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Recent improvements in spectrum excitation, recording, and processing capabilities have led to
enormous enhancement in the quality and quantity of spectroscopic data sets. We describe here a
pattern recognition technique, extended cross correlation~XCC!, that is well suited to take
advantage of large, high quality data sets. In particular, spectra are used to decode each other
without any knowledge of or assumptions about the patterns that are sought. This paper describes
the motivation for and construction of the XCC, and illustrates one of its simplest applications: To
identify, in spectra of mixtures of chemical species, which peaks correspond to which chemical
species. This application of the XCC is illustrated with both synthetic data and experimental data on
mixtures of ammonia isotopic species. ©1997 American Institute of Physics.
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I. INTRODUCTION

Spectra contain an enormous quantity of informatio
The task of extracting this information is made difficult b
extrinsic ~resolution, signal-to-noise, spectral coverage! and
intrinsic ~unknown or overlapping patterns! factors. We pro-
pose here a pattern recognition-based rather than mo
based method for recovering information from spectra.

One traditional approach to understanding the inform
tion encoded in spectroscopic data has been first to as
approximate quantum numbers to the upper and lower
ergy levels involved in each observed transition and then
relate the positions and intensities of the assigned transit
to a quantum-mechanical effective Hamiltonian model t
allows insight into the system being studied. In complex
congested spectra, however, the process of assignment
be difficult, tedious, or either impossible or ill advised.
such situations, it would be desirable to identify diagnos
cally important, buta priori unknown, patterns that are ob
scured by the complexity of the nascent spectroscopic d
For this purpose, we have developed two closely related
tern recognition techniques, which we refer to as exten
auto correlation ~XAC! and extended cross correlatio
~XCC!.

The XAC method has been described in det
previously;1 its purpose is to locate multi-element patter
that are repeated in an unspecified way within a single sp
trum. The XCC, which is the focus of this paper, is design
to recognize patterns that are repeated in multiple spectra
provide a concrete understanding of the type of pattern
ognition for which the XCC is useful, we provide three e
amples of spectroscopic data in which patterns can be id
tified in multiple spectra:

1. Spectra of an unknown mixture of chemical spec
Certain chemical species~e.g., transient molecules, sing
isotopomers! are difficult to isolate. If such a species
desired to be characterized spectroscopically, then
quently one must be content with obtaining spectra
J. Chem. Phys. 107 (20), 22 November 1997 0021-9606/97/107(20
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mixtures of chemical species, one of which is the spec
of interest. A number of approaches are possible to de
mine which features in the spectra of the mixtures cor
spond to the species of interest. One straightforw
method is to obtain spectra of several mixtures, each
which contains the species of interest in a different fra
tional abundance. Peaks in the spectra that belong to
species of interest will have intensities which vary with
fractional abundance; the relative intensity of a peak
the various spectra can be used to assign it to a chem
species. This process of assigning spectral features to
tinct chemical species represents a type of pattern rec
nition: The spectrum of one chemical species represen
pattern which is searched for in several spectra.
2. Dispersed fluorescence spectra of acetylene.It is now
well established that the vibrational structure of the ace
leneX̃ state is characterized by a polyad structure.2–5 That
is, the eigenstates of theX̃ state can be described to
good approximation by an effective Hamiltonian which
block diagonal. Each of the blocks in the effective Ham
tonian is called a polyad and can be labeled by a se
three approximately conserved quantum numbers wh
are called polyad numbers. Dispersed fluorescence spe
have been recorded from several different vibrational l
els of theÃ state of acetylene, and it can be demonstra
that each of these spectra can be described in terms o
illumination of exactly one bright state per symmetr
accessible polyad, and that each of the vibrational in
mediate states illuminates the same set of bright sta
Under these conditions, each polyad that is experim
tally observable has an identical appearance in each o
dispersed fluorescence spectra. That is, each of the ei
states that belong to the same polyad display the s
pattern of spacings and relative intensities in each d
persed fluorescence spectrum. Thus, polyads can be i
tified in the dispersed fluorescence spectra by a pat
recognition process that is quite similar to that describ
8349)/8349/8/$10.00 © 1997 American Institute of Physics
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8350 Jacobson, Coy, and Field: Extended cross-correlation
in Example 1.6,7 The individual polyads, illuminated by a
given set of bright states, represent patterns that can
extracted from dispersed fluorescence spectra obta
from multiple Ã state vibrational intermediates.
3. Atmospheric emission simulation experiments with c
bon monoxide.Time-resolved infrared emission spectra
CO, following excitation with a pulsed electron beam
have been recorded by Lipsonet al. at the Phillips Labo-
ratory LABCEDE facility.8 These spectra consist of ove
lapping progressions of vibrational fundamental (Dv
51) emission bands ranging fromv851 up to at least
v8512. Most of these bands can be analyzed by le
squares fitting with vibrational basis sets, which yiel
kinetic data of atmospheric importance, but thev
51→0 emission is highly self-absorbed~due to the abun-
dance of ground-state CO!, and cannot be modeled acc
rately. An alternative approach to analyzing this emiss
band is to consider it a pattern that is repeated in eac
the various time-resolved spectra with a different amp
tude. The isolation of this band pattern permits a deter
nation of the time dependence of thev51→0 emission.

Each of these types of spectroscopic data sets is an
ample of what we mean by ‘‘identifying patterns that a
repeated in multiple spectra’’ Example 1 will be consider
in detail in this paper. The application of the XCC to E
amples 29 and 310 will be addressed in future publications

This paper introduces the extended cross correlat
emphasizing simple, concrete examples. Section II descr
the motivation for the XCC, and illustrates its use for ide
tifying patterns that are repeated in two synthetic spec
Section III illustrates the use of the XCC with real expe
mental data, namely, spectra of mixtures of deuterated
monia isotopomers. This data set is used to illustrate how
XCC can be used to isolate spectra of individual spec
within spectra of mixtures of species, as described in
ample 1 above. We conclude in Sec. IV with comments
the strengths of the XCC technique.

This paper is the first in a two-part series. The comp
ion paper that follows illustrates the power and generality
the XCC technique, with an emphasis on a careful delin
tion of the applicability of the technique. Expressions a
presented which permit the identification of an arbitra
number of patterns in an arbitrary number of spectra, and
example of mixtures of deuterated ammonia isotopom
which is introduced in this paper, is given a more thorou
treatment with an expanded arsenal of techniques.

II. AN INTRODUCTION TO THE EXTENDED CROSS-
CORRELATION TECHNIQUE

We introduce the extended cross correlation funct
~XCC! by applying it to a synthetic data set that illustrat
one of the simplest applications of the XCC: The partitioni
of spectra of mixtures of chemical species into separate s
tra of each species. In this application, the patterns to
identified are the spectra of the individual species.

In Fig. 1~a! we define two patterns~the spectra of two
individual chemical species!. In Fig. 1~b! we depict two syn-
J. Chem. Phys., Vol. 107, N
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thetic spectra that are generated by taking two different
ear superpositions of the patterns in Fig. 1~a!. That is,

I 15a1I A1b1I B ,
~1!

I 25a2I A1b2I B ,

in which we adopt the convention of using numbers to la
spectra, and letters to label patterns. The coefficientsa1 , a2 ,
b1 , and b2 describe the intensities of the patterns in ea
spectrum, and in this particular example take the values
0.99, 1.1, 3.0, and 1.0, respectively. In addition, to make
spectra resemble real, experimental data sets, Gaussian
dom noise is superimposed upon each of the synthetic
sets.

We define in Fig. 2 a recursion map for the two synthet
spectra. This recursion map is the central conceptual un
pinning of the XCC. The recursion map in this case is tw
dimensional, with the coordinates representing the inten
values in the two spectra. That is, the spectra are represe
on the recursion map by plotting each spectral element of
entire data set as a point; the coordinates of the point are
intensities in the two spectra of the given resolution eleme

FIG. 1. Synthetic spectra used for illustration of the XCC technique. Lin
combinations of two patterns plus noise generate two spectra.~a! shows
patterns A and B, which contain features with Gaussian line shapes of
width at half maximum~HWHM! of 30. ~b! shows the synthetic spectra
and 2 constructed by taking two different linear combinations of the p
terns, and adding in Gaussian random noise.
o. 20, 22 November 1997
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8351Jacobson, Coy, and Field: Extended cross-correlation
No information about spectral positions appears on the re
sion map. The points on the recursion map can be cate
rized as follows:

1. Points near the origin.These points correspond to lo
intensities in both spectra. Although these points m
have some signal content, this signal content is too w
relative to the noise to be useful in identifying pattern
The scatter of these points about the origin is due to
Gaussian random noise that is added to the synth
spectra.
2. Points that cluster about ‘‘rays’’ that pass through th
origin. The points that scatter about these rays have
nal content that can be associated with one of the
patterns. That is, these points correspond to resolu
elements in the spectra that lie on spectral features w
are not overlapped. The scatter of the points about
rays is due to noise. The most distant points from
origin represent the strongest features in a pattern.
3. Points that cross between, and possibly through, ra
These points are generated where patterns overlap
the spectral elements in the overlapped region.

For the goal of identifying patterns from the synthe
spectra, the points in category two are of the greatest inte
The presence of two rays of points in the recursion m
clearly indicates that two patterns are present in the data
The upper of these rays comprises points that are w
described by

I 1'a1I A ,
~2!

I 2'a2I A ,

while the lower ray comprises points well-described by

FIG. 2. Recursion map of the spectra in Fig. 1~b!. The axes of the recursion
map represent intensity values in each of the two spectra. The inset s
the (R,d) coordinates that are used in defining the XCC merit functi
Ratio directions optimized from the merit function are shown as das
lines, and the ratio directions used in creating the spectra as solid line
J. Chem. Phys., Vol. 107, N
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I 1'b1I B ,
~3!

I 2'b2I B .

Prior to defining a numerically rigorous technique for ide
tifying the patterns, it is clear that one could crudely ident
which features in the spectra correspond to which patte
simply by partitioning the points into those that scatter ab
one or the other of the two rays.

The task of the XCC is to provide a numerically rigoro
and optimal method for this process of identifying the p
terns in the spectra. Following Eqs.~2! and ~3! above, we
consider each pattern to be defined by sets of resolution
ements in which the ratio of intensities in the two spectra
nearly constant. This ratio of intensities we refer to as
ratio direction, and each pattern contained in the spectra
be uniquely labeled by a ratio direction. The simplest n
merical definition of the ratio direction for a given pattern
the slope of the ray of points that define the pattern. In
case of the synthetic data, we know the ratio directiona
priori , and we can express them in terms of the coefficie
a1 , a2 , b1 , andb2 defined in Eq.~1!. Specifically, pattern A
has a ratio direction ofa2 /a1 ~1.11! and pattern B a ratio
direction ofb2 /b1 ~0.33!.

In experimental data, however, the ratio directions
not knowna priori and it is the task of the XCC to determin
an unbiased estimate of the ratio direction for each patt
At first glance, conventional least-squares fitting algorith
might appear to be appropriate, since finding an unbia
estimate of a ratio direction is equivalent to finding the slo
of a best-fit line that is constrained to pass through the orig
However, linear least-squares fitting is a global optimizat
technique in the sense that it determines one set of m
parameters which best describes all of the data. By cont
we desire, for the synthetic data, unbiased estimates of
ratio directions. Linear least-squares fitting with the rec
sion map data results in a best-fit line with a slope of 0.91
between the two correct ratio directions. Obviously, sin
least squares provides a single best-fit line, the ‘‘bes
slope’’ does not provide a good estimate for either ratio
rection.

From a different perspective, least-squares fitting is
desirable for the purpose of obtaining estimates of the r
directions because of its well-known sensitivity to outlie
Least-squares fitting uses the chi-squared statistic as
figure-of-merit function; since chi-squared is defined as
sum of squares of deviations from the model, outlie
strongly influence the best-fit parameters. Thus, when
tempting to estimate the ratio direction for pattern A in t
synthetic data, for instance, all of the points which are de
mined primarily by pattern B would be outliers in the leas
squares fit, andvice versa.

Least-squares fitting has become firmly entrenched
spectroscopic practice. As a result, alternative merit fu
tions often are not considered. However, other classes
merit functions, which minimize the effects of outliers b
still provide an unbiased estimator of the desired paramet
have been used in optimization on entire data sets. Fit

ws
.
d

o. 20, 22 November 1997
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8352 Jacobson, Coy, and Field: Extended cross-correlation
techniques that are based on merit functions that are in
enced by outliers to a lesser degree than chi-squared ar
ten referred to as robust fitting techniques; one common
bust technique uses as a merit function the sum of
absolute deviations from the model.11 A special class of ro-
bust estimators is referred to as redescending ro
estimates.12 These merit functions consist of point-by-poi
sums of weight functions which have small magnitudes
outliers and larger magnitudes for points that are well
scribed by the model, which is the opposite of the c
squared merit function used in least-squares fitting. A
descending robust estimator is desirable for the task
identifying the two model ratio directions in the recursio
map precisely because extraction of more than one m
estimate is desired.

The XCC is based on a redescending robust estim
which we labelG, which in the case of two data record
takes the form

G~a!5(
i

gi~a!5(
i

Ri* exp~2di
2/2Vd!. ~4!

Since the ‘‘fit line’’ is constrained to pass through the orig
the merit function is taken to be a function of just one p
rameter,a, which represents the ratio direction. In practic
a may represent either the slope of the fit line, or, equi
lently, the angle between the fit line and one of the axes.
sum overi represents a sum over all resolution elements~all
points on the recursion map!. We refer to thegi as weight
functions; thus, the merit function takes the form of a sum
weight functions which are computed for each point on
recursion map.

The weight function in Eq.~4! consists of a product o
two terms. We discuss the second term first, which takes
form of a Gaussian function ofd, which represents the dis
tance of any point in the recursion map from the fit lin
Thus, points which are more distant from the fit line a
weighted less than those near the fit line. This gives the m
function the property that it can estimate ratio directions
more than one pattern~i.e., this second term in the weigh
function makes the merit function a redescending robust
timate!. Vd represents the expected variance of a point on
recursion map along thed direction. If the noise amplitude in
the two spectra is identical and independent of intensity, t
Vd5s0

2, wheres0 is the baseline noise amplitude associa
with the spectra. By incorporatingVd into the weight func-
tion, not only are points that are irrelevant to the fit automa
cally excluded, but the weights of each point are also de
mined in a statistically optimal manner, based on knowled
of the noise in the spectra, thus providing an accurate fit

The first term in the weight function,R, is simply the
projection of the point on the recursion map onto the fit li
~see the inset in Fig. 2!. The justification for the form of this
term is less rigorous than that for the second, Gaussian t
and rests on the assumption that the resolution elemen
the spectra with the strongest intensities are the least like
be corrupted by overlap with other patterns, or by noise
other experimental artifacts. Some function ofR could, in
J. Chem. Phys., Vol. 107, N
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theory, be substituted forR; other options have been dis
cussed previously.1 However, we have found that simply us
ing R in the weight function provides accurate estimates
pattern ratio directions in tests on synthetic data with ma
different characteristics. In addition, as we demonstrate
low, the inclusion ofR in the weight function guarantees th
plotting the weight functions for the points with the rat
direction held at one of the optimum positions replicates, t
good approximation, the pattern associated with that ra
direction.

Note thatR, as we have defined it, can have both po
tive and negative values. The only points which gener
negative values ofR are those which fall into category on
~baseline noise points! and have negative values associat
with one of the spectra. It can be shown that for any ra
direction, one-half of all baseline points will have positiv
values ofR and one-half will have negative values ofR,
which results in a suppression of the effects of baseline n
points on the merit function.

Figure 3 shows the XCC merit function as a function
ratio direction for the simulated spectra, using the kno
variance of the added noise. Two maxima are observed in
merit function at 18.8° and 47.8°, and are marked as das
lines on Fig. 2. They differ only slightly from the ratios use
to construct the spectra~18.4° and 48.0°!, which are marked
as solid lines in the figure.

With the number of patterns and the ratio directio
identified, it is now possible to assign spectral features
patterns. Several approaches to this task are feasible. Am
these are the following two:

1. XCC weights method.In this method, the value of the
weight function at one of the pattern ratio directions
plotted for each spectral element. Since the weight fu
tions are largest for those points which are well d
scribed by intensity derived from only one pattern, it
straightforward to identify which features in the spec
are assignable unambiguously to one pattern. Th
weights are approximately linear in the intensity within

FIG. 3. XCC merit function@Eq. ~4!# computed for the data set of Figs.
and 2 for ratio directions making angles between 0° and 90° with the
for intensity in spectrum 1. Locating ratio directions in the recursion map
Fig. 2 is equivalent to finding peaks in the XCC merit function.
o. 20, 22 November 1997
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8353Jacobson, Coy, and Field: Extended cross-correlation
single pattern and suppress contributions from other
terns. Smoothing the weights reduces noise-indu
fluctuations in the weights.
2. Inversion method.Note that Eq.~1! is invertible; the
patterns can be determined from the spectral intens
if the coefficientsa1 , a2 , b1 , andb2 are known. Having
used the XCC to estimate the pattern ratio directio
these coefficients can be assigned. Although it may
pear that we are attempting to use two pattern ratio
rections to determine four coefficients, two of the co
ficients, such asa1 and b1 , can be assigned arbitrar
values; this is equivalent to introducing arbitrary scali
factors for the patterns,I a and I b .

The results from technique 1 are shown in Fig. 4~a!. The
weights evaluated at the maxima in Fig. 3 clearly ident
features in the original spectra as belonging to one or
other of the patterns. An overlapped feature is correctly se
rated into two components. Figure 4~b! shows the weights
smoothed by convolution with a Gaussian line shape wit
width equal to one-half of the width used in constructing t
data set, resulting in ‘‘reconstructed patterns’’ which r
semble quite closely the original patterns used to const
the synthetic data.

The results of linear inversion are shown in Fig. 4~c!.
Note that the signal-to-noise in the reconstructed patte
using the linear inversion technique is lower than in the s
thetic spectra. This ‘‘noise amplification’’ effect is generic
the linear inversion technique, and can be understood
consideration of two extreme cases:

1. If the ratio directions for the patterns are identic
then the patterns are indistinguishable~in essence, the
signal-to-noise of the patterns after linear inversion
zero, and the noise amplification effect is infinite!.
2. If the ratio directions for the patterns are 0° and 9
then the patterns are already separated in the spectra
no linear inversion is necessary. The signal-to-noise
the patterns is identical to that of the spectra~the noise
amplification effect is zero!.

Thus, it is clear that this noise amplification effect will in
crease when the ratio directions for the two patterns
closer together, and decrease for ratio directions that are
ther separated. A mathematical treatment of the noise am
fication effect can be found in paper II of this series.

Note, however, that the linear inversion method rec
structs the line shapes, line positions, and intensities of
original patterns to a much better approximation than
weights method, even with smoothing. Thus, because
ratio directions are determined by the least overlapped
of strong features, linear inversion allows determination
the line shape and correct intensity of features which
completely obscured by overlap.

III. APPLICATION TO SPECTRA OF NH 3 /ND3
MIXTURES

To illustrate the application of the XCC to real expe
mental data, we use the technique to extract the spectr
J. Chem. Phys., Vol. 107, N
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pure isotopomers from the infrared spectra13 of mixtures
containing ND3, ND2H, NDH2, and NH3. Because H and D
exchange rapidly in these mixtures, it is not possible to
tain spectra of the pure species directly. Separation
analysis of these spectra would make a considerable co
bution to the understanding of the potential-energy surfac

FIG. 4. Reconstruction of the patterns from the spectral data.~a! shows the
results of the ‘‘weights method’’, and~b! depicts the data in~a! after con-
volution with a Gaussian to reduce the noise and replicate approximatel
line shapes in the spectra in Fig. 1.~c! displays the results of the linea
inversion method. Linear inversion results in a worseS/N ratio than the
weights method~a!, but provides a better line shape for overlapped featur
The vertical bars in~b! and~c! represent the positions and intensities of t
features in the patterns used to create the synthetic spectra.
o. 20, 22 November 1997
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8354 Jacobson, Coy, and Field: Extended cross-correlation
ammonia, shedding light on the normal mode-local mo
transition, stretch–bend interactions, and other vibratio
couplings.14

Spectra of ammonia mixed isotopes are difficult to o
tain with known isotopic ratios because of the strong abso
tion of ammonia and water on most cell surfaces. To obt
highly deuterated spectra usually requires precondition
cell surfaces with ND3 and/or D2O to displace exchangeab
hydrogen~H!. In Fig. 5 we display a small section of tw
spectra obtained by Hernandez, Lehmann, and Lafferty13 of
mixtures of the ammonia isotopomers, which were prepa
in two distinct fashions. The upper spectrum was obtained
introducing ND3 into a cell that was preconditioned wit
D2O. In the absence of contamination, this sample sho
contain only the ND3 isotopomer; however, low levels o
contamination by H often prove difficult to avoid. The low
spectrum was obtained with a sample that consisted o
mixture of ND3 and NH3 in a ratio of 1:2. The cell in this
case was preconditioned with a mixture of D2O and H2O in
the same ratio. This latter mixture is expected to contain
four ammonia isotopomers, the relative abundances of wh
can be estimated by the binomial formula.

The full spectra made available to us by Hernand
et al.13 contain several thousand features and cover the e
ND and NH stretch fundamental regions. For ease of pres
tation, we have chosen a one cm21 section between 2596 an
2597 cm21 for analysis here. This region contains absorpt
due to the N–D stretch chromophore, and has not been
lyzed in the literature, although Professor Martin Qua
~ETH! has informed us that some work has been don15

Because the N–H stretch does not contribute in this reg
we expect to find patterns due to ND3, ND2H, and NDH2,
only. Even in this small section of spectrum, and with on
three of the four species contributing, the number of line
large. Without a technique for labeling the lines according
which species produced them, it would be difficult to app
traditional assignment techniques like combination diff
ences.

FIG. 5. Two infrared spectra of mixtures of deuterated ammonia is
pomers. The upper spectrum is of a sample of ND3 in a sample cell pre-
treated with D2O, so that ND3 is expected to be the most abundant spec
The lower spectrum is of a mixture of ND3 and NH3 in a 1:2 ratio in a cell
pretreated with D2O and H2O in the same ratio.
J. Chem. Phys., Vol. 107, N
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In the previous section we demonstrated how the X
technique could be used to identify patterns that were
peated in two different spectra. In the present example,
patterns correspond to the spectra of the three isotopom
that absorb in this energy region. Figure 6~a! depicts the
recursion map for the spectra in Fig. 5. Three rays of po
are clearly observed, indicating three patterns, one co
sponding to each contributing isotopomer. Since we exp
ND3 to contribute more strongly to the more highly deute
ated sample, and NDH2 to contribute more strongly to the
less deuterated sample, we can immediately assign eac
the patterns to one of the isotopomers~it is evident that the
sample of ‘‘pure ND3’’ must have been contaminated t
some extent by H2O or NH3 due to the presence of ND2H,
and NDH2 in this sample!. The noise characteristics of th
data can be estimated by inspecting the recursion map.

The XCC can be used to determine the ratio directio
that correspond to each of the isotopomers, as shown in
6~b!. The weights, as a function of energy for each of t
three maxima in the XCC, are plotted in Fig. 7, after conv
lution with a Gaussian to replicate approximately the li
shapes and linewidths observed in the spectra. This plot
be used in a simple fashion to identify which peaks in t
spectra belong to which isotopomer. Virtually all of th

-

.

FIG. 6. Determination of the ratio direction corresponding to each cont
uting isotopomer.~a! displays the recursion map for the data in Fig. 5.~b! is
the XCC merit function plotted as a function of the ratio direction~angle
between the ‘‘fit line’’ and thex axis!. Each ratio direction can be assigne
to a specific isotopic species using knowledge of how the samples w
prepared.
o. 20, 22 November 1997
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8355Jacobson, Coy, and Field: Extended cross-correlation
strong lines, as well as a few of the weaker lines, in
spectra can be assigned in this fashion. As we noted in
previous section, the weight functions will not necessa
accurately represent the intensities of the patterns~in this
case, the intensities in the spectra of the individual iso
pomers!. For example, two ND3 doublets are observed in th
spectra with a splitting of;0.04 cm21 and nearly equal in-
tensities for each member of the doublet. The splitting of
doublets is convincingly replicated in the weight functio
for the ND3 pattern, but the intensities are no longer equ
Because the discrepancy in intensities observed in
weights is fairly small, this effect can be accounted for
random statistical behavior.

In other cases, discrepancies in the intensities obse
in the weights may contain diagnostic information. For
stance, the first two moderately intense peaks just be
2596.8 cm21 are both assigned by the XCC weights meth
to be ND2H peaks. The ‘‘intensities’’ of these two peaks
the weights for the ND2H pattern, however, do not match th
ratio of intensities observed in the spectra. In this case,
discrepancy is rather large, and is unlikely to be accoun
for by statistical fluctuations. It is possible that the seco
peak~the nearest one to 2596.8 cm21! actually does not be
long to ND2H, but actually arises from some impurity in th
sample, such as HOD, which might happen to have a sim
but not identical, ratio direction. Another possibility is th
the peak does arise from ND2H, but that the intensities in the
spectra are ‘‘corrupted’’ by overlap with a small peak fro
another species, or by some experimental artifact. Th
various possibilities cannot be evaluated with the data av
able; in any case, the assignment of this peak should
viewed with suspicion. Thus, the XCC method identifi
which features are securely apportioned between patt
and which features remain problematic.

The second technique that we described in the prev
section for partitioning the spectra into patterns was enti
‘‘linear inversion.’’ The strength of the linear inversion tec
nique is its ability to determine accurate intensities and li
shapes for the patterns, even when features from more

FIG. 7. Results of the XCC weights method for identifying the patte
present in the spectroscopic data. Each trace corresponds to one o
pattern ratio directions determined as a local maximum in the merit func
in Fig. 6~b!. This plot permits assignments of most of the lines in Fig. 5
one of the isotopic species.
J. Chem. Phys., Vol. 107, N
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one pattern overlap. Unfortunately, the inversion techniqu
not directly applicable to the analysis that we have just p
formed because we wish to recover three patterns from
spectra~the inversion is underdetermined!. In fact, Hernan-
dez et al. did record a third spectrum of mixed ammon
isotopomers with a deuterium fraction intermediate betwe
the two presented in Fig. 5. Thus, it can be envisioned th
linear inversion from three spectra to three patterns would
possible if the XCC could be defined for three spectra.
fact, the XCC can be generalized in a straightforward fash
for any number of spectra, but this generalization requi
the introduction of somewhat more elaborate notation a
will be the focus of the second paper in the series.

IV. DISCUSSION

In this paper we have introduced a powerful pattern r
ognition technique, entitled extended cross correlat
~XCC!, that permits the identification of patterns that a
repeated in multiple spectra. The XCC can be applied i
model-free way, meaning that the form and number of p
terns to be identified can be completely unknown at the o
set. The XCC permits the identification of multiple patter
within a set of spectra, including the possibility of identify
ing larger numbers of patterns than the number of spec
Finally, the XCC takes into account knowledge about no
in the spectroscopic data in a natural fashion.

The XCC is similar in spirit to several other pattern re
ognition techniques that have been reported, particula
those that are based on principal component analysis~PCA!,
such as classification analysis16 and iterative target transfor
mation factor analysis~ITTFA!.17,18 Another pattern recog-
nition technique with similar applications that has recen
been brought to our attention is ‘‘covariance mapping.’’19

These techniques start from the same fundamental assu
tion as the XCC: That a set of spectra can be considere
be linear superpositions of patterns. Another similarity is t
each of these techniques can, in principle, be used to de
mine the number of patterns that are contained in a data
without any a priori knowledge. However, in the case o
PCA-based techniques, the ‘‘patterns’’ that are obtained
rectly from principal component analysis generally do n
have any physical meaning, although techniques have b
reported that permit the transformation of the abstract p
cipal components into physically meaningful patterns.17,18 In
addition, the successful use of both the PCA-based te
niques and the covariance mapping technique generally
quires large numbers of spectral inputs. In this respect, X
provides an attractive alternative to these other statistical
tern recognition techniques. In cases in which spectra do
consist primarily of well-resolved features, however, PC
based techniques may hold an advantage; the range of a
cability of the XCC technique and its relationship with PCA
based techniques are described in greater detail in paper
this series.

The examples of the application of the XCC techniq
that we have presented are simple ones, and it would
possible to identify by eye the patterns that are presen
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8356 Jacobson, Coy, and Field: Extended cross-correlation
both the synthetic data in Sec. II and the deuterated amm
isotopomer data in Sec. III. However, the ammonia spe
that were presented in Sec. III represent only a small frac
of the total available spectra. The spectra extend over h
dreds of cm21, and the numerical pattern recognition tec
niques that we have presented can easily be automate
provide isotopomer assignments for most of the lines in
entire data set. In addition to avoiding tedious analysis
large data sets, a numerical pattern recognition techni
such as the XCC, can also be particularly useful for ana
ing complex data sets, which consist of many spectra an
contain a high density of overlapping peaks. The use of
XCC to identify patterns in an arbitrary number of spec
will be described in paper II of this series.
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