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Description

BACKGROUND OF THE INVENTION

FIELD OF THE INVENTION

[0001] The invention relates to variation in spectrom-
eter instruments. More particularly the invention relates
to characterizing spectrometer instruments by classify-
ing their spectral responses into a limited number of
clusters and developing calibration transfer models be-
tween clusters that compensate for instrument varia-
tions.

DESCRIPTION OF THE PRIOR ART

[0002] Many of the analytical applications for spec-
trometers require calibration data sets that are time-con-
suming and expensive to create. Typically, these cali-
brations are highly specific. For example, apparently
identical instruments produced by the same manufac-
turer may exhibit minor instrument variations; such var-
iations may be seen when one instrument is built with a
component that varies slightly from the same compo-
nent in another instrument. In addition, a calibration set
for an instrument produced by one manufacturer is gen-
erally not suitable for a similar instrument produced by
another manufacturer. Furthermore, repairs to a single
instrument can cause the instrument's spectral re-
sponse to vary. As an instrument ages, it's spectral re-
sponse may change. An instrument's spectral response
may vary according to fluctuations in the operating en-
vironment. In applications requiring analysis of very low
concentration analytes, non-invasive blood glucose pre-
diction, for example, even minor instrument variation
can introduce an unacceptable degree of error into the
analysis. Providing another calibration model that takes
the instrument's current spectral response into account
can compensate for instrument variation. However, de-
velopment of new calibration models is time-consuming,
labor-intensive and costly.

[0003] Inthe development of spectroscopy-based an-
alyzers for biomedical applications, there is a need for
production of thousands to as many as millions of ana-
lyzers for a specific application. No methodology exists
for providing calibrations for large numbers of instru-
ments quickly and inexpensively.

[0004] Therefore, efforts have been directed at trans-
ferring calibrations from one analyzer to another. See,
for example, E. Bouveresse, C. Hartmann, D. Massart,
I. Last, K. Prebble, Standardization of near-infrared
spectrometric instruments, Anal. Chem., vol. 68, pp.
982-990 (1996) and M. Defernez, R. Wilson, Infrared
spectroscopy: instrumental factors affecting the long-
term validity of chemometric models, Anal. Chem., vol.
69, pp. 1288-1294 (1997), and E. Bouveresse, D. Mas-
sart, P. Dardenne, Calibration transfer across near-in-
frared spectrometric instruments using Shenk's algo-
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rithm: effects of different standardization samples, Ana-
lytica Chimica Acta, vol. 297, pp. 405-416, (1994) and
Y. Wang, D. Veltkamp, B. Kowalski, Multivariate instru-
ment calibration, Anal. Chem., vol. 63, pp. 2750-2756
(1991).

[0005] Most of the reported methods of calibration
transfer have been applied in situations involving high-
concentration analytes, wherein the signal-to-noise ra-
tio is high. Because these currently known methods act
as a smoothing function when transferring calibrations,
they degrade the signal to noise that can be observed,
thus hindering analysis of low concentration analytes.
Additional problems of changes in resolution or band-
with across time or between instruments have not been
addressed.

[0006] Furthermore, the currently known methods
have only been successfully applied in situations involv-
ing a small number of instruments. The reported meth-
ods are not capable of modeling the complexity encoun-
tered when large numbers of instruments are involved.
[0007] R. Rosenthal, Method for providing a general
calibration for near infrared instruments for measure-
ment of blood glucose, United States Patent No.
5,204,532 (20 April 1993) describes a method for cali-
brating a near infrared analysis instrument to an individ-
ual user by selecting a spectral cluster having the cali-
bration constants most closely associated with the us-
er's spectrum.

[0008] S. Malin, T. Ruchti, System and method for
noninvasive blood analyte measurements, PCT Appli-
cation No. PCT/US00/01378 (WO 00/42907) (19 Janu-
ary 2000) describes an intelligent system for blood an-
alyte determination wherein the sample to be analyzed
is classified into one or more predefined clusters based
on extracted spectral features, and a suitable calibration
model applied.

[0009] A need exists for the calibration of large num-
bers of analyzers. It would be desirable to provide a
means of reducing the complexity inherent in the trans-
fer of calibrations to large numbers of analyzers. It would
also be advantageous to provide a means of transferring
calibrations without significant degradation of the signal-
to-noise ratio, rendering calibration transfer practical in
analysis of low concentration analytes.

[0010] The invention provides a method, defined in
the appended claims, of characterizing large numbers
of spectrometer instruments by classifying their spectra
into a limited number of previously defined clusters ac-
cording to similarity of spectral features and
performance characteristics. The method may also be
used to track variation over time within a single instru-
ment. The spectral features used for classification may
be related to known instrument parameters, or they may
be abstract features derived using a variety of compu-
tational methods. The clusters are defined in advance
based on an exemplar data set, using either supervised
or unsupervised methods. Calibration models for each
cluster compensate for instrument variation, either
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across instruments or across time within a single instru-
ment.

[0011] In a preferred embodiment of the invention,
calibration models are provided using a method of cali-
bration transfer wherein the clusters are mapped to
each other, so that a calibration transferred from one
cluster to another need only model the difference be-
tween the two clusters. In an aftemate embodiment, a
different calibration is separately calculated for each
cluster. In either embodiment, the number of calibration
transfers is significantly reduced since each cluster rep-
resents a multitude of instruments.

BRIEF DESCRIPTION OF THE DRAWINGS

[0012]

Figure 1 provides a block schematic diagram of a
method of characterizing spectrometer instruments
by clustering according to spectral features, accord-
ing to the invention;

Figure 2 provides a flow diagram of a method of
generating calibration models by transferring a
master calibration to slave calibration models, ac-
cording to the invention;

Figures 3A and 3B illustrate decreases in spectral
cutoff related to decreases in detector temperature
in a spectrometer instrument; and

Figure 4 illustrates changes in light throughput re-
lated to changes in source temperature in a spec-

trometer instrument.

DETAILED DESCRIPTION

[0013] The invention provides a method of character-
izing spectrometer instruments by classifying spectral
responses from a large number of spectrometers (ana-
lyzers) into a limited number of previously defined clus-
ters. The clusters constitute groups that are defined
based on the similarity of specific features. Grouping of
instruments according to spectral features and perform-
ance characteristics reduces the spectral variation be-
tween instruments in a given group. Therefore, spectral
measurements corresponding to an individual cluster
are more homogeneous than those from the entire
group of analyzers. Calibrations created for each cluster
may then be utilized for subsequent analysis. The cali-
bration created for a cluster will have instrument varia-
tions included in the model that mirror variations result-
ing from the particular analyzer employed for the sub-
sequent analysis. Calibration models specific to the
clusters are expected to be less complex and have an
improved level of accuracy. Therefore, multivariate
analysis will require fewer factors to model instrument
variation resulting in earlier factors modeling the sample
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and earlier factors modeling small absorbing analytes.
The net result is that fewer factors are required for sam-
ple analysis and a more robust algorithm is created.
[0014] Inone embodiment of the invention, a separate
calibration data set is required for every cluster, requir-
ing a large number of samples in a calibration set for
every cluster. In the preferred embodiment, sufficient
samples for a calibration model are only required in a
single cluster. Principal features defining that cluster
and other clusters are determined, and the clusters are
mapped to each other, revealing the specific differences
from one cluster to another. Subsequently, the calibra-
tion from the initial cluster is transferred to another clus-
ter based upon the specific differences between clus-
ters.

[0015] The parent application to the current applica-
tion, S. Malin and T. Ruchti, An intelligent system for
noninvasive blood analyte prediction, U.S. Patent Appli-
cation Ser. No. 09/359,191 (July 22, 1999), provides a
detailed description of a method of classifying spectral
measurements into previously defined clusters through
similarities observed in absorbance spectra. The clas-
sification system of the sampled tissue volume of the
subjects is herein expanded to include classification of
instrumentation variations.

[0016] Referring now to Figure 1, a general method
of classifying spectral measurements into previously de-
fined clusters is represented. Briefly the steps of the
method are:

1. Measurement. (11)

2. Classification (12), in which the measured spec-
trum is assigned membership in any one of a
number of predefined clusters 13.

3. Calibration (14), in which calibration models suit-
ed to each cluster are provided.

4. Identifying outliers (15)
MEASUREMENT

[0017] In general, instrumental variations may affect
spectral response by producing either signal intensity
changes, bandwidth changes, wavelength changes, or
combinations thereof. These instrumental variations
may include:

. wavelength shifts;

. nonlinear wavelength shifts;

. wavelength expansions;

. wavelength contractions;

. honlinear wavelength expansions;
. source intensity drifts;

. blackbody profile changes;

. bandwidth changes;

. resolution changes;

©O© 00N OTh WN =
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10. baseline deviations;

11. change with time;

12. temperature effects;

13. detector response;

14. differences in optical components (e.g. long-
pass filters or fiber optics);

15. variation related to mounting of references;
16. differences in the optical interface to the sample
(fiber spacing);

17. linearity;

18. detector cut-off;

and many others, which will be apparent to those skilled
in the art. Spectra used for classification will typically be
those of commonly known standards. Standards partic-
ularly useful for classifying shifts observed in the wave-
length axis include polystyrene, rare earth oxides: hol-
mium oxide, erbium oxide or dysprosium oxide, for ex-
ample; or combinations thereof. Standards such as the
diffuse reflectance standards supplied by Labsphere,
Inc. (North Sutton NH) may be used to classify shifts in
the intensity axis. Spectra of samples may also be used
for classification. Additional intensity and wavelength
standards will be known to those skilled in the art.
[0018] Inthe specific case of near-IR noninvasive glu-
cose determination these standards cover the near-IR
spectral region. Additional spectroscopy and chroma-
tography-spectroscopy hyphenated techniques such as
AA (atomic absorption spectroscopy) or GC-MS (gas
chromatography mass spectroscopy) will each require
their own standards which are known by those skilled in
the art. Additionally, spectra of tissue phantoms collect-
ed on an instrument may also b e used to characterize
that instrument. Tissue phantoms are helpful in charac-
terizing an instrument because spectra of these phan-
toms simulate noninvasive spectra of living tissue.
There are tissue phantoms that simulate the absorption
coefficients of various skin tissues; while others simu-
late the scattering coefficients of the body. Some com-
mon simulants include:

1. milk and milk products

2. milk products in combination with India ink, used
to adjust the absorption coefficient;

3. emulsions of fatty substances in water main-
tained in solution with an emulsifier such as lecithin.
One such commercial product is INTRALIPID, sup-
plied by Kabivitrum AB (Stockholm, Sweden);

4. Intra-serum and Intra-gel. See K. Hazen, J.
Welch, S. Malin, T. Ruchti, A Lorenz, T. Troy, S. Th-
enadil, T. Blank, Intra-serum and intra-gel for mod-
eling human skin tissue, U.S. Patent Application
Ser. No. 09/502,877 (February 10, 2000).

[0019] Other scattering and absorbing mediums are
known to those skilled in the art. Concentrations of these
tissue simulants may be adjusted to match the scatter-
ing and absorption coefficients of body tissues such as
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skin or internal organs.

[0020] It will also be apparent that a set of exemplar
measurements is required for cluster definition and de-
velopment of calibration models, in addition to the actual
spectral measurements utilized for classification.

CLASSIFICATION

[0021] New spectral measurements are passed to a
pattern classification system that classifies the meas-
urements into previously defined clusters having a high
degree of internal constistency through spectral fea-
tures related to instrumental variation.

The classification itself includes the following steps:

1. Feature extraction; and
2. Classification of features according to a classifi-
cation model.

FEATURE EXTRACTION

[0022] The process of feature extraction is more fully
described in the parent application to the current appli-
cation, U.S. Patent Application Ser. No. 09/359,191, su-
pra. Feature extraction is any mathematical transforma-
tion that enhances a particular aspect or quality of the
data that is useful for interpretation. Features may be of
two categories:

1. Abstract, and
2. Simple.

[0023] Instruments may be classified by abstract fea-
tures, meaning that they may be classified using com-
putational methods. These methods may be supervised
or unsupervised. Examples include plotting primary
principal components versus one another and identify-
ing clusters of results; discriminant analysis, such as
measurement of the Mahalanobis distance, and k-
means clustering. Additional methods will be readily ap-
parent to those skilled in the art.

[0024] It is important to note that the clustering tech-
niques listed above are not mutually exclusive. Cluster-
ing of raw spectra into one or more groups may be
achieved through one or more of these methods and
with combinations of these approaches.

[0025] Simple features are derived from an a prioriun-
derstanding of the system, and can be related directly
to an instrument parameter or component (or parame-
ters or components). For example, the measured band-
with, noise characteristics, or linearity and detector cut-
offs.

CLUSTER DEFINITION
[0026] As indicated above, clusters must have been

previously defined, using a data set of exemplar spectral
measurements. Cluster definition is the assignment of
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the measurements in the exploratory data set to clus-
ters. After cluster definition, the measurements and
class assignments are used to determine the mapping
from the features to cluster assignment.

[0027] Cluster definition is performed using either su-
pervised or unsupervised methods. In the supervised
case, clusters may be defined using specific knowledge
of the system. For example, source intensity and detec-
tor temperatures have specific effects on the spectra,
as demonstrated further below. The use of a priori infor-
mation in this manner is the first step in supervised pat-
tern recognition, which develops classification models
when the class assignment is known.

[0028] Alternatively, clusters may be defined in an un-
supervised manner using abstract features such as
clustering within plots of principal component scores 'x'
versus spectral loading'y'. The result is that within a giv-
en cluster, all of the spectra have the same character-
istics (interferences, instrument variations or sample is-
sues). Clusters formed from features with physical
meaning can be interpreted based on the known under-
lying phenomenon causing variation in the feature
space.

CLASSIFICATION

[0029] Subsequent to class definition, a classifier is
designed through supervised pattern recognition. A
model is created, based on cluster definitions, that
transforms a measured set of features to an estimated
classification. The classification model is a method for
determining a set of similarity measures with the prede-
fined clusters. A decision rule assigns membership on
the basis of a set of measures calculated by a decision
engine.

CALIBRATION

[0030] Once the spectra have been classified into
clusters, calibration models 14 are required for each
cluster. Provision of the clusters is by one of two meth-
ods. In the preferred embodiment, a master calibration
is developed for a first cluster, subsequently the master
calibration is transferred to slave calibrations, one for
each remaining cluster. An alternate embodiment, de-
scribed further below, individually calculates calibra-
tions for each cluster.

[0031] Inthe case of spectra collected utilizing a mas-
ter and slave instrument, the term "calibration transfer,"
as commonly used in the art, may have different mean-
ings. Calibration transfer may refer to transforming the
slave spectral to look like the master spectra or vice ver-
sa. Additionally, spectra from both the master and the
slave can be transferred to a common standard spec-
trum not present in the master or slave data sets. Fur-
thermore, calibration transfer can refer to preprocessing
steps, multivariate adjustments of the sample spectra,
or adjustments to the predicted analyte concentrations
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based upon standards.

[0032] Referring now to Figure 2, the process of cali-
bration transfer is shown. Calibrations 14 are required
for each of n clusters. A master calibration 21 is calcu-
lated for a first cluster; then, to provide calibrations for
each of the remaining n clusters, the master calibration
is transferred to slave calibrations. In this case, Calibra-
tion transfer refers to the process of transforming spec-
tra on a slave instrument to match the characteristics of
the master such that the master calibration can be ap-
plied to the slave spectra. For clusters, calibration trans-
fer refers to the process of transforming spectra on a
slave instrument to match the characteristics of the mas-
ter such that a new calibration is generated that satisfies
the specification of a cluster other than the one for which
the master cluster was developed. The clusters may al-
s0 be organized into groups of clusters, so that the mas-
ter calibration is transferred to slave calibrations 23,
which in turn are transferred to the slave calibration for
the various clusters within each group.

[0033] Prior art methods of calibration transfer have
been unsuccessful at modeling the complexity involved
in providing calibration models for large numbers of in-
struments. Classifying the spectral measurements in to
clusters having a high degree of internal consistency re-
duces the complexity of the problem to a level that
makes it possible to apply calibration transfer to large
numbers of instruments. Clustering the acquired spec-
tra into a limited number of subgroups allows the cali-
bration transfer issues to be broken up into subsets so
that only a subset of the overall issues needs to be ad-
dressed between any two clusters. The result is that
within a given cluster, all of the spectra have the same
characteristics. A calibration is generated for a given
cluster using spectra of samples containing the limited
number of characteristics of that cluster. This eliminates
having to deal with all of the variations possible in the
raw measurements, significantly reducing the complex-
ity that needs to be modeled by the calibration. Thus,
the calibration utilized for a given cluster will have in-
strument variations included in the model that are similar
to variations resulting from the analyzer employed. As
each cluster has its own specification, the calibration
transfer technique need only deal with the differences
between those two clusters. For example, if the only dif-
ference between the clusters is a linear x-axis shift, then
the calibration transfer technique need only deal with
that parameter. This allows a more specific calibration
transfer technique to be employed that is more robust,
resulting in fewer factors, since fewer instrument varia-
tions need to be modeled. This will result in analysis of
lower concentration analytes due to retention of signal
to noise in the calibration transfer step.

[0034] Typically, calibration transfer techniques have
to address instrument-to-instrument variations, such as
wavelength shifts, nonlinear wavelength shifts, wave-
length expansions (contraction), nonlinear wavelength
expansions, source intensity drifts, blackbody profile
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changes, bandwidth (resolution) changes, baseline de-
viations, change with time, temperature effects and oth-
ers known to those skilled in the art.

[0035] However, in addition to instrumentation issues
in calibration transfer, sample composition and sample
handling considerations are very importantin calibration
transfer. Therefore, every sample analyzed for predic-
tion of results should be an interpolation within the ma-
trix space of the calibration data set; otherwise the cal-
ibration may not calculate an accurate prediction of an-
alyte concentration. For example, if the calibration data
set contains glucose samples ranging from 40 to 400
mg/dL, then predictions on samples with glucose out-
side of this range are suspect.

[0036] Thus, an important additional benefit of the in-
vented classification algorithm is that outlier spectra
may be identified, as shown in Figure 1. Each cluster
has its own set of classification requirements. If a spec-
trum does not fall within the parameters of a given clus-
ter, another cluster must be found which has parameters
allowing analysis of that spectrum. If no cluster is found,
then the sample is reported as an outlier rather than hav-
ing a value reported for the analyte that may not be cor-
rect. In this manner, analysis on samples or instruments
for which no satisfactory calibration model has been de-
veloped is prevented.

[0037] Spectra classified as outliers may assume two
forms. In some instances, the outlier spectrum is close
to a given cluster. In such a case, conventional calibra-
tion transfer techniques may be applied to this spectrum
to transform the spectrum such that it falls within one of
the clusters for which calibrations exist. In case of fail-
ure, the spectrum remains classified as an outlier, as will
spectra that are characterized as gross oultliers.

[0038] Classification and calibration transfer need not
be limited to differences in instrumentation; it may also
be applied to sample spectra for analyte prediction. For
example, a cluster may be defined for healthy 18 to 30
year old men. A noninvasive glucose model may be built
for this narrow demographic. A separate cluster may be
for 18 to 30 year old non-pregnant women. Differences
between the two clusters such as body fat and sampled
volume may be addressed and a calibration transfer
technique may be optimized for those differences based
on relatively few spectra, thus allowing a glucose model
initially generated for a narrow demographic to be grad-
ually expanded.

[0039] The foregoing embodiment does not require
calibrations to be built for every cluster, and thereby pro-
vides the important advantage of sparing the consider-
able time, money and effort required for building a sep-
arate calibration for every cluster. The actual calibration
transfer technique employed may be selected from the
many algorithms known to those skilled in the art.
[0040] An alternative embodiment classifies spectra
into clusters, as in the preferred embodiment, and builds
individual calibrations for each cluster. The requirement
for calibration transfer is eliminated at the expense of
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the requirement for more spectra. However, an addition-
al measure of reliability is gained by having clusters with
well-defined and narrow parameters. As in the previous
embodiment, fewer instrument variations need to be
modeled so that early factors can focus on analyte in-
formation, resulting in a more robust model.

[0041] While the foregoing description of the invention
has been directed to characterizing different instru-
ments, the invented method also finds application in
classifying spectra from a single instrument according
to known variations in instrument components or known
environmental variations. Two examples are described.

1. The cutoff of the 2.6 | m InGaAs detector em-
ployed in many near-IR analyzers blue shifts as the
temperature of the detector decreases. Air spectra
collected on a NICOLET 860, supplied by the
Nicolet Instrument Corporation (Madison WI) with
the InGaAs detector ranging from 0 to -20°C are
presented in Figure 3A. The spectral cutoff region
from 2400 to 2600 nm is expanded in Figure 3B.
The cut-off decreases as the detector temperature
decreases. Using reference or air spectra, a simple
analysis, such as determining the wavelength at
which 10% of the peak intensity is observed, allows
the instrument to be classified as to whether the de-
tector is properly cooled and to the extent that it was
cooled.

2. As a tungsten halogen source increases in tem-
perature, the blackbody emission increases in mag-
nitude and additional light throughput is observed.
For example, in diffuse reflectance spectra of a 5%
Labsphere diffuse reflectance standard, the overall
intensity is observed to increase as the source tem-
perature increases, as shown in Figure 4. This ef-
fect can be used to classify the instrument in terms
of the source temperature and total light throughput.

[0042] Itis a relatively simple task to characterize the
instrument in terms of additional components. Exam-
ples are slit width, affecting bandwidth or room temper-
ature, affecting total light throughput. There are, howev-
er, a limited number of components to a spectrometer;
it has been observed that instruments group into a rel-
atively small number of clusters.

[0043] Once an instrument, or a given spectrum, is
classified into a cluster, the appropriate calibration rou-
tine can be employed. A single analyzer may be loaded
with multiple calibration routines, as the instrument may
vary during its lifetime. In fact, environmental factors
may cause the appropriate calibration to change with
every spectrum collected.

[0044] This instrument classification approach was
designed for use on noninvasive glucose analyzers
where glucose is measured using diffuse reflectance
spectra of skin on the human body. However, the same
technology can be applied to any form of noninvasive
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analysis including but not limited to: noninvasive analy-
sis of albumin, globulin, urea, creatinine, oxygen, hemo-
globin A;C and electrolytes such as Na*, K*, CI~. The
technology may also be utilized in biomedical applica-
tions.

[0045] The classification approach disclosed here
finds application in various fields of endeavor, the agri-
cultural field, for example. Exemplary agricultural appli-
cations are: analysis of fat in milk, protein or moisture
analysis in wheat, or analysis of sugars in fruits. The
classification approach may also benefit pharmaceuti-
cal companies in the analysis of intact tablets or in the
characterization of raw materials. Finally, petrochemical
companies may utilize the method in classification of fu-
els, fuel by-products and in raw fuel materials. In gen-
eral, this technique is useful wherever a large number
of analyzers are utilized to quantify analytes in samples.
[0046] Although the invention is described herein with
reference to the preferred embodiment, one skilled in
the art will readily appreciate that other applications may
be substituted for those set forth herein without depart-
ing from the scope of the present invention. Accordingly,
the invention should only be limited by the claims includ-
ed below.

Claims

1. A method of characterizing spectrometer instru-
ments according to instrumental variation, that is
between instruments and/or variation over time
within the same instrument, comprising the steps of:

providing a plurality of spectra (11) of known
standards from at least one spectrometer in-
strument; and

classifying (12) said at least one spectrometer
instrument into at least on of a plurality of pre-
defined clusters on the basis of spectral fea-
tures extracted from said at least one spectrum;
and

providing (14) at least one calibration model for
each of said predefined clusters, wherein each
calibration model compensates for instrumen-
tal variation of instruments classified to the re-
spective cluster.

2. The method of Claim 1 wherein said instrumental
variation comprises any of:

wavelength shifts;

nonlinear wavelength shifts;
wavelength expansions;
wavelength contractions;
nonlinear wavelength expansions;
source intensity drifts;

blackbody profile changes;
bandwidth changes;
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resolution changes;

baseline deviations;

changes over time;

temperature effects;

detector response;

differences in optical components;
variation related to mounting of references;
differences in the optical interface to the sam-
ple;

linearity; and

detector cut-off.

3. The method of Claim 1, wherein said plurality of
spectra is measured on a plurality of spectrometer
instruments.

4. The method of Claim 1, wherein said plurality of

spectra is measured on a single spectrometer in-
struments at successive time intervals.

5. The method of Claim 1, wherein said classifying
step comprises steps of:

extracting features; and
classifying said features according to a classi-
fication model and decision rule.

6. The method of Claim 5, wherein said extracting step
comprises any mathematical transformation that
enhances a particular aspect or quality of data that
is useful for interpretation.

7. The method of Claim 5, wherein said classification
model comprises means for determining a set of
similarity measures with predefined classes.

8. The method of Claim 5, wherein said decision rule
comprises means for assigning class membership
on the basis of a set of measures calculated by a
decision engine.

9. The method of Claim 1, wherein individual features

are divided into two categories, said categories
comprising:

abstract features wherein said features are ex-
tracted using various computational methods ;
and

simple features that are derived from an a priori
understanding of a system, wherein said fea-
ture is directly related to an instrument param-
eter or component.

10. The method of Claim 9, wherein said abstract fea-
tures are calculated using any of:

plotting primary principal components versus
one another and identifying resulting clusters;
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discrminant anlysis; and
k-means clustering.

The method of Claim 5, wherein said classifying
step further comprises a step of employing factor-
based methods to build a model capable of repre-
senting variation in a measured spectrum related to
variations in spectral response;

wherein projection of a measured absorbance
spectrum onto said model constitutes a feature that
represents spectral variation related to instrument
variation.

The method of Claim 5, wherein said classifying
step further comprises steps of:

measuring the similarity of a feature to prede-
fined clusters; and
assigning membership in a cluster.

The method of Claim 5, further comprising a step of:

assigning measurements in an exploratory da-
ta set to clusters.

The method of Claim 13, further comprising a step
of:

using measurements and class assignments to
determine a mapping from features to cluster
assignments.

The method of Claim 13, further comprising steps
of:

defining clusters from said features in a super-
vised manner, wherein each set of features is
divided into two or more regions, and wherein
classes are defined by combinations of feature
divisions;

designing a classifier subsequent to class def-
inition through supervised pattern recognition
by determining an optimal mapping or transfor-
mation from the feature space to a class esti-
mate which minimizes the number of misclas-
sifications; and

creating a model based on class definitions
which transforms a measured set of features to
an estimated classification.

The method of Claim 1, further comprising the step
of applying at least one of said calibration models
to analysis of new sample measurements.

The method of Claim 16, wherein said calibration
models model differences between said predefined
clusters.
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The method of Claim 16, wherein a master calibra-
tion model is developed for a first of said clusters
from a set of exemplar spectra with reference val-
ues and pre-assigned classification definitions.

The method of Claim 18, further comprising the step
of transferring said master calibration model to a
plurality of slave calibration models, wherein a slave
calibration model is calculated for each remaining
cluster, and wherein a transform modifies said mas-
ter calibration model to a slave calibration model in
accordance with principal features defining each of
said classes.

The method of Claim 19, wherein said transferring
step comprises the steps of:

transferring said master calibration model to a
first slave calibration model;

transferring said first slave calibration model to
a second slave calibration model;

and repeating said transfer from one slave cal-
ibration model to another slave calibration mod-
el, until a calibration has been provided for each
of said predefined clusters;

wherein a transform modifies said transferred
calibration models in accordance with principal fea-
tures defining each of said clusters.

The method of Claim 18, further comprising the step
of transferring said master calibration model to a
plurality of slave calibration models, wherein a slave
calibration model is calculated for each remaining
cluster, and wherein a transform modifies said slave
calibration model to said master calibration model
in accordance with principal features defining each
of said classes.

The method of Claim 21, wherein said transferring
step comprises the steps of:

transferring said master calibration model to a
first slave calibration model;

transferring said first slave calibration model to
a second slave calibration model;

and repeating said transfer from one slave cal-
ibration model to another slave calibration mod-
el, until a calibration has been provided for each
of said predefined clusters;

wherein a transform modifies said transferred
calibration models in accordance with principal fea-
tures defining each of said clusters.

The method of Claim 16, wherein a different cali-
bration model is developed for each class, and
wherein said calibration models are developed from
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a set of exemplar spectra, with reference values
and pre-assigned cluster definitions.

The method of Claim 23, wherein a spectrum is as-
signed to one of many predefined clusters for which
a calibration model has been developed.

The method of Claim 1, further comprising the steps
of:

providing new spectral measurements;
comparing said new spectral measurements to
each of said predefined clusters according to
extracted spectral features;

reporting those measurements as outliers for
which a matching cluster is not found.

Patentanspriiche

1.

2.

Verfahren zum Charakterisieren von Spektrometer-
Instrumenten gemaR der instrumentellen Variation,
welche zwischen Instrumenten vorliegt, und/oder
der Variation Uber die Zeit innerhalb des gleichen
Instruments, umfassend die Schritte des:

Vorsehens einer Mehrzahl von Spektren (11)
bekannter Standards von mindestens einem
Spektrometer-Instrument; und

Klassifizierens (12) des mindestens einen
Spektrometer-Instruments in mindestens einen
von einer Mehrzahl vordefinierter Cluster auf
der Basis von spektralen Merkmalen, welche
aus dem mindestens einen Spektrum extrahiert
wurden; und

Vorsehens (14) von mindestens einem Kalibra-
tionsmodell fiir jeden der vordefinierten Clu-
ster, wobei jedes Kalibrationsmodell die instru-
mentelle Variation von Instrumenten, die in den
jeweiligen Cluster klassifiziert wurden, kom-
pensiert.

Verfahren von Anspruch 1, worin die instrumentelle
Variation irgendeines aus dem Folgenden umfasst:

Wellenlangenverschiebungen;
nichtlineare Wellenldngenverschiebungen;
Wellenlangenexpansionen;
Wellenlangenkontraktionen;
nichtlineare Wellenldngenexpansionen;
Quellenintensitats-Driften;
Schwarzkérper-Profilanderungen;
Bandbreitendnderungen;
Auflésungsanderungen;
Grundlinien-Abweichungen;
Anderungen Uber die Zeit;
Temperatureffekte;

Detektorantwort;
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Abweichungen in optischen Komponenten;
Variation im Zusammenhang mit der Referen-
zen-Montierung;

Abweichungen in der optischen Grenzflache zu
der Probe;

Linearitat; und

Detektor-Cut-Off.

Verfahren von Anspruch 1, worin die Mehrzahl von
Spektren auf einer Mehrzahl von Spektrometer-In-
strumenten gemessen wird.

Verfahren von Anspruch 1, worin die Mehrzahl von
Spektren auf einem einzelnen Spektrometer-Instru-
ment in sukzessiven Zeitintervallen gemessen wird.

Verfahren von Anspruch 1, worin der Klassifizie-
rungsschritt die folgenden Schritte umfasst:

Extrahieren von Merkmalen; und

Klassifzieren der Merkmale gemaR eines Klas-
sifikationsmodells und einer Entscheidungsre-
gel.

Verfahren von Anspruch 5, wobei der Extraktions-
schrittjedwede mathematische Transformation um-
fasst, welche einen besonderen Aspekt oder eine
besondere Qualitat von Daten verstarkt, welche(r)
fur die Interpretation nutzlich ist.

Verfahren von Anspruch 5, wobei das Klassifikati-
onsmodell Mittel zum Bestimmen eines Satzes von
AhnlichkeitsmaRen mit vordefinierten Klassen um-
fasst.

Verfahren von Anspruch 5, wobei die Entschei-
dungsregel Mittel zum Zuweisen von Klassenmit-
gliedschaft auf der Basis eines Satzes von MaRen
umfasst, welche durch eine Entscheidungsmaschi-
ne berechnet werden.

Verfahren von Anspruch 1, worin individuelle Merk-
male in zwei Kategorien eingeteilt werden, wobei
die Kategorien folgendes umfassen:

abstrakte Merkmale, wobei die Merkmale unter
Anwendung verschiedener Berechnungsver-
fahren extrahiert werden; und

einfache Merkmale, welche aus einem a priori
Verstandnis eines Systems abgeleitet werden,
wobei das Merkmal direkt mit einem/einer In-
strumentparameter oder -komponente zusam-
menhangt.

. Verfahren von Anspruch 9, worin die abstrakten
Merkmale berechnet werden unter Verwendung
von irgendeinem unter:
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Auftragen der primaren Hauptkomponenten
gegeneinander und Identifzieren resultierender
Cluster;

Diskrimanten-Analyse; und
k-Mittelwert-Clustering.

Verfahren von Anspruch 5, worin der Klassifizie-
rungsschritt ferner einen Schritt der Anwendung
von Faktor-basierenden Methoden umfasst, um ein
Modell aufzubauen, das zum Reprasentieren von
Variation in einem gemessenen Spektrum, im Zu-
sammenhang mit Variationen in der spektralen Ant-
wort, fahig ist;

wobei Projektion eines gemessenen Absorptions-
spektrums auf das Modell ein Merkmal darstellt,
das spektrale Variation reprasentiert, welche mit In-
strumentenvariation zusammenhangt.

Verfahren von Anspruch 5, worin der Klassifizie-
rungsschritt ferner folgende Schritte umfasst:

Messen der Ahnlichkeit eines Merkmals zu vor-
definierten Clustern; und
Zuweisen von Mitgliedschaft in einem Cluster.

Verfahren von Anspruch 5, ferner umfassend einen
Schritt des:

Zuweisens von Messungen in einem explorati-
ven Datensatz zu Clustern.

Verfahren von Anspruch 13, ferner umfassend ei-
nen Schritt des:

Verwendens von Messungen und Klassenzu-
weisungen, um eine Kartierung von Merkmalen
aus zu Cluster-Zuweisungen zu bestimmen.

Verfahren von Anspruch 13, ferner umfassend die
Schritte des:

Definierens von Clustern aus den Merkmalen
in einer Uberwachten Weise, wobei jeder Satz
von Merkmalen in zwei oder mehr Regionen
eingeteilt wird, und wobei Klassen durch Kom-
binationen von Merkmalseinteilungen definiert
sind;

Entwerfens eines Klassifikators anschlieRend
an Klassendefinition durch Uberwachte Mu-
stererkennung mittels Bestimmung einer opti-
malen Kartierung oder Transformation aus dem
Merkmalsraum zu einer Klasseneinschatzung,
welche die Anzahl von Fehlklassifikationen mi-
nimiert; und

Erzeugens eines Modells auf Basis von Klas-
sendefinitionen, welches einen gemessenen
Satz von Merkmalen zu einer geschatzen Klas-
sifikation transformiert.
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19.

20.

21.
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Verfahren von Anspruch 1, ferner umfassend den
Schritt des Anwendens von mindestens einem der
Kalibrationsmodelle auf die Analyse von neuen
Proberunessungen.

Verfahren von Anspruch 16, worin die Kalibrations-
modelle Abweichungen zwischen den vordefinier-
ten Clustern modellhaft angeben.

Verfahren von Anspruch 16, worin ein Master-Kali-
brationsmodell flr einen ersten der Cluster aus ei-
nem Satz von exemplarischen Spektren, mit Refe-
renzwerten und vorab-zugewiesenen Klassifikati-
ons-Definitionen, entwickelt wird.

Verfahren von Anspruch 18, ferner umfassend den
Schritt des Transferierens des Master-Kalibrations-
modells zu einer Mehrzahl von Slave- bzw. Tochter-
Kalibrationsmodellen, wobei ein Slave-Kalibrati-
onsmodell fiir jeden verbleibenden Cluster berech-
net wird, und wobei eine Transformation das Ma-
ster-Kalibrationsmodell zu einem Slave-Kalibrati-
onsmodell gemafR Haupt-Merkmalen, welche jede
der Klassen definieren, modifziert.

Verfahren von Anspruch 19, worin der Transferie-
rungsschritt die folgenden Schritte umfasst:

Transferieren des Master-Kalibrationsmodells
zu einem ersten Slave-Kalibrationsmodell;
Transferieren des ersten Slave-Kalibrations-
modells zu einem zweiten Slave-Kalibrations-
modell;

und Wiederholen des Transfers aus einem Sla-
ve-Kalibrationsmodell zu einem anderen Sla-
ve-Kalibrationsmodell, bis eine Kalibration fir
jeden der vordefinierten Cluster vorgesehen
worden ist;

wobei eine Transformation die transferierten Kali-
brationsmodelle gemaR Haupt-Merkmalen, welche
jeden der Cluster definieren, modifiziert.

Verfahren von Anspruch 18, ferner umfassend den
Schritt des Transferierens des Master-Kalibrations-
modells zu einer Mehrzahl von Slave-Kalibrations-
modellen, wobei ein Slave-Kalibrationsmodell fiir
jeden verbleibenden Cluster berechnet wird, und
wobei eine Transformation das Slave-Kalibrations-
modell zu dem Master-Kalibrationsmodell geman
Haupt-Merkmalen, welche jede der Klassen defi-
nieren, modifziert.

Verfahren von Anspruch 21, worin der Transferie-
rungsschritt die folgenden Schritte umfasst:

Transferieren des Master-Kalibrationsmodells
zu einem ersten Slave-Kalibrationsmodell;
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Transferieren des ersten Slave-Kalibrations-
modells zu einem zweiten Slave-Kalibrations-
modell;

und Wiederholen des Transfers von einem Sla-
ve-Kalibrationsmodell zu einem anderen Sla-
ve-Kalibrationsmodell, bis eine Kalibration flr
jeden der vordefinierten Cluster vorgesehen
worden ist;

wobei eine Transformation die transferierten Kali-
brationsmodelle gemaR Haupt-Merkmalen, welche
jeden der Cluster definieren, modifiziert.

Verfahren von Anspruch 16, worin ein unterschied-
liches Kalibrationsmodell fiir jede Klasse entwickelt
wird, und worin die Kalibrationsmodelle aus einem
Satz von exemplarischen Spektren, mit Referenz-
werten und vorab-zugewiesenen Cluster-Definitio-
nen, entwickelt werden.

Verfahren von Anspruch 23, worin ein Spektrum zu
einem von vielen vordefinierten Clustern zugewie-
sen wird, fiir welche ein Kalibrationsmodell entwik-
kelt worden ist.

Verfahren von Anspruch 1, ferner umfassend die
Schritte des:

Vorsehens von neuen spektralen Messungen;
Vergleichens der neuen spektralen Messungen
mit jedem der vordefinierten Cluster geman ex-
trahierten spektralen Merkmalen;

Auffiihrens derjenigen Messungen als Ausrei-
Rer, fuir welche ein passender Cluster nicht ge-
funden wird.

Revendications

Procédé de caractérisation d'instruments de spec-
trométre selon une variation instrumentale, c'est-a-
dire entre les instruments et/ou la variation dans le
temps dans le méme instrument, comprenant les
étapes consistant a :

fournir une pluralité de spectres (11) de normes
connues a partir d'au moins un instrument de
spectromeétre ; et

classifier (12) ledit au moins un instrument de
spectrométre dans au moins un d'une pluralité
de groupes prédéfinis sur la base de caracté-
ristiques spectrales extraites dudit au moins un
spectre ; et

fournir (14) au moins un modéle d'étalonnage
pour chacun desdits groupes prédéfinis,

dans lequel chague modéle d'étalonnage compen-
se la variation instrumentale des instruments clas-
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sifiés dans le groupe respectif.

Procédé selon la revendication 1 dans lequel ladite
variation instrumentale comprend n'importe lequel
des:

décalages de longueur d'onde ;

décalages de longueur d'onde non linéaires ;
expansions de longueur d'onde ;

contractions de longueur d'onde ;

expansions de longueur d'onde non linéaires ;
dérives d'intensité de source ;

changements de profil de corps noir ;
changements de largeur de bande ;
changements de résolution ;

déviations de la ligne de base ;

changements dans le temps ;

effets de la température ;

réaction d'un capteur ;

différences dans les composants optiques ;
variation liée au montage de références ;
différences dans l'interface optique de I'échan-
tillon.

Linéarité, et

Arrét du capteur.

Procédé selon la revendication 1, dans lequel ladite
pluralité de spectres est mesurée par une pluralité
d'instruments de spectromeétres.

Procédé selon la revendication 1, dans lequel ladite
pluralité de spectres est mesurée par des instru-
ments a spectrométre unique a des intervalles de
temps successifs.

Procédé selon larevendication 1, dans lequel ladite
étape de classification comprend les étapes consis-
tanta:

extraire les caractéristiques ; et
classifier lesdites caractéristiques selon un mo-
dele de classification et une régle de décision.

Procédé selon la revendication 5, dans lequel ladite
étape d'extraction comprend toute transformation
mathématique qui améliore un aspect particulier ou
une qualité particuliére des données qui sont utiles
pour l'interprétation.

Procédé selon la revendication 5, dans lequel ledit
modele de classification comprend des moyens
pour déterminer un ensemble de mesures de simi-
larité avec des classes prédéfinies.

Procédé selon la revendication 5, dans lequel ladite
regle de décision comprend un moyen pour attri-
buer une appartenance a une classe sur la base
d'un ensemble de mesures calculées par un moteur
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de décision.

Procédé selon la revendication 1, dans lequel les
caractéristiques individuelles sont divisées en deux
catégories, lesdites catégories comprenant :

des caractéristiques abstraites desquelles les-
dites caractéristiques sont extraites en utilisant
divers procédés de calcul ; et

des caractéristiques simples qui découlent
d'une compréhension a priori d'un systeme,

dans lequel ladite caractéristique est directement
liée a un paramétre ou a un composant d'un instru-
ment.

Procédé selon la revendication 9, dans lequel les-
dites caractéristiques abstraites sont calculées en
utilisant I'un de :

report des composants primaires principaux les
uns contre les autres et identification des grou-
pes résultants ;

analyse discriminante ; et

classification par des moyens k.

Procédé selon la revendication 5, dans lequel ladite
étape de classification comprend en outre une éta-
pe d'emploi de procédés par facteurs pour construi-
re un modéle capable de représenter la variation
dans un spectre mesuré selon les variations de la
réponse spectrale ;

dans lequel la projection d'un spectre d'absorbance
mesuré sur ledit modéle constitue une caractéristi-
que qui représente une variation spectrale liée a la
variation d'instrument.

Procédé selon la revendication 5, dans lequel ladite
étape de classification comprend en outre les éta-
pes consistant a :

mesurer la similarité d'une caractéristique a
des groupes prédéfinis ; et
attribuer une appartenance a un groupe.

Procédé selon la revendication 5, comprenant en
outre une étape consistant a :

attribuer des mesures dans un ensemble de
données exploratoires a des groupes.

Procédé selon la revendication 13, comprenant en
outre une étape consistant a :

utiliser des mesures et des attributions de clas-
se pour déterminer une carte des caractéristi-
ques aux attributions de groupe.
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Procédé selon la revendication 13, comprenant en
outre des étapes consistant a:

définir des groupes a partir desdites caractéris-
tiques de maniére supervisée, dans lesquels
chaque ensemble de caractéristiques est divi-
sé en deux régions ou plus, et dans lesquels
les classes sont définies par des combinaisons
de divisions de caractéristiques ;

concevoir un classificateur aprés la définition
de classe via une reconnaissance de modéle
supervisée en déterminant une cartographie ou
une transformation optimale de I'espace de la
caractéristique en une estimation de classe qui
minimise le nombre de d'erreurs de
classifications ; et

créer un modeéle basé sur les définitions de
classe qui transforme un ensemble de caracté-
ristiques mesurées en une classification esti-
mée.

Procédé selon la revendication 1, comprenant en
outre I'étape consistant a appliquer au moins un
desdits modeéles d'étalonnage a I'analyse des me-
sures d'un nouvel échantillon.

Procédé selon la revendication 16, dans lequel les-
dits modéles d'étalonnage modélisent des différen-
ces entre lesdits groupes prédéfinis.

Procédé selon la revendication 16, dans lequel un
modele d'étalonnage maitre est développé pour un
premier desdits groupes a partir d'un ensemble de
spectres exemplaires avec des valeurs de référen-
ce et des définitions de classification pré-attribuées.

Procédé selon la revendication 18, comprenant en
outre I'étape consistant a transférer ledit modele
d'étalonnage maitre a une pluralité de modéles
d'étalonnage esclaves, dans lesquels un modéle
d'étalonnage esclave est calculé pour chaque grou-
pe restant, et dans lesquels une transformée modi-
fie ledit modéle d'étalonnage maitre en un modéle
d'étalonnage esclave selon les principales caracté-
ristiques définissant chacune desdites classes.

Procédé selon la revendication 19, dans lequel la-
dite étape de transfert comprend les étapes consis-
tanta:

transférer ledit modéle d'étalonnage maitre a
un premier modeéle d'étalonnage esclave ;
transférer ledit modéle d'étalonnage esclave a
un deuxieme modele d'étalonnage esclave ;
et répéter ledit transfert d'un modéle d'étalon-
nage esclave a un autre modele d'étalonnage
esclave, jusqu'a ce qu'un étalonnage ait été
fourni pour chacun desdits groupes prédéfinis ;
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dans lequel une transformée modifie lesdits modé-
les d'étalonnage transférés selon les principales ca-
ractéristiques définissant chacun desdits groupes.

Procédé selon la revendication 18, comprenant en
outre I'étape consistant a transférer ledit modele
d'étalonnage maitre a une pluralité de modéles
d'étalonnage esclaves, dans lequel un modele
d'étalonnage esclave est calculé pour chaque grou-
pe restant, et dans lequel une transformée modifie
ledit modele d'étalonnage esclave en ledit modéle
d'étalonnage maitre selon les principales caracté-
ristiques définissant chacune desdites classes.

Procédé selon la revendication 21, dans lequel la-
dite étape de transfert comprend les étapes consis-
tanta:

transférer ledit modéle d'étalonnage maitre a
un premier modéle d'étalonnage esclave ;
transférer ledit premier modéle d'étalonnage
esclave a un deuxieme modéle d'étalonnage
esclave ;

et répéter ledit transfert d'un modéle d'étalon-
nage esclave a un autre modele d'étalonnage
esclave, jusqu'a ce qu'un étalonnage ait été
fourni pour chacun desdits groupes prédéfinis ;

dans lequel une transformée modifie lesdits modé-
les d'étalonnage transférés selon les principales ca-
ractéristiques définissant chacun desdits groupes.

Procédé selon la revendication 16, dans lequel un
modele d'étalonnage différent est développé pour
chaque classe, et dans lequel lesdits modeles
d'étalonnage sont développés a partir d'un ensem-
ble de spectres exemplaires, avec des valeurs de
référence et des définitions de groupes pré-attri-
buées.

Procédé selon la revendication 23, dans lequel un
spectre est attribué a I'un des nombreux groupes
prédéfinis pour lesquels un modéle d'étalonnage a
été développé.

Procédé selon la revendication 1, comprenant en
outre les étapes consistant a :

fournir de nouvelles mesures spectrales ;
comparer lesdites nouvelles mesures spectra-
les a chacun desdits groupes prédéfinis selon
les caractéristiques spectrales extraites ;
reporter ces mesures comme observations
aberrantes pour lesquels un groupe correspon-
dant ne peut étre trouvé.
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