

If X if f by n, y is of dimension n, and f=n, then the
solution to the regression equation that minimizes || e {|
is obtained by mmitiplying both sides of the equation in

1.4.1 by the left inverse of X¢, ie.

y=Xp+e~ XX’()"“Xy—-(H‘)“IH‘p+(XX')-1X-
e=p+(XX)~ ' X

The quanity (XX0—1Xy is the least square estimate of p,

and is designated p.

X



- 80 - If f<n (or if f'<n frequencies are chosen), then the solution to
the calibration nodel [err] which yields a regression vector p which
is orthogonal to-the measurenment process signals Mis derived via a
constrai ned | east squares regression, where the con- strain equation is
where O is a zero vector. X is defined as the f_by—p+s—n g:sggﬁrajned by
adding the s colums of Mto X, and y' is the veiﬂﬁﬂﬁiﬁﬁmﬂ n+s
obt ai ned by addi ng a correspondi ng s-28ro0 el emen s‘ro Y. The constyai ned

| east square solution i s then [err] The esti fm elygq@gum%ﬂ

|

=X~y

The regression vector p is a linear combination of the
column vectors in X. The estimates of y, i.e. y, are given

by
y=Xp=X(XX) Xy
The residuals for the model are

e=y—y

The Standard Error of Estimate (SEE) for the model is

SEE = Nee/n — p)

The regression model may be used to estimate the

scalar value y, corresponding to a2 new vector of inde-
pendent variables x,,

yu=xu‘lv=xu‘(ﬂ’)"lzy .

Based on the model, the probability is a that the true
value yy lies in range

Yu—t-SEE-N\1 +d& Sy, Sy, +t.SEE- “1+JZ

where t is the stndent’s t distribution value for probabil-
1ty a and n—f degrees of freedom, and d2 is given by

Py (XX~ 1z,

An equivalent solution for this case can be obtaiﬁed
using the singular value decomposition of X¢, i.e.

UZ=1Py=p4- Us~1pre

The solution can be seen to be equivalent since



[err]

The estimate y is constrained to be independent of the

presence of the neasurenment process signals. Simlarly, it x[err] is a

spectrum of a new unknown sanpl e, such that Ter
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XX~ X =(UEVVE) 1 USV=(UE -2 0"
WEVi=
uz—ip
1.4.3 Solutions for f>n:

If £>n, the matrix X* does not possess a left inverse-
since XX?is a f by f matrix of rank at most n. In this case,
an approximate solution to the regression equations can
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

=Xp+e
is solved as
U~ 1= UL~ 1V X4 US~ Wle=p+4 UZ—1 V%

where U is of dimension f by k, = and Z-1are k by k,
and V is n by k. The estimate of the regression vector is

p=Us—{Vy=XV3-2p%

p is a Iinear combination of the column vectors of both
U and X. The estimate of y is

y=Xp=XUs—Vy=VI U2~ 1 V=117
The residuals from the model are
e=y—y=y—VVYy

The Standard Error of Estimate is

SEE = ‘le'e/(n — k)



then the estimation of y[err] is [err] I.e. the estimate is

I ndependent of the presence of the neasurenent progess—~s+ghals—a-th

spectrum x[err]. The residuals fromthe nodel are EEPH,ACEMIENISSHEE@
apility

Error of Estimate is SEE [err] Based on the det—thepro
Is a that the true value y[err] lies in range 1.8 NQV 1997
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For a new vector of independent variables xy, the scalar
estimate y is obtained as

J’u—qu—Xu‘UZ"l Vry—Vg‘ V'y where
v l=x, U ~1

Based on the model, the probability is a that the true
value yy lies in range

Yu—t-SEEV 1+ 2=y, Sy, +t-SEEV1+d2

where t is the student’s t distribution value for probabil-
ity 2 and n—k degrees of freedom, and d2 is given by

P =x XX Lty =, SUUS VI U~ USv,=
VutZU‘(UAtF)- z]zvu

B =y SUUA P USry=v SA— v, =v,fv

decomposing the X matrix into UZV?, and regressing y
versus V, i.e.

X=UZV and y=Vb+e

where b is a vector of regression coefficients. The solun-
tionis

Viy=VVo+Vie=b+ Ve

The estimate of the coefficients is
b=(PV)~ 1Wy= 11y

The estimate y is

y=Vo=v¥y

which is the same as obtained above. For a new vector
of independent variables x,, v,!is calculated as

vn‘ — xut UZ"' 1

and the estimation of the scalar y, is



[err] where t is the student's t distribution value for probabil- ity and

n-f degrees of freedom and d[err] is given by [err] 2. 2. Constrai ned
Princi pal Conponents ‘Regression: If f>n, then th retr-at-ned-tineqr
| east squares solu- tion in section 2.1 cannot be um N h SHER i

XX[err] is at nost of rank n, is singuar, and canngt [be drfectTy Tiv vért ed.
It is possible to develop a constral ned princi- pal]l do cmngt/s;?quel by
followng a sinilar nethodol - ogy. F62X again reprledents the n+s
matri x whose first s colums are neasurenent procegs ‘s+greats—M—and jwhose
|l ast n colums are the reference spectra, then the |singular val ue

deconposi tion of X j sy hehfthy=x U= Vp=xp

which is again the same as that obtained above. The
residnals, SEE and d2 are also the same as that shown
for the first PCR method.

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 y,
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=vidi+e;

where v; are the column vectors of the V matrix. The
scalar coefficient b;

bi=viy

that produces the minimal sum of squares of residuals,
efey, is initially chosen. If by is the coefficient that pro-
duced the minimum sum of square of resiudal, the the
1st and k* columns of V are interchanged. The one
variable model at the end of the first step is then

y=vib1+e;

In the second step, a series of equations of the form
y=vib1+vibi+e;

are then constructed for each column vector vy where ;
is not equal to 1. The equations are solved for the vari-
ous combinations of b; and b;, and the residual sum of
squares e,‘e, is calculated for all the combinations. If bz
is the coeffiecient that prcduced the minimum residual
sum of squares, then eier is compared to ejfe; via an
F-test (3). If the inclusion of bk produces a statistically



- 82 - where U is an f by k matrix, [err]' is the k
singul ar values and V' is an n+s by k matrix. The s by
corresponds to the first s rows of V'V, i.e. to the righ
associated with the signals due to the neasurenent proc
process signals can be expressed as 6 [err] If y'" is
containing the s zeros and the n con- 8éntration or pro
t he regression [err] subject to the constraint
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estimated coeffi cspmiffcAt ihtolehiBat in the sum of the squares of the

residuals, the 27dand k columns of V are interchanged.
At the end of the second step, two variable model then
becomes

y=vnbitnht+e

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 two variable model
is found, a series of models of the form

y=nbt-+wbr+vbrte

are tested for all i not equal.to 1 or 2. If, in this third
step, a coefficient b is found such that exfer is less than
ex’e2by a statistically signficant amount, then the 3/¢and
kt columns of V are interchanged, and the three vari-
able model becomes

y=nbi+nb+nbi+e;
At this point, models of the form

=vib1+v3b3+ey3
y=wnbh+vbs+en

are formed to test for deletion of variables from the
model. If e13%e13is less thar es’e, by a statistically signifi-
cant amount, then the 274 and 3™ column vectors of V
-are interchanged and a new two variable model is ob-
tained. Similarly, if ey3%s3 is less than es’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 a new three variable model which produces
a statistically significant reduction in the sum of the
squares of the resiudals 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 madel, and the step-wise procedure is finished.
'If 2 three variable model is generated from which no
variables can be deleted, the third step is completed, and
the procedure continues with a fourth step in which



[err]
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[err]

The regression vector is then [err] The estimate y . for th
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four variable madels 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 varibles can be
added or deleted to produce a statistically significant
change in the residuals, or until all the k variables are
included in the model, whichever comes first. Algo-
rithms for efficiently conducting this step-wxse proce-
dure have been published(2).

An alternative to the step-wise regression calculation
is a step-wise Predictive Residual Sum of Squares
(PRESS) aigorithm. This algorithm can also be used to
determine which coefficients to include in the model.
For PRESS, a model is built setting the i#* dependent
variable y;, and the corresponding row vector, v#, to
Zero.

The model has the form

G=y)=(V=v{)b() +e
where (y—y)) is the vector obtained form y by setting

y:to zero, and (V —v;) is the matrix obtained from V by
setting the i%f row to zero. For example,

» ('Il v12
. » 21 v22
ify= and ¥V =
y3 . 731 ¥32
ys ] \741 v42
7l W 1t Y12
thea (y — p2) 0 and (V ¢ @
(e — = — =
y [RE=m) =1,
!
ya y 4] V42

The estimate of the ‘coefficient vector for this model is
=KV~ Y (V=N Vo~

H=[ mo—'+(r'r)~ y{1—»(V*9)—1
W)= P~ (Y —viXy—y)

nodel



The estimated concentration and property values are constrained to be

i ndependent of the signals that are due to the negsgrefent—process—For an
unknown rmaterial with spectrumx[err], [err] REPLACEM%&I@EEQ ed
concentrations and properties are inde- pendent of] tfR€ TTEASUr €NENg [pr ocess
signal. The residu- als fromthe nodel are 18 NOV 1997
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The estimate of y;based on this model, y(i), is then given
by

H)=vfb=vf (P V)~ ()~ y(1—
v =LA )~ IV —yDy—y)

The estimate may be simplified to yield
K= ~ad~Yyi~a(l—ad i

where
g=vi(VV)~ 1w |

and y;is the estimate based on a model including all the
variables

yi=vi PV~ 1¥.
The residual for the i% dependent variable is then
Y-y =1~ 'pi—)

The PRESS statistic is the sum of these residuals over
alli=1ton.

The first step in the PRESS algorithm, n by 1 matri-
ces V;are formed from the k columns of V. The n values
of q;are calculated as

a=v{(VV)— %

and the residuals and PRESS values are calculated
using the equations above. If Vi is the matrix which:
yields the minimum value of PRESS, then the 15 and
the k% columns of V ate irterchanged.
In the second step, n by 2 matrices V; are formed
using the st and j* (j541) columns of V. The g, residu-
. als and PRESS values 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 Viis



The Standard Error of Estimate is [err] Based on,
probability is a that the true value y[err] lies
is the student's t distribution value for probabi
of freedom and d[err] is given by [err]

84 - The Constrained Principal Conponents Regress
yield a stable calibration nodel that is robust to
intensity of signals - 66 -
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found that yields 2 smaller PRESS value, then the 274
and k* columns of V are interchanged, and a third step
is conducted.

The third step involves forming n by 3 matrices V;
using the 1%, 27dand j (j5£1, 2) columns of V. q; resxdu-
als, and PRESS values are again calculated. If no matrix
Vi yields 2a PRESS value lower than that calculated in
step 2, then the two variable is the final model, and the
procedure is finished. Otherwise, the 374 and k% col-
umns of V are interchanged and the procedure contin-
ues.

The m step in the n by m matrices Vjusing the 1%,
2nd, , .. (m~—1) and j¥ (j5£1,2, . . . , m—1) columns of V
calculating q;, the residuals and PRESS. If no matxio&s
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 Vi
yields a PRESS value that is less than that calculated in
the previous step, the m# and k% columns of V are
interchanged, and another step is initiated.

A computer algorithm for efficiently domg a step-
z:;se PRESS selection of variables was given by Allen

Since the models calcnlated 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 = \ def(n — k)

where e are the residuals for the final model. Based on
the model, the probability is a that the true value yy lies
in range

Yy — ¢ -SEE- N1 + & SpuSyu+7-SEE-N1 4+ &

where t’ is the student’s t distribution value for probabil-
ity 2 and n—k’ degrees of freedom, and d2 is given by

d2=v'ytv,,

where v’ is a vector of dimension k’ obtained from v by
deleting the elements whose corresponding coeffie-



arising fromthe neasurenent process provided that the scaling of the
nmeasur enment process signals in Mis suffi- ciently large that principal
conponents corresponding to these nmeasurement process signals are retained

in the first k principal conmponents that are used in tREWHQF,NTtSEEET
: , , . 13}

scaling of the signals in Mis too small, then the mat{X ef-F1-vi-et | |
be singular and cannot be inverted. An alternative, €qui \rﬁm%

preferred nmethod for devel oping a conéfrai ned Princi pal o d
i nvol ves orthogonalizing the spectra in X to the mea- gufenent process
signal's in M pri ocients wearedet 40 generduring the regepssionx |s a f by n matrix
contai ning the spgef 3.2 Pirtiad d.east SquaeexRegeessior at f Lirequensi-es—M-s' a

f by s matrix contapgisl L&&t%ﬁr&@ L "Re RIsediitarRoocess Si gnal s
at the f frequencggﬁ* & né:%t@pép 2? c:@.a% the f}%{yﬂﬁl‘l ve a set of
ort hogonal vector un‘ﬁs ée [lepresent the
ori gi nal measur e B 9§c elﬂ:ﬁ 8588?;} pli shed by
either using a G WMALTORH: 1R- orthogonal i za- tion procedure a singul ar val ue

deconposition of M or sonme conbination of the twd. For exanple, the
si ngul ar val ue deconpd&+&¥on of Mwould yield [err]

P

where S is a n by k matrix, L is a f by k matrix. The
matrices L and S have the following properties:

LiL=1

SiS=D

- where D is a diaginal matrix. The dependent variable is
regressed against one of .these matrices, i.e.

. y=8b+e

e

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, uy=y

[2] A weighting vector of dimension f is then calcu-
lated as

wi=Xuy
[3] The weighting vector is normalized
wi=w1/[[ 1|
[4] A. scores vector s’y of dimension n is calculated as

S1=Xt

[5] A loadings vector of dimension f is calculated as
=171}

[6] The loadings vector is normalized as

h=rnv/j\al]



where Uis f by s, [err] is s by s, and Vis s by s. Each spectrumin X is
then-orthogonalized to the colums of Uto obtain the corrected spectra,
Xerr]. If x[err] is the first spectrumin X, and u[err], u[err],.. . .
u[err] are the orthogonalized neasurenment process signals, then the first
corrected spectrum cl[err], is given by [err] The matrix formof this
orthogonal i zation is [err] where the individual corrected spectra,

cl[err], are the col- ums of the X er®y-matrix. The WL@;@E@W@IEET

matrix is given by
| { 48 NOV 1997

[7]1 The scores vectos 18 scaled as

si=s1]l 1]}
[8] Th¢ residuals for the X matrix are calculated as

Ej=X-I

[9] A estimate of the coefficient by is calculated from
the relationship

y=s1bi+e
br=(s1’s)~ sty
[10] The residuals from the y vector are calculated as

ey =y—sibi.

At this point, the a2 new vector up is defined as the y
residuals from the first step

uy=ey

and X is replaced by the X residuals from the first step,
E1. The vectors w3, s3, and I and the coefficient by are
calculated in the same manner. The i*4 step through the
algorithm involves equating u; to the residual vector
from the previous step, e;—i, substituting the residual
matrix E;_1 for the X matrix, and caiculating w;, s; and
1;. The procedure continues until the v residuals are
sufficiently small, i.e. until ej’e;reaches the desired level
of error for the model. The matrices L. and S are formed
from the column vectors 1; and s; and the coefficient
vector b from the scalars b;. ’
The residuals from the model are

e=y~—y=y—Sb=y—S3Sy

The Standard Error of Estimate is

SEE = \le‘e/(n - k)



[err]
obt ai ned as [err] The regression nodel can then be obtained di

as

[err] or indirectly by using the relatio + e e
estimate y fromthe nodel is [err] Ei{EPiACEMElW SHEET

In the next step, the singular value deconposition of X err]

18 NOV 1997
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For a new vector of independent variables x., the scalar
estimate y, is obtained as

Xy= qu—hgu=(LtL)— !L‘Xu=L‘Xu
Yu=silb=s,(5'S) 1Sty

Based on the model, the probability is a that the true
value yy lies in range

y,,-z-szs-\h +d Sy Syt t-SEE-N1 + &

where t is the student’s t distribution value for probabil-
ity a and n—k degrees of freedom, and d2is given by

ﬂ .=Sul(ssl)- IS 73

The PLS model can also be expressed-in the form
y=Xp

where the regression vector.p is
p=_-.r,$=z(s‘S)-1sﬁ:=:cscs=S)~zs'y

The regression vector is a linear combination of the
columns of X.
1.4.3.3 Cross Validation:

The number of Principal Componeats 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 f 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

I's then
rectly
he



The termcontaining the product Uerr]Uerr] is zero since the colums of
Uerr] are linear conbinations of the columms of X err] which where
generated to be orthogonal to the col- ums of U. The estimate is
constrained to be insensi- tive to the intensity of the e 5S
signals in X The residuals for the nodel are [err ﬁ]ﬂ @E‘ﬁ*&a@rgﬁ?
Error of Estimate for the nodel is [err] For a new umkmown sanple with
spectrum x[err] whi ch unknown neasuréient process signaITs nMStN@\Ié%‘Hl matF
of y[err] is

X11 X12 X13 X14 X15 X16 X|T X138 X19
X1 X22 X23 X24 X25 X728 X271 X28 X29

ifX=
X3§ X32 X33 X34 X35 X36 X77 X38 X39
X341 X427 X43 X44 X45 X46.X4T X48 %49
(1)
»n
y3
¥4
andy =1} Js |, then
) ]
yr
ys
\7? )
X11 %12 X13 X14 X15 X16
% X21 X22 X23 X24 X25 X6
1 ==
X31 X32 X33 X4 X35.X36
X41 X42 X43 X44 X45 X46
(31 )
»2 X{7 X18 X19
. »7
o33 X27 X28 X29
n= y X2 = »yy =13
¥4 X37 X38 X39
9
¥s X47 X483 X49
\%
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wher e [err] The estinate depends only on the portions of the spec-

tra arising fromthe conponent absorptions, x[err], and is independent of
t he neasurenent process signals. Based on the nodel, the probability is a
that the true value y[err] lies in range [err] where t is the
student's t distribution value for probabil- ity ¢, and n-f degrees of
freedom and d[err] is given by -T[-err]
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X1 X12 X13 X17 X18 X19 -

X X21 X33 X23 X27 X28 X29 ‘1 8 NOV 1997
1 » '

X31 X32 X33 X37 X38 X39

X381 X42 X43 X47 X48 X49

2 X314 X15 X16
¥4
»3 X24 X25 X26
, Xp = y=|s
»1 X34 X35 X36 % '

7 X44 X45 X46

X14 X15 X16 X17 X138 %19
X24 X25 X326 X27 X28 X29
X34 X35 X36 X37 X33 X39
X44 X45 X46, X47 X48 X49

23

¥ X11 X12 X13
Y6 X21 X2 X23
» XZ = WJ= »
yr X31 X32 X33

»3 X41 X42 X43
U’ /

Ji

Ji

would be three possible divisions of the matrices. Vari-
ous models are built using X; and yj, i.e. for PCR.

b=V1’y where X1 =U131¥}*
and for PLS

b=S51p1 where X1=L15;*

The number of columns retained in the Vand S; matri-
ces in the models is varied over the range to be tested.



I ndi vidual b[err] used in the regression of y versus V[err] can beset to
zero based on the results of a step-wi se or PRESS based regression if doing
so does not result in a statistically significant increase in the residual
sum of squares. If the individual elenents of y represent nea- surenents
havi ng di ffering nmeasurenment variance, or are the averages of differing
nunbers of neasurnments, the regression of y versus V[err] can be

acconpl i shed using a wei ghted regres‘sﬁon In the weighted regression, a
step-w se or PRESS based al gorithm can again be em ployed to test whether
i ndi vi dual coef f THieentadelnardusad totestinmte the valtes fopyudFence of the two

met hods of cal culRCR)g matrio V4 isacdledlatdd fircomal Conponents Regressi on nodel
can be denpnstrated as follows: If the first s colums of

- 87 - Xo=UiS 1 Vo, Vam XafULZy
and the estimates are made as
r=Vab REPLACEMENT SHEET
For P1S, a matrix S, is calculated from 18 NOV 1997

l

Xy=L1Sy, S2=X3'L1

and the estimates are made as
=50

The prediction residuals are calcnlated as
&=y2—72

The Predictive Residual Sum of Squares for this step is

PR.ESS=eP’ep

The procedure is repeated with different splits of X and
y until each column of X and corresponding element in
y have been in X3 and y2 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+e

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 measuregd quantities, the error asso-
ciated with the measurement of y; may depend on the
magnitude of y;. Alternatively, some of the individual
yi values in y may represent.the average of several mea-
surements. In these cases, a weighted linear least square
regression is ised to develop the regression model.



X that correspond to the neasurenent process signals Mare scaled by a
sufficiently | arge value such that the variance due to M (the sum of the
di agonal elenents of Merr]M is nmuch |arger than the yarjiance due to the
refer- ence spectra (the sum of the diagonal elenents :

first s Principal Conponents of X wll be U and the
Conmponents will be Uerr], i.e. [err] where (U
s+k matrix whose first s col- ums arfé-U and whose | as{
Uerr], ([err] ,[err]) is an s+k by s+k matrix whose f
el ements are from[err] and whose | ast k di agonal el em
and (V ,V[err]) is an s+k by s+n matrix whose first s |

whose |ast n col urmif%re V e{y;l'lsmeeas{neegc{rex%%&r:tﬁemtﬁea{rgrg hen [err]

r t s di agonal

U

nts are fromJ[err

value y is
y=01+pn+...p)n
The quaatity s2,
=[P +02—3P+ . . . +O—3PV(n—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 «, s2 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 2 n by n diagonal matrix whose elements are
Iy
The coefficients are &stimated as
b=(VALY)—~i vy
The estimate y is
y=Vo=WVVW2V)~1Vvily
The residuals are

e=y—y=y— VW20~ TV ly=-
A S A N

If the variance in the measurement of all individual y;
is the same, and y is 2 vector of dimension n whose
individual elements yi represent the average of n; mea-
surements, then the weighting matrix for weighted least
squares regression of y;against V is given by



where the term[err]
ort hogonal .

I's zero since the colums of V[err] and V[err] are
The Constrai ned Principal Conponents nodel obtained using the

constrai ned regression nethod is equivalent to that obtained using th

preorthogonal i ztion nmethod providing the scaling of
sig- nals is large enough to ensure that they are i

Wmﬁ‘ﬁfﬁ gy JH&T |0Cess

g
Conmponents that are retained fromthe singu- |ar val deconposj tion af X .
The preorthogonaliza- tion nmethod i s 7ﬁr'ef erred since i é\/&)ﬁﬁy {9%

necessity of determ ning an appropriate scaling for fhe neasurenent |prlocess

si gnal s,

and it avoi ds potenti al
I f the scaling of the nea - nment process signals
to the scaling of the %pEct¥ia.

individual measurement of element y; is s2, then the
weighting matrix for weighted least squares is defined
by

Wt‘I=\Iﬂ—z‘/$x‘

2.0 Definitions Relating to Quantitative Spectral Mea-
surements: :

If io(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

=XHLidf)
The absorbance of the sample at frequency fis
a(f)=—logof(/}

The absorption spectrum-of a sample will be repesented
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 elements in x are
generally ordered in terms of increasing or decreasing
frequency.

Quantitative spectral analysis is based on Beer’s Law
(#). For a2 mixture of chemical components, Beer's Law
can be represented by the matrix equation

Xx=Acr or x/t=Ac

where A is an f by ¢ matrix whose columns are the
absorption spectra a; of the ¢ 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 pathlength (thickness) of the sample.

conputer round off errors which can riesult

Lel atli ve
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case where f<n, but it is not re- quired since the trices required for

solving the con- strained |linear |east squares mder&}gqm@gﬂﬁxigﬁ i 2.2
e

Constrained Partial Least Squares Regression: | f
constrained |inear |east squares solu- tion in sectfo Zlaql B nnot He jused
since the matrix XX[err] is at nost of,»0rank n, is s ul N n@9¢arindt be
directly inverted. It is possible to'073v'e| op a consitrlained parti al {l gast

squares nodel by following a simlar nethodol- ogy.] Xis af by n rraltuix
containing the spectra of the n reference sanpl es at—f—f+eguencies, s a
f by s matrix cont Beersd-awednsplées 2 dinear rhlationshipy between theocess signal s

at the f frequenenesurddabsorption spectrin, ndlehe lconcenmratioas t he

constrained partigl b c;ﬁgéﬁeﬁggqf t'hE cHEl brane é%‘é?gf_ or t hogonal
vectors, the col . I r£s t I gi nal
measur enent proc §ss % ’nhﬁéﬁﬁPEOBa rb(',be% oﬁ%lb‘f 8%y ei - ther
usi ng a G am Schspled tohthe canipottentrcqnoeneratimse.ea si ngul ar val ue
deconposition of M or sone conbination of the two. For exanple, the
si ngul ar val ue deconfdéf)tidfmtec M woul d yield [err]

If y is a property of the sample that depends linearly
on the concentrations of the sample components, then

=plo== (AL~ 1 45/t

where r is the vector of coefficients that define the
linear dependence. This expression indicates that there
is a linear relationship between the property and the
absorption spectrum of-the sample.

In general, the vectors in the matrix A are not known,
and the relationship between component concentrations
and/or properties and the sample spectrum is repre-
sented by '

y=p'x=x'p

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
?f 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 col-
lected, 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.



where Uis f by s, [err] is s by s, and Vis s by s. Each spectrumin X is
then orthogonalized to the colums of Uto obtain the corrected spectra,

Xerr]. If x[err] is the first spectrumin X, and u[err], u[err], .
u[err] are the orthogonalized neasurenment process signals, then the first
corrected spectrum cl[err], is given by [err] The matrix formof this
orthogonal i zation is [err] where the indivi dugl—eertected spectra,

c[err], are the col- ums of the X[erf- matrix. The oRERIACENENTSHERET

matrix is given by [err]

18 NOv 1997

2] A regression model of the form

y=Xp+e

will be constructed for each component and/or
property which is to be modeled, where y is the
vector of dimension n coiitaining the individual
concentration or property values for the n refer-
ence samples, and X if a f by n matrix whose col-
umns are the spectra of the n reference samples
measured at f frequencies (wavelengths). The
mathematical method that is used in calculating the
regression model will depend on the number 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). '

=Xip+e-(XX)~Lp=(XXD~ 12X+
(XY~ 1Xe=p (XX~ Xe

- The regression model could 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

y=X'ptes(X X)X p=p+(X'XTH~'Xe

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).
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and y

nodel is devel oped using the nethodol ogy descri bed | HRE F
regression vector obtained is 1

S

A parti al
[err]

[err]

| east squares nodel is then developed to relate X err]

where Sis anby k matrix, Lis a f_by k matrix.

The

[err] The estimafe }‘Qsjnﬁcﬁ}ﬁq% T

where the termNerr]V [err] [err] |d zero since t
colums of U are orthogonal to the colums of Xferr]} 7 hel 8NOWAY y
constrai ned to be independent - 77 -

The
ndel
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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 used in the calibration,
n, then the calibration model can be built using either
Principal Components Regression (section 1.4.3.1)

y-X’p-i-e-—»UZ— 1 Pp=UZ— VX4 UZ~ Vie=p-
+UZ-1 1

or via Partial Least Square Regression (section 1.4.3.2)
y=Xp+e—rX=LS" b=(SS)~Sy—p=Lb

For Principal Components Regression, the model may
be developed using a two step calculation

Xo=UZWS, :
y=Vorp=US—1Ply=XVE~2Vly=XVE"2p

where the nonzero coefficients, b;, which are used in the
model may be determined wusing 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 usiig 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

=X



of the nmeasurnent process signals. The residuals fromthe nodel are

[err] The Standard Error of Estinmate for the nodel is [err] For a
new spectrum Xx[err], which contains conponent absorptions x[err] and
measur ment process signals M1, the scalar estimate rA@ﬂEN? as
[err] The estimate of y[err] is constrained s ent

he nodel th

ang‘bs NOV 1997

-

of an neasurnent process signals in x[err]. Based o
probability is a that the true val ue- ?err] lies in

-

The models differ in the means used to estimate the
regression vector p. If x, represents the spectrum of a
new, unknown material, then the component concentra-
tions and/or properties estimated using the model are

Yu=Xp

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, X, and signals arising from the
process involved in making the spectral measurement,
m. _

X=Xotm

The signal arising from the measurement process may
be the sum of various individual signals, m;

Xm=Xctmitmyt ... mg

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 intemsity .(temperature) of the spec-
trometer sourse and/or the responsivity of the spec-
trometer detector;

[3] absorption signals arising from gas phase 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-



- 90 - [err] wheret is the students t distribution value for probabil-
ity a and n-k degrees of freedom and d[err] is given hy [err] 3.0
Pat hl engt h and Scal i ng Constraints: The matrix form RN
represented by the equation [err] where X is theﬂmgﬁ{-quﬂm
containing the reference spectra used in the devel opnept | of a V@%
calibrations, Ais an f by ¢ matrix hose colums are the ab% B&I spiec

a[err] of the c individual conponents’{measured at or holmalized to unjt
pat hl ength), where Cis a c by n

tors calculated from the calibration are in all cases linear
combinations of the original spectra, i.e.

for linear least squares, p=X"(XX9)~1xy
for PCR, p=Us—1Wy=XV3-21%

and for PLS, p=Lb=X5(S'S)~1b

they will include contribution from the measnrement
process signals, m. As such, the estimation of compo-
nent concentrations and/or property values based on

Ju=xu:1’

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
properties can be expressed. as

Yu=Xyp=xSp+m'p

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

X =Xc+MN‘t

where M is a f by s matrix containing the individual
signals arising from the measurement process as cal-
umns, and N is a2 n by s matrix containing the scalar
elements ny which correspond to the level of the j*
measurement process signal for the i reference sample.

o2



matri x whose general elenent c[err] the concentration of rrl
conponent in the j[err] reference sanple, and where T is %ﬁﬁiﬁb@@#ﬂ’?ﬂ*t
matri x containing the pathlengths for the n sanples. I o 4
concentration or a property that depends linearly on th
all the sanpl e conponents, then [err] wherer is ect
di mension ¢ which the coeffici- ents relating y to the dgo entratrons of;
t he individual conponents. If y is t18 toncentration of fa si ngl e conpo-—
nent, the only the one. corresponding elenent of r wll ero If v i
the concentrat i olffi<a {druifpfen dreguemcsies @ee cchdsen),t ther theormt i cs cont ent
of a hydro- carbgalutibs toqtiedalibrhBos Uib8él t he concentrations of the
i ndi vidual aromatic corrponents) then the elenments of r which correspond to
t he conponents that +Lumped” will be one, and the remaining elenments
of r will be zero. f"s a physi cal property (i. .a property t hat
depends on the p aI e of the sa th e densrty
measured at a sp€ f‘% iaﬁﬁé'FﬁmUFc IFEWIB S&fﬂgﬁr}%‘lty (i.
property that is t@ethe m@aumynentepmarsx Mis|derivedaNiagpi i cat | on e.g.
the research oct aconstraihed leastasguamesi regressioef iwiketebthe con-

strain equation is

C n g‘l ratrons

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’ is the vector of dimension n-s obtained by adding a
corresponding s zero elements to y. The constrained
least square solution is then |

P=XXY=1XY —(XX) 1 M) " M XY
p=(X XY NI M~ MKy
p=[I-MMM)~ MY X)Xy

. The estimate y is then
y=Xp=Xp+NMp

y=XAT-MOLM)~ 3~y 4+
. NMAI-M@L£M)~ MY XX~ 1Xy

y=X—-MIH)" LX) T1X-
VAN X)Xy
NMMOEM)~ I M(EX) 1Y

=X —MOLU) =ML XY=Ly + NMEX™
)~y ~NMRX X=Xy

y=XAI-MOLM)~ MY X)Xy

The estimate y is constrained to be independent of the
presence of the measurement process signals. Similarly,
it X, is a spectrum of a new unknown sample, such that

Xy '=x¢+Mn



ASTM 2699-84 (6), or the reactivity of the sanple
-91- under a defined set of conditions), then r contains coefficients that
relate the property to all of the individ- ual conponents. The regression

nodel s that are devel - oped above have the form[err] If all the
ref erence spectra are collected at the same pathlength, then T and T-1 are
the products of scalars tines the unijt matrix |, and the_regressi

equation becones [err]  where t is thé pathl engt R‘E?EQCEMWT SHEET

measur enent s.

then the estimation of y is 11 18Nov 1997

Yu=Xy'p=(xc+Mn)p

Yu=xU—MMM)~ I MYXX) =LYy +
MU~ M3~ X X)Xy

Yu=xUT—-MMM)~ XXXy

i.e. the estimate 1s independent of the presence of the
measurement process signals in the spectrum xz. The
residuals from the model are

e=y—y=y—X-MMM) ' MYXX)~'Xy

The Standard Error of Estimate is

SEE = ~le‘e/n--j)

Based on the model, the probability is a that the true
value yy, lies in range

Yu —t-SEE. N1 + 22 Sy, Syu+t-SEE- Nt + &2

where t is the student’s t distribution valne for probabil-
ity and n—f degrees of freedom, and d2is given by

=y XX~ MM M)~ M)~ 13,

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 2 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=Uzy!?



In this case, the scalar t is lunped into the over
that is determned in the calibration. During the
spectrum nmust be coll ected at the sane pathl ength,
a different pathlength t', either the spectrun1x[e
val ue y[err] must be scaled by the ratio t/t"’ I
spectra are not collected at the san%zpathlength

normal i zed prior to the calibration, [err] J}and the regression nodel

can built relating the normal- ized data X[errJto y. Tn This case, during
the anal ysis, either the unkn spectré Xlerr].or the . intjal estimte of
y[err], nust be WMQJJbl,‘imf Y(kmatpm dhghe Kbpk matiikolol | ec- tion of

X[ err]) t 0 obt ai singhlarfvalaks endi Whiscan n-fFhbyskmatiixaThe s&yi ndi vi dual
conponents in thk nsaix W ecﬂl#‘e% eﬁdgtoﬂmeﬁrstslrmbhw flelsfo account for the
total sanple. |fy h hf‘e LReuetd s al so

orr) “wners 11 i CERECER AR R T

regr essi on of th
g als'¢an be expressed as

M=UX'V,}

If ¥’ is the vector containing the s zeros and the n con-
centration or property values, then the regression

y=Vbte
subject to the constraint
| V b=0
yields esﬁzﬁated coefficients of the form

=[—- Vm’(Vme‘)—l Vm](rzr)—l V‘J’"—
B~V VeV~ V) V‘]’

The regression vector is then
p=UZ NI~V VnVor) = WiV
P=UZ =Wy U= (Vi Vi)~ ViV Y

The estimate y for the model is

=Xp=Xc'p+NM'p
yf;%'_[f_a'z'*lvgx-vz'-lvmf(vmr,,}) 1y, v
}:‘xTU'E'-'V'y-—Uz'-lV,,,’(V,,,V,,,')“IV,,,Iﬂ-
y=';7t'¢'[0'2"1 Py U =V Vg Vi)~ Vit V-
Ny;lr:z'w[trz'—lny--v'z-—lr,,,')v,,,r,,,')—l-
Vi)
y=X,i-'[U'E"“V‘J' —UZ = Vi Vi)~V V-
/==

NV PUE ~ 1ty — NV, UtUS LV, N V-
V)W VY



[err] where t is a vector containing the pathlengths
nmeasurnent of the n reference sanples. p[err] is a re-

used in the

in the neasurenent of the spectrum of an unknown, i.e

=3

s

- 92 - gression vector that can be used to estimate ml_pmﬁmg\?nqg
H 1, " 'LL)

of a regression nodel to estimate the pathlength at wn
col l ected assunes that all the conponents in the sanp

i¢h a_spectrum

e[ coh® NOLT%97a

nmeasur abl e ab- sorption to the spectlgéum | f a conponent|possesses no

absorptions in the spectral range used in the calibra

el

i on,

y=XAUZ =Pty Uz~ (ViV)~ Vg V-
ttytl+
NV V'Y ~NVpo Vi (ViVin) ™ W mVy

y=XAUZ =y —US = VWl (V)= Vo VY]

The estimated concentration and property values are
constrained to be independent of the signals that are due

to the measurement process.
For an unknown material with spectrum xg,

Xytet-Mr=Xe4 UZ' V mtrrPy=x-
£p=(xc+Mn)'p

;,,?xg[vz'-—l VY U =1V ViV~ 1 Vi V-

# + )

MU Z =Py — U =1V (Vi V)~ L ViV 7]
ya:"xc‘[Uz"'lV’y"— -1 Vi (Ven Ve~ 1 VnV-

BV S U =) — VS U=V
| £ m‘)_l VnV'Y

Su=xUE =V U217
(mem‘)-‘ V¥V

The estimated concentrations and properties 2re inde-
pendent of the measurement process signal. The residu-

als from the model are

e=y—y=y—Xip=yXUZ~"
1[1‘- Vet (Ve Vel =WV

The Standard Error of Estimate is

SEE = ’le’e/(n — k)

Based on the model, the probability is a that
value yy lies in range

the true

yu—1t-SEE.N1 + & gy,,éy,,-;-z-szs-\h-;-dﬁ

where t is the student’s t distribution value for probabil-
ity a and n—f degrees of freedom, and d? is given by

Py [ LV ViV~ Wodnit

lsed

use



then an increase or decrease in the concentration of phe conponent produces

at nmost a change in the scaling of the spectrum (via ﬁ@m@@ﬂﬂ NE SHEET

concentrations of the other conponents where the sum fre—-cotpoRent
concentrations sunms to unity, i.e. dilution effects),|ah fﬁmﬁﬁ
di stingui shed froma scaling change associ- ated withjvary L
pathl ength. The assunption re- quired for use of a pajhLength regre S
valid for md- and near- |nfrared spéctroscopi es wherelall typical saanF

conponents are ex Bo bRdseRle —+-Of it
woul d not hol d qqfﬂg ove §C?5§ ﬁzﬁﬁgg ﬁ some comnponents
m ght possess n a nknown sanpl es
are diluted in d%% t f%é’a&ﬂ oé’ét’r’bﬁh%fln emsityof @#‘%\ t he pathl ength
regression can @ﬂsmg e measyrerpent pEocess peovids th&nsi dered as an
addi ti onal sanpl M@ﬁm&summenEpuDQ$sstgml:pmM isrmpffi- r egr essi on nodel
can be incor por aliently large ﬁmtqﬁmhpal mmptmhi@ cowtdspohding he estimation of
conponent concerblthbs® ffeasibnén ehals arkirethihéd i €hérat ri x contai ni ng
ref erence spect rm.sgglﬁ éﬁm%lggh@ﬂﬂf%ré us&&‘i@ the HEGd&Ssi on nodel can
be constructed tyg gatd JF the signals in M is too small, then the

matrix V,,,V,_,,{ will be singular and cannot be mverted.

An alternative, equivalent, and preferred method for

developing 2 Constrained Principal Components model

involves orthogonalizing the spectra in X to the mea-

surement process signals 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 f 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 yield

+

M=U 2 ym‘

where U isfbys, ZTissbys,andV issbys. Each
spectrum in X is then orthogonalized to the columns of
U to obtain the corrected spectra, X,. If x; is the first
spectrum in X, and vy, uwy, . . . usare the orthogonalized
measurement process signals, then the first corrected
spectrum, cj, is given by

a=x1—u1(nxD+u2(m2Z)+ . . . Fugusz)
The matrix form of this orthogonalization is
Xe=X~U Uy'X
where the individual corrected spectra, c;, are the col-

umns of the X, matrix. The original spectral matrix is
given by



where p[err] can be estinmated using Linear Least Square Regression,

Princi pal Conponents Regression, Partial Least Squares Regression,

preferably Con- strained Linear Least Sqguares Regression,

or nor

Constrai ned

Princi pal Conponents Regression or Contrained Parti CLREPﬁﬁmMBQEEI
f 1

Regression. The matrix T is defined as a diagonal ng
t[err] is the estimate t[err] from

Dr properties

118 NQwrggd7 sanpl e.

cah be

i 5 tie-Tefet

enge

- t, i.e. the t[err] is the esti mafed pat hl engt h fon

Regr essi on nodel s for conponent concentrations and- |/

devel oped using the equation [err] where Xejgr

spectral data scaled by the estinmated pathl engths.
X=XA+U Un'X

In the next step, the singular value decomposition of X,

is then obtained as .

Xe=UZ V¢

The regression model can then be obtained directly as

y=Xlp+erp=U3~Vly

or indirectly by using the relationship
y=Vebtesb=Vy

The estimate y from the model is

y=Xp=XU3~Wih=X+U U Xy
US:— 1V

Y=XSUS W+ XU UgtUZ—Wiy=
XEUZ~ WYy

The term containing the product U, U,is zero since the
columns of Ucare linear combinations of the columns of
X 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=yp~X UZ Ve

The Standard Error of Estimate for the model is

SEE = QC‘G/H—’C)

For a new unknown sample with spectrum x, which
unknown measurement process signals nM, the estimate

OfyMiS

e
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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 nodel is built based on the
raw reference spectra, X, and the pathlengths, t. The nodel is applied to
the reference spectra to estimate the pathlengths, t Thé esti mated
pat hl engths are used to calculate T aB%d to rescale the.data to obtain
Xerr]. Mddels are then built for all®”the conponents a

based on the rescal ed spectral data, X err]. During th HEH‘A@EMBWWE
pat hl ength used in the collection of the spectrumofth Jnkﬂgm% err
estimated, and either the spectrum of the unknown, or {hg i dti
of the conponent concentrqtlgtn,é_ ,o_gertles are scpled by 1/tfer

In Partial Least Squa 59& (%‘u nstrained Paftial Least Squar s
regression, the pathl en com p ncentration,-—ehpx-gpeu.y

are used |nthe cal cul ati Of X. The matrices L and S
which are cal cul ated ZFE §§Y§ qﬁﬁom‘%‘oq "ponent property and for
pat hl engt h. Separate m)oFe‘s rru§t’"'tﬁu"§’ be constructed for pathlength and for
conpo- nents and properties. A general calibration procedure would involve,

devél oping a node/Whege t he pat hl engths t based on the raw reference spectra
X Using the esti-

DU

vt=xtUZ~!

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 a that the true value y,
- les in range

y — ¢~ SEE - “l Eyy =y, +t-SEE. q

where t is the student’s t distribution value for probabil-
ity ¢, and n—f degrees of freedom, and d2 is given by

aﬂ=v

Ind1v1dua1 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 resuitin a
statistically significant increase in the residual sum of
squares. If the individual elements of y represent mea-
surements having differing measurement variance, or
are the averages of differing numbers of measurments,
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



mates t to construct the T matrix and scaling X toprobtakn
regression nodels for each conmponent and/or properREBLAGSE
the anal ysis of a spectrum x[err] of an unknown, thepatht
woul d first be estimated, and then either the speci Jm.gé td1
estimates of the conponents and/or properties woulfd pet cgl ed
Conponent s Regr essi on d

regression, a nore com putationally

For Pri nci pal

HNGriTHERT

-

ﬁg'gzitit

Con- strai hed-Principal G

engt erjr]

ficient pro;edure is preferregd. The

matrix X (or X err] for Constrained PCR) is deconpbsed—=as
-94 - The pathl engihz @ éSn-té‘ﬁé‘né 9B Shcaitement prngr:srs] signals

M are scaled by a sufficiently large value such that the
variance due to M (the sum of the diagonal elements of
M™M) is much larger than the variance due to the refer-
ence spectra (the sum of the diagonal elements of X‘X)
then the first s Principal Components of X' willbe U ,
and the remaining k Principal Components will be U,
ie.

X=UZ V(U UIE e 2NV Ve

where (U ,U,) is an f by s+k matrix whose first s col-
umns are U and whose last k columns are U, (2 ,20)
is an s+k by s+k matrix whose first s diagonal elements
are from 3,, and whose last k diagonal elements are
from 2, and (V ,V,) is an s+k by s-+n matrix whose
first s columns are V' and whose last n columas are V.
The regression vector is then

=UZ =1V U=Vl Vi Vi) — WiV

=0 UIC 29~V .Yyy—(U ,Uo
C 2~ ViV~ WVnlV VY

p=U 3 “W b5 LUS~WhH-U 3 !
V’;’IEV’" Vm‘_)— Ym0 Wit (Ve Vi)~ 1 ¥~
mVey

p=U 2 ~W &5 +US~VH-
U 2 WYy =U3W5H
where the term U2~V ! (Vi Vi)~ 1V Vly’ is zero
since the columns of V,, and V, are orthogonal. The
Constrained Principal Comporents model obtained
using the constrained regression method is equivalent to
that .obtained using the preorthogonaliztion method
providing the scaling of the measurement process sig-
nals is Jarge enough to ensure that they are included in
Principal Components that are retained from the singu-
lar value decomposition of X'. The preorthogonaliza-
tion mefﬂ}od is preferred since it avoids the necessity of
detemg 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. )



The matrix T is fornmed by placing the elenents of t USIo o o ar: and
t he conponent concentrations and/or properties are PEA@BM SHEET [err]

For an unknown material with specum x[err], the path-}{length used Ih
collection the spectrumis estinmated as [err] { Thet 8an@onggm
concnetrations and/or properties are then estinmatedfag [err] The
alternative to the above net hod woul d I nvol ve cal culjat+nrg—tte-stngul a

val ue deconposition of X err] (the sp8ctra scal ed t¢ the estinated
athl engths) to build regres for ncethe ITH'[I‘ICES roduced
Ey t he gl ngLI ar valb ?%ﬁ‘t'}ﬁaﬁfé R’?%’ qui reg for the
pat hl engt h est i nabccmnp lmghcanseawbsr@éémpbg 24 b’nf@t 1'%[ err] woul d
produce a second geiredfsine¢ the esatsivesirequired forvsolvingbthestoned and recal | ed
for the estimati ograinedolineseldast g@% Abadeédd B8 inBErtednduct i ng only one
singular value degoeQsichi8fled PAPtial Least Squares 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 m, 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 f by n matrix containing the spectra of then
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 U , that represent the original measurement
process signals in M. This gan be accomplished by ei-
ther using a Gram-Schmidt orthogonalization proce-
dure, a singnlar value decomposition of M, or some
combination of the two. For example, the singular value
decomposition of M would yield

M=U b3 Vm‘

where U isfbys,Sissbys,and V 1issbys. Each
spectrum in X is then orthogonalized to the columns of
U 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, cj, is given by

cr=x1—uy(e1x)+ur(ux)+ . . . Huusx)
The matrix form of this orthogonalization is
X¢=X—-U Um'X

where the individual corrected spectra, c;, are the co}-
umns of the X, matrix. The original spectral matrix is
given by

=Xc+ U Um'X



above nethod reduces the conputer nenory, disk ~b-BRut.Lopt put
requi rements and conputation time for conducti n¢REPEACBMENTaSHBRE| and
anal yses. The regression for the pathl ength cgnfbe—tonducted-us| ng a
step-w se or PRESS based nethod to detect coeffjcie re
statistically equivalent to zero. A weighted regr sglingd\P;ggZe
t he devel op- nent of the regression del s for
centrations and/or properties in thé ®@ase where{the individual elgnents if
y are of unequal neasurenent variance, and/or r ge of

di ffering nunbers_of,.indi q@é! ﬁﬁﬁ [ I Q?él ' | . A step-wi se or
PRESS based mbﬁ%@?{tg g"%%@’%@o‘i congég% Qélké%géregressi ons.

or

4.0 Preferred Cal cul ating the Measurenent

enpl oyed in

Xe=LSl—y=Scb+e

where S is a2 n by k matrix, L is a f by k matrix. kae
model is developed using the methodology described in
section 1.4.3.2. The regréssion vector obtained is

p=Lb=XS{S/S)~1SH
The estimate y based on the model is

y=Xp=(XAMNp=(X+U = Vi'Nyp=
XpHU 3 Va'N)lp

y=Xc‘X§¢§Sc‘Sc)"b+N’V Z Un'XSc
(SIS~ 1b=X X SL5'S)~1b

where the term NV X U,XSLSSS)— b is zero
since the columms of U are orthogonal to the columas
of X. The estimate y is constrained to be independent
of the measurment process signals. The residuals from
the model are

e==p—p=p—X X SAS!S)~ b

The Standard Error of Estimate for the model is

SEE = ‘le’e/( -k

For a new spectrum, Xy, whick contains component
absorptions x. and measurment process signals Mn, the
scalar estimate y, is obtained as

su=LAILY U xy=(L LY~ LA Kt M) =
LSLY™ L x4+ U 2 Vi'n)

Su=¢c'LJ_ ch"-’e=Lc"-’c

Yur=sb=xtLLSAS) 1Sy

The estimate of yy is constrained 5o as to be independent
of an measurment process signals in x,. Based on the
model, the probability is a that the true value yy lies in
range



Process Singnal Matrix: The matrix U used in cal cul at
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I nt eﬁs“T‘{"P “tfee spec- troneter source. An exanple of the
- tra which can be used would include, but not be limted
to, the spectra of3&Rathlemgthcand SealingpConstaaitits:r car bon di oxi de. These

matrix. |If the reference

X=ACT or XT—1=4C or (4*4)~ 14X 1=
CCt=T-1x14(404)~}

where X is the f 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 Cisacbyn
matrix whose general element cj 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 2 component concentration or a property that
depends linearly on the concentrations of all the sample
components, then

y=C'r

where r is a vector of dimension ¢ which the coeffici-
ents relating y to the concentrations of the individual
components. If y is the concentration of a single compo-
nent, the only the one corresponding element of r will
be nonzero. If y is the concentration of a “lumped”
component {e.g. the total aromatics content of a hydro-
carbon which equals the sam of the concentrations of
the individual aromatic components), then the elements
of r which correspond to the components that were
“lamped” will be one, and the remaining elements of r
will be zero. If y is a 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)
or a performance property (i.e. 2 property that is de-
fined by the use of the sample in an application, e.g. the
research octane number of a gasoline as defined by
ASTM 2699-84 (6), or the-reactivity of the sample

The



spectra X are collected over a frequency (wavel ength) r

vierr] at interval [err], then a set of orthogo- nal pcmJ
spectral range can be con- structed using Legendre pol yngmats—

is defined as The el enments u[err] of thejUjer
vectors are calcu- |lated as [err] ﬁhﬁav%&é)im

where [err]

rom.y[err]

to

B ACRMEIPT SHEET]

- 9] -
under a defined set of conditions), then r contains fie

coefficients that relate the property to all of the individ-
ual components. The regression models that are devel-

oped above have the form

y.-C‘r+e-T"1X'A(A€4)"lr—-T"‘X-
tpt-e—sd(AA)y—Ir=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-IXfA(Au)-Iwe-mA(AfA)-ln-x-
-t erA(AiA)y~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 y, 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,

XR=XY'_"

and the regression model can built relating the normal-
ized data X, to y. In this case, during the analysis, either
the unknown spectrum x,, or the intial estimate of yy,
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=C1=1

where 1 indicates a vector containing all ones. In this
case, a regression of the form

y=1=T"Xp~1T=Xlprt=X,

where t is a vector containing the pathlengths used in
the measurment of the n reference samples. p; is a re-




- 96 - [err] where j is equal to k+1 and the [err]f—ls_required so that

the columms of Uerr] are nornalized. The elenents o STy
Uerr] correspond to Plerr]([err]), and are con- stangEPIaGEM‘ N;[
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mal set, i.e [err] The matri X err] is of di

is the nunber of polyr?arﬁal ternms bding used to no

ground variations, and p-1 is the hi %gest degr ee of 4he—polynoni al .

an f by z matrix

gression vestor thatpean
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process signals lsigthhosed iotlié neeRuserment of the spevtiumped.aiy may contain
oWRASW. eMent process signals, e.g. several spectra of

mul ti pl e exanpl e

air with varying water vapor and carbon di oxi de |evels.

first orthogonal

izedt.[___glu.gttive to Uerr].

The use of a regression model to estimate the pathlength
at which a spectrum was collected assames 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 nsed 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. dilation effects), and
cannot be distingnished 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-
olet-visible spectroscopy where some components
might possess no measurable absorption. If reference
and unknown samples are diluted in solvent for the
collection of the IR spectra, the pathlength regression
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

t=X'ps+e—st=X?p,

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 t; from

The matrix Z is



[err] The singular value deconposition of Z' is then cal cu-

[err] If Z'
bei ng nodel ed

is the nunber of experimental measurenent_ process signals
[ , then the first z' colums of Uerr] ar , Lt h
the Uerr] to formthe f by p+z' matrix U. Note, for \EN¥ SHER
Q

‘spectra of air with varying |l evels of water vapor ang

di fferent process singals are being “f8d- eled. 5.0 Spe¢tral

spectral data used.in devel pin Oonstral ned S ct[al Regresst
di Lerthedats %Fﬁ‘ b&ﬂéﬁ&é@!?ﬂs)\betv\e n the

ar bon di GXT
used in Z, then only z'=2 colums of U err] would beju; ed18|Nmp1gy7I t

may include all
normal starting aﬁmﬁpngnpdchtﬁr(ﬁompgp@uwmaman F 11

| at ed

Ranges:

limted to subregformprapertiee candet developed uising theequatipnrti ons of the
data. For nmany spectromneter

y=T"1Xpte=X/p+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 a1l the components and/or properties
y based on the rescaled spectral 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
gomponent concentrations and/or properties are scaled

¥ 1/tu.

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 S which are calcnlated 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 compomnent
and/or property y based on X, In the analysis of a
spectrum X, 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/t,.

For Principal Components Regression and Con-
strained Principal Components regression, 2 more com-
putationally efficient procedure is preferred. The matrix
X (or X for Constrained PCR) is decomposed as

X=UZ}*
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above a certain

conponent con- centration.
responce, regions where the absorbance exceeds the
spectroneter response will generally be excluded f
devel opnent of the nodel. Subregions can al so be exc u
measur enent process signals that occuf’ in narrow speg-

exanple, in the

absor bances

nom nal value do not scale linearly with pathlength or

rrid i nfrared data where sanple co

Since the regression nodel s assume |inear

absor b rini ml | y hﬁ]&%’gg 2408# n%&%%s#@gr bo ;ji oxi de spectrumjas a

excluded to av0|

correction spectr Um

t= Vbt e—rbi=Vit—rt=Vb;

The matrix T is formed by placing the elements of t on
the diagonal, and the companent concentrations and/or
properties are regressed as

y=T"1Vb+emb=(VT-21) 11T~y

For an unknown material with spectrum xy, the path-
length used in collection the spectrum is estimated as

K= UZV;—»! = Vctbt

The component concnetrations and/or properties are
then estimated as

Yu=vcb/ty

The alternative to the above method would involve
calculating the singular value decomposition of X; (the
spectra scaled to the estimated pathlengths) to build
regression models for y. Since the matrices produced by
the singular value 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

- centrations and/or properties in the case where the -

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-

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.
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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
cell, from variations in the responce 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 followmg is an example of one computatlonal
method for arriving at the U matrix. If the reference

“'spectra X are collected over a frequency (wavelength)

range from v to v2 at interval Av, then a set of orthogo-
nal polynomials over the spectral range can be con-
stracted using Legendre polynomials

i P
Pl = oy g @

where £ is defined as
£=(v—12l/(vi—2)

The elements ujof the Up polynomial vectors are calcu-
lated as

_ __1
ug = Py Nf = s dg,,e! 1%
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whedt [ iEqia Yok £ nd e \V/£59 required so that
the columns of U, are normalized. The elements of the
first column of Up correspond to Py(£), 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, ie.

UptUp=1

The matrix Up 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.

Z is an f by z matrix containing z experimental spectra
representing measurment process signals for which
constraints are to be developed. Z may contain multiple -
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~ZZ'UH

The singular value decomposition of Z’ is then calcu-
lated

Z=UzZVf

If 2’ is the number of experimental measurement process
signals being-modeled, then the first z’ columns of Uzare
then combined with the U, to form the f by p-+z’ matrix
U . Note, for example, if z=10 spectra of air with
varying levels of water vapor and carbon dioxide where
used in Z, then only z' =2 columns of U; would be nsed
since only two different process singals 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,
exclude portions of the data. For many spectrometer

t he
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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.
We claim:

1. A method for remhbratmg an analyzer which uses

a correlation between calibration sample spectra and a

property and/or composition data for estimating that

property and/or composition data of a test sample,

comprising

(a) performing a spectral measurement on the test
sample,

(b) determining the property and/or composition
data of the test sample from its measured spectrum,
the determination being made from the correlation
of the calibration sample spectra to said known
property and/or composition data of the calibra-
tion sample,

(¢) comparing calibration sample spectra as to
whether or not the measured spectrum is within the
range of the calibration sample spectra,

(d) isolating the test sample if said measured spectrum
is not within the correlation between said calibra-
tion sample spectra and the property and/or com-
position data,

(€) analyzing said test sample of step (d) by a separate
method to ascertain the property and/or composi-
tion data, and

() recalibrating the analyzer with this data and with
the spectral measurement data obtained by per-
forming the spectral measurement on the test sam-
ple of step (d).

2. A method as claimed in claim 1, wherein the spec-

tral measurement of the test sample is performed in the
infrared region.
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isFigenvester-gsed; nehersig 2 sim-
ulated spectrum for the test sample is determined by

deriving the coefficients for the measured test spectrum
from the dot products of the measured test spectrum
with each of the model eigenspectra and by adding
together the model eigenspectra scaled by the corre-
sponding coefficients, and wherein a comparison is
made between the simulated spectrum and the mea-
sured spectrum as an estimation of whether or not the
measured spectrum is within the range of the calibration
sampie spectra in the model.

4. A method as claimed in claim 3, wherein the com-
parison between the simulated spectrum and the mea-
sured spectrum is made by determining a residual spec-
trum as the difference between the simulated spectrum
and the measured spectrum, by calculating the Euclid-
ean norm by summing the squares of the magnitudes of
the residual spectrum at discrete frequencies, and by
evaluating the magnitude of the Euclidean norm.

S. A method as claimed in claim 3, wherein data in the
calibration sample spectra due to the measurement pro-
cess jtself is removed therefrom prior to defining the
calibration by orthogonalizing the calibration sample
spectra to one or more spectra modelling the measure-
ment process data.

6. A method as claimed in claim 3, wherein the
Mahalanobis distance is determined for the measured
spectrum and the test sample is isolated if the magnitude
of the determined Mahalanobis distance is indicative
that the estimate of property and/or composition data
of thetest sample is an extrapolation from the range of
data covered by the calibration samples.

. 7. A method as claimed in claim 6, further comprising
calcvlating the Euclidean norm derived for each test
sample/calibration sample pair and comparing the cal-
culated Euclidean norms with a predetermined thresh-

+est—sanpl e

m 9, wherein

old value so as to isolate the test sample if said threshold

value is exceeded.

8. A method as claimed in claim 3, wherein the spec-
tral measurement performed on the test sample is car-
ried out as an on-line spectral measurement.

S



mate is an estimate of the water content of said mxture 11. A nethod as

claimed in claim9, wherein said sanple is a hydrocgs;
t he est|- mate is an estinmate of the hydrocarbon cqrte

12. paratus for estinati ng property and/ or conpo-
Y .. e

neasur enent "on‘a test sarrple (b) rrputer nmeans

property and/ or conposition data of the test s§g

foo e and
%‘\ é;tﬂib(.ure.

siition data of la
rlecdl8 NOYtiggn, scll d

perform ng a spgctral
(iy—for—estrmatfng the
nple fromits

measured spectru the d term atlon bei ng made

fromthe correrati on of

calibration sanpl & h&¢thed as claymgd due ﬁ%ﬁeﬂl}em 8kposi tion data
f or t hose cmatﬁ anydugsiagkon test)sampledet er mi ni ng, on the basis
of a check of thelfeasunethodest claimed inaghiims®, hershidaidt i on sanpl e
spectra, whethersagiple is ﬂ%y&ﬁ%afﬁ?/%&ﬁrsﬁﬁﬁhré”ﬂd@tﬂétéﬁhﬂ the range of

the calibrationg a response to
negative re- %%ﬁﬁﬁéﬁmﬁ rqa s?cn arsfgﬂﬁeépitﬁgneans 1I‘Dor

anal yzing said te S property
and/ or conposi t iSeFRRigtls; 2 3-?2521 /ﬁvﬁéﬁﬁf Wmmr?eﬂdl @ estich data i nputted
to said mate is an estimate e hydrocarbon content of said

mixture.

12. Apparatus for estimating property and/or compo-
sition data of a hydrocarbon test sample, which includes
a means for recalibration, said apparatus comprising:

(2) spectrometer means for performing a spectral

measurement on a test sample;

(b) computer means (i) for estimating the property
and/or composition data of the test sample from its
measured spectrum, the determination being made
from the correlation of calibration sample spectra
to known property and/or composition data for
those calibration samples; (ii) for determining, on
the basis of a check of the measured spectrum
against the calibration sample spectra, whether or
not the measured spectrum is within the range of

the calibration sample spectra;

(¢) means for generating a response to negative re-

sults by isolating said test sample;

(d) means for analyzing said test sample of step (c) to
ascertain its property and/or composition data; and
() means for inputting such data inputted to said
computer for storage therein, so that the analyzer
thereby becomes updated according to such data.
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_ systems, absorbances above a certain nominal value do
not scale linearly with pathlength or component con-
centration. Since the regression models assume linear
responce, 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 narrow spec-
tral ranges. For example, in the mid-infrared data where
sample components are expected to absorb minimatly in
the 2300-2400 cm—! range, this spectral range may be
excluded to avoid the necessity of adding 2 carbon
dioxide spectrum as a correction spectrum.
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1. A method for recalibrating an analyzer which nses

a correlation between calibration sample spectra and a

property and/or compasition data for estimating that

property and/or compasition data of a test sample,
comprising

(a) performing a spectral measurement on the test
sample,

(b) determining the property and/or composition
data of the test sample from its measured spectrum,
the determination being made from the correlation
of the calibration sample spectra to said known
property and/or composition data of the calibra-
tion sample,

(¢} comparing calibration sample spectra as to
whether or not the measured spectrum is within the
range of the calibration sample spectra,

(d) isolating the test sample if said measured spectrum
is not within the correlation between said calibra-
tion sample spectra and the property and/or com-
position data,

(¢) analyzing said test sample of step (d) by a separate
method to ascertain the property and/or composi-
tion data, and

(f) recalibrating the analyzer with this data and with
the spectral measurement data obtained by per-
forming the spectral measurement on the test sam-
ple of step (d). |

2. A method as claimed in claim 1, wherein the spec-

tral measurement of the test samplc is performed in the
infrared region.
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3. A method as claimed in claim 1 for which the
calibration sample is cigenvector-based, wherein a sim-
ulated spectrum for the test sample is determined by
deriving the coefficients for the measured test spectrum
from the dot products of the measured test spectrum
with each of the model eigenspectra and by adding
together the model eigenspectra scaled by the corre-
sponding coefficients, and wherein a comparison is
made between the simulated spectrum and the mea-
sured spectrum as an estimation of whether or not the
measured spectrum is within the range of the calibration
sample spectra in the model.

4. A method as claimed in claim 3, wherein the com-
parison between the simulated spectrum and the mea-
sured spectrum is made by determining a residual spec-
trum as the difference between the simulated spectrum
and the measured spectrum, by calculating the Euclid-
ean norm by summing the squares of the magnitudes of
the residual spectrum at discrete frequencies, and by
evaluating the magnitude of the Euclidean norm.

5. A method as claimed in claim 3, wherein data in the
calibration sample spectra due to the measurement pro-
cess itself is removed therefrom prior to defining the
calibration by orthogonalizing the calibration sampie
spectra to one Or more spectra modelling the measure-
ment process data.

6. A method as claimed in claim 3, wherein the
Mahalancbis distance is determined for the measured
spectrum and the test sample is isolated if the magnitude
of the determined Mahalanobis distance is indicative
that the estimate of property and/or composition data
of the test sample is an extrapolation from the range of
data covered by the calibration samples.

7. A method as claimed in claim 6, further comprising
calculating the Euclidean norm derived for each test
sample/calibration sample pair and comparing the cal-
culated Euclidean norms with a predetermined thresh-
old value so as to isolate the test sample if said threshold
value is exceeded.

8. A method as claimed in claim 3, wherein the spec-
tral measurement performed on the test sample is car-
ried out as an on-line spectral measurement.
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9. A method as claimed in claim 3, wherein said test
- sample is a hydrocarbon test sample.

10. A method as claimed in claim 9, wherein said
sample is a hydrocarbon/water mixture and the esti-
mate is an estimate of the water content of said mixture.

11. A method as claimed in claim 9, wherein said
sample is a hydracarbon/water mixture and the esti-
mate is an estimate of the hydrocarbon content of said
mixture.

12. Apparatus for estimating property and/or compo-
sition data of a hydrocarbon test sample, which includes
a means for recalibration, said apparatus comprising:

(2) spectrometer means for performing 2 spectral
measurement on 4 test sample;

(b) computer means (i) for estimating the property
and/or composition data of the test sample from its
measured spectrum, the determination being made
from the correlation of calibration sample spectra
to known property and/or composition data for
those calibration samples; (ii) for determining, on
the basis of a check of the measured spectrum
against the calibration sample spectra, whether or
not the measured spectrum is within the range of
the calibration sample spectra;

(c) means for generating a response to negative re-
sults by isolating said test sample;

(d) means for analyzing said test sample of step (c) to
ascertain its property and/or compaosition data; and

(e) means for inputting such data inputted to said
computer for storage therein, so that the analyzer
thereby becomes updated according to such data.
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METHOD ' ATING PR TY AND/
OM N DATA OF A TEST SAM
ABSTRACT

A method of operating a spectrometer to determine
property and/or composition data of a sample com-
prises an on-line spectral measurement of the sample
using a computer controlled spectrometer, statistical
analysis of the sample data based upon a statistical
model using sample calibration data, and automatically
identifying a sample if necessary based upon statistical
and expert system (rule-based) criteria. Sample collec-
tion based upon statistical criteria consists of perform-
ing a statistical or rule-based check against the model to
identify measurement data which are indicative of
chemical species not in the samples already stored in the
model. Samples identified either by a statistical criteria
or using an expert system (rule-based decisions) are used
preferably to isolate the liquid sample using a computer
controlled automatic sampling system. The samples can
be saved for subsequent laboratory analysis in remov-
able sample containers. The results of the laboratory

. analysis together with the on-line spectroscopic mea-
surements are preferably used to update the model
being used for the analysis.

Figure 1  [REPLACEMEN: -gEs,
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METHOD OF ESTIMATING PROPERTY AND/

OMPOSITION DATA OF A TEST SAMPLE

ABSTRACT

A method of operating a spectrometer to determine
property and/or composition data of a sample com-
prises an on-line spectral measurement of the sample
using a computer controlled spectrometer, statistical
analysis of the sample data based upon a statistical
model using sample calibration data, and automatically
identifying a sample if necessary based upon statistical
and expert system (rule-based) criteria. Sample collec-
tion based upon statistical criteria consists of perform-
ing a statistical or rule-based check against the model to
identify measurement data which are indicative of
chemical species not in the samples already stored in the
model Samples identified either by a statistical criteria
or using an expert system (rule-based decisions) are used
preferably to isolate the liquid sample using a computer
controlled automatic sampling system. The samples can

'be saved for subsequent laboratory analysis in remov-

able sample containers. The results of the laboratory
analysis together with the on-line spectroscopic mea-
surements are preferably used to update the model
being used for the analysis.
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