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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 correlat@C), 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. 97 American Institute of Physics.
[S0021-960607)01944-7

I. INTRODUCTION mixtures of chemical species, one of which is the species
of interest. A number of approaches are possible to deter-
mine which features in the spectra of the mixtures corre-
spond to the species of interest. One straightforward
method is to obtain spectra of several mixtures, each of
which contains the species of interest in a different frac-
tional abundance. Peaks in the spectra that belong to the
species of interest will have intensities which vary with its
fractional abundance; the relative intensity of a peak in
the various spectra can be used to assign it to a chemical

Spectra contain an enormous quantity of information.
The task of extracting this information is made difficult by
extrinsic (resolution, signal-to-noise, spectral covernaged
intrinsic (unknown or overlapping patternfactors. We pro-
pose here a pattern recognition-based rather than model-
based method for recovering information from spectra.

One traditional approach to understanding the informa-
tion encoded in spectroscopic data has been first to assign
approximate quantum numbers to the upper and lower en- ! ] e .
ergy levels involved in each observed transition and then to SPECies. This process of assigning spectral features to dis-
relate the positions and intensities of the assigned transitions {iNct chemical species represents a type of pattern recog-
to a quantum-mechanical effective Hamiltonian model that Nition: The spectrum of one chemical species represents a
allows insight into the system being studied. In complex or Pattérn which is searched for in several spectra.
congested spectra, however, the process of assignment may2- Dispersed fluorescence spectra of acetyldhes now
be difficult, tedious, or either impossible or ill advised. In well established that the vibrational structure of the acety-
such situations, it would be desirable to identify diagnosti- leneX state is characterized by a polyad strucfiireThat
cally important, buta priori unknown, patterns that are ob-  is, the eigenstates of th¥ state can be described to a
scured by the complexity of the nascent spectroscopic data. good approximation by an effective Hamiltonian which is
For this purpose, we have developed two closely related pat- block diagonal. Each of the blocks in the effective Hamil-
tern recognition techniques, which we refer to as extended tonian is called a polyad and can be labeled by a set of
auto correlation (XAC) and extended cross correlation three approximately conserved quantum numbers which
(XCCOC). are called polyad numbers. Dispersed fluorescence spectra

The XAC method has been described in detail have been recorded from several different vibrational lev-
previously! its purpose is to locate multi-element patterns els of theA state of acetylene, and it can be demonstrated
that are repeated in an unspecified way within a single spec- that each of these spectra can be described in terms of the
trum. The XCC, which is the focus of this paper, is designed illumination of exacﬂy one br|ght state per Symmetry-
to recognize patterns that are repeated in multiple spectra. To accessible polyad, and that each of the vibrational inter-
provide a concrete understanding of the type of pattern rec- mediate states illuminates the same set of bright states.
ognition for which the XCC is useful, we provide three ex-  ynder these conditions, each polyad that is experimen-
amples of spectroscopic data in which patterns can be iden- ta|ly observable has an identical appearance in each of the
tified in multiple spectra: dispersed fluorescence spectra. That is, each of the eigen-

1. Spectra of an unknown mixture of chemical species. states that belong to the same polyad display the same
Certain chemical speciés.g., transient molecules, single  pattern of spacings and relative intensities in each dis-
isotopomers are difficult to isolate. If such a species is  persed fluorescence spectrum. Thus, polyads can be iden-
desired to be characterized spectroscopically, then fre- tified in the dispersed fluorescence spectra by a pattern
quently one must be content with obtaining spectra of recognition process that is quite similar to that described
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in Example 127 The individual polyads, illuminated by a Patterns

given set of bright states, represent patterns that can be

extracted from dispersed fluorescence spectra obtained B N

from multiple A state vibrational intermediates. 2 N
3. Atmospheric emission simulation experiments with car- i

bon monoxideTime-resolved infrared emission spectra of &

CO, following excitation with a pulsed electron beam, % A

have been recorded by Lipse al. at the Phillips Labo- e

ratory LABCEDE facility® These spectra consist of over- [

lapping progressions of vibrational fundamentalu( £

=1) emission bands ranging from’' =1 up to at least -

v’'=12. Most of these bands can be analyzed by least-

squares fitting with vibrational basis sets, which yields 0 500 1000 1500 2000
kinetic data of atmospheric importance, but the (a) Spectral Position

=1—0 emission is highly self-absorbédue to the abun-
dance of ground-state GQOand cannot be modeled accu-
rately. An alternative approach to analyzing this emission
band is to consider it a pattern that is repeated in each of 2
the various time-resolved spectra with a different ampli-
tude. The isolation of this band pattern permits a determi-
nation of the time dependence of the=1—0 emission.

Synthetic Spectra

Each of these types of spectroscopic data sets is an ex-
ample of what we mean by “identifying patterns that are
repeated in multiple spectra” Example 1 will be considered
in detail in this paper. The application of the XCC to Ex-
amples 2 and 3° will be addressed in future publications.

This paper introduces the extended cross correlation, o 500 1000 1500 2000
emphasizing simple, concrete examples. Section Il describes (b) Spectral Position
the motivation for the XCC, and illustrates its use for iden-
t|fy|ng patterns that are repeated in two Synthetic Spectrd?lG. 1. Synthetic spectra used for illustration of the XCC technique. Linear

Section Il illustrates the use of the XCC with real experi- Sombinations of two pattems plus noise generate two spe@rahows
patterns A and B, which contain features with Gaussian line shapes of half

mental data, namely, spectra of mixtures of deuterated anyjigth at half maximum(HWHM) of 30. (b) shows the synthetic spectra 1
monia isotopomers. This data set is used to illustrate how thend 2 constructed by taking two different linear combinations of the pat-

XCC can be used to isolate spectra of individual specieg&ms. and adding in Gaussian random noise.
within spectra of mixtures of species, as described in Ex-
ample 1 above. We conclude in Sec. IV with comments on

the strengths of the XCC technique. thetic spectra that are generated by taking two different lin-

This paper is the first in a two-part series. The compangar superpositions of the patterns in Figa)L That is,
ion paper that follows illustrates the power and generality of

the XCC technique, with an emphasis on a careful delinea- l1=aila+bylg, 1)
tion of the ap_plicability_ of the_ techr_ﬂqu_e. Expression_s are  |—a,l,+b,lg,

presented which permit the identification of an arbitrary i ) )

number of patterns in an arbitrary number of spectra, and th# Which we adopt the convention of using numbers to label
example of mixtures of deuterated ammonia isotopomersSPectra, and letters to label patterns. The coefficiapisa,,
which is introduced in this paper, is given a more thoroughbb and b, describe the intensities of the patterns in each

0.99, 1.1, 3.0, and 1.0, respectively. In addition, to make the

spectra resemble real, experimental data sets, Gaussian ran-
dom noise is superimposed upon each of the synthetic data
sets.

We introduce the extended cross correlation function We define in Fig2 a recursion map for the two synthetic
(XCC) by applying it to a synthetic data set that illustratesspectra. This recursion map is the central conceptual under-
one of the simplest applications of the XCC: The partitioningpinning of the XCC. The recursion map in this case is two
of spectra of mixtures of chemical species into separate spedimensional, with the coordinates representing the intensity
tra of each species. In this application, the patterns to bgalues in the two spectra. That is, the spectra are represented
identified are the spectra of the individual species. on the recursion map by plotting each spectral element of the

In Fig. 1(a) we define two patternghe spectra of two entire data set as a point; the coordinates of the point are the
individual chemical specigsin Fig. 1(b) we depict two syn- intensities in the two spectra of the given resolution element.

Intensity (arbitrary units)

II. AN INTRODUCTION TO THE EXTENDED CROSS-
CORRELATION TECHNIQUE
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Recursion Map

l1~bylg,

()

|2%b2IB.

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

The task of the XCC is to provide a numerically rigorous
and optimal method for this process of identifying the pat-
terns in the spectra. Following Eq&) and (3) above, we
consider each pattern to be defined by sets of resolution el-
ements in which the ratio of intensities in the two spectra is
nearly constant. This ratio of intensities we refer to as the
ratio direction, and each pattern contained in the spectra can
be uniquely labeled by a ratio direction. The simplest nu-
FIG. 2. Recursion map of the spectra in Figb)l The axes of the recursion merical definition of the ra_tlo direction ,for a given pattern Is
map represent intensity values in each of the two spectra. The inset sho#§€ slope of the ray of points that define the pattern. In the
the (R,d) coordinates that are used in defining the XCC merit function. case of the synthetic data, we know the ratio directians
Ratio directions pptir_nize_d from the_ merit _function are shown as c_iashecbriori, and we can express them in terms of the coefficients
lines, and the ratio directions used in creating the spectra as solid lines. a,, a,, by, andb, defined in Eq(1). Specifically, pattern A

has a ratio direction o&,/a; (1.11) and patten B a ratio
direction ofb,/b; (0.33.
No information about spectral positions appears on the recur- In experimental data, however, the ratio directions are
sion map. The points on the recursion map can be categdot knowna priori and it is the task of the XCC to determine
rized as follows: an unbiased estimate of the ratio direction for each pattern.
At first glance, conventional least-squares fitting algorithms

1. Points near the originThese points correspond to low miaht appear to be aporopriate. since finding an unbiased
intensities in both spectra. Although these points may g bp pprop ' 9

have some signal content, this signal content is too weaESt'mate of a ratio direction is equivalent to finding the slope

i . e e of a best-fit line that is constrained to pass through the origin.
relative to the noise to be useful in identifying patterns. : o N
However, linear least-squares fitting is a global optimization

The scatter of these points about the origin is due to th? : . . :
. : : fechnique in the sense that it determines one set of model
Gaussian random noise that is added to the synthetic

parameters which best describes all of the data. By contrast,
spectra. : ; : !
. . " we desire, for the synthetic data, unbiased estimates of two
2. Points that cluster about “rays” that pass throughthe . "% . : " .
ratio directions. Linear least-squares fitting with the recur-

origin. The points that scatter about these rays have >'%ion map data results in a best-fit line with a slope of 0.91, in

nal content that can be associated with one of the tw%etween the two correct ratio directions. Obviously, since

patterns. That is, these points correspond to reSOIUt'OF?ast squares provides a single bestfit line, the “best-fit

elements in the spectra that lie on spectral features whic . . . . T

. slope” does not provide a good estimate for either ratio di-

are not overlapped. The scatter of the points about th?ection
rays is due to noise. The most distant points from the ' . . e

From a different perspective, least-squares fitting is un-

gnglc?ir:tes ptrr?;te:rtotshsebsettr\;)/r;gecre]stafr?;tu:;;tl)rll athﬁitlje:?.ra sdesirable for the purpose of obtaining estimates of the ratio
. ; b y gn, ray directions because of its well-known sensitivity to outliers.

These points are gengrated where pattern; overlap, lWeast-squares fitting uses the chi-squared statistic as the
the spectral elements in the overlapped region.

figure-of-merit function; since chi-squared is defined as the
For the goal of identifying patterns from the synthetic sum of squares of deviations from the model, outliers
spectra, the points in category two are of the greatest interestrongly influence the best-fit parameters. Thus, when at-
The presence of two rays of points in the recursion magempting to estimate the ratio direction for pattern A in the
clearly indicates that two patterns are present in the data sedynthetic data, for instance, all of the points which are deter-
The upper of these rays comprises points that are wellmined primarily by pattern B would be outliers in the least-

Intensity in Spectrum 2

Intensity in Spectrum 1

described by squares fit, andice versa
Least-squares fitting has become firmly entrenched in
l1~ayla, @) spectroscopic practice. As a result, alternative merit func-
tions often are not considered. However, other classes of
lo~asla, merit functions, which minimize the effects of outliers but

still provide an unbiased estimator of the desired parameters,
while the lower ray comprises points well-described by have been used in optimization on entire data sets. Fitting
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techniques that are based on merit functions that are influ-
enced by outliers to a lesser degree than chi-squared are of- A
ten referred to as robust fitting techniques; one common ro-
bust technique uses as a merit function the sum of the
absolute deviations from the modelA special class of ro-
bust estimators is referred to as redescending robust
estimated? These merit functions consist of point-by-point
sums of weight functions which have small magnitudes for
outliers and larger magnitudes for points that are well de-
scribed by the model, which is the opposite of the chi- : : i ; : : . '
squared merit function used in least-squares fitting. A re- o 10 20 30 40 50 60 70 80 90
descending robust estimator is desirable for the task of Ratio Direction (degrees)

identifying the two model ratio directions in the recursion

map precisely because extraction of more than one mod&fC- 3. XCC merit functiorEq. (4)] computed for the data set of Figs. 1
h . . and 2 for ratio directions making angles between 0° and 90° with the axis
estimate is desired.

X . . for intensity in spectrum 1. Locating ratio directions in the recursion map of
The XCC is based on a redescending robust estimateig. 2 is equivalent to finding peaks in the XCC merit function.

which we labelG, which in the case of two data records
takes the form

XCC Merit Function (G)
o]

G(a)=2 gi(a)=2 R;* exp(—diZ/ZVd). (4 theory, be substituted foR; other options have been dis-
' ' cussed previouslyHowever, we have found that simply us-
Since the “fit line” is constrained to pass through the origin, Ing R in thg w.elghF fungtmn provides accqrate estlmates of
: S . . pattern ratio directions in tests on synthetic data with many
the merit function is taken to be a function of just one pa-',. - .
. T .~ different characteristics. In addition, as we demonstrate be-
rameter,«, which represents the ratio direction. In practice, : . ) ) .
o may represent either the slope of the fit line, or equiva-low’ the inclusion ofR in the weight function guarantees that
L lotting the weight functions for the points with the ratio

lently, the angle between the fit line and one of the axes. Thg. . ) " .
y g irection held at one of the optimum positions replicates, to a

sum over represents a sum over all resolution eleméalis L ) : .
points on the recursion mapWe refer to theg; as weight good approximation, the pattern associated with that ratio
! direction.

functions; thus, the merit function takes the form of a sum o . . .
Note thatR, as we have defined it, can have both posi-

weight functions which are computed for each point on thet_ d ¥ | Th | ints which f
recursion map. ive and negative values. The only points which generate

The weight function in Eq(4) consists of a product of ”ega“Ye Vall.JeS OR. are those which fgll into category one
two terms. We discuss the second term first, which takes th(eb,ase“ne noise pointsand have negative values assouate_d
form of a Gaussian function af, which represents the dis- with one of the spectra. It can be shown that for any ratio
tance of any point in the recursion map from the fit line direction, one-half of all baseline points will have positive
Thus, points which are more distant from the fit line arevalues ofR and one-half will have negative values B

weighted less than those near the fit line. This gives the mertt/Nlich results in a suppression of the effects of baseline noise
function the property that it can estimate ratio directions forPINts on the merit function. , _

more than one patterfi.e., this second term in the weight _ Fi9ure 3 shows the XCC merit function as a function of
function makes the merit function a redescending robust ed@tio direction for the simulated spectra, using the known
timate. V4 represents the expected variance of a point on th¥ariance of the addedon0|se. TW? maxima are observed in the
recursion map along thetdirection. If the noise amplitude in  Merit function at 18.8° and 47.8°, and are marked as dashed

the two spectra is identical and independent of intensity, thel{n€S 0N Fig. 2. They differ 2”'3’ Sl'ghﬂ){) from the ratios used
Vq= 02, whereay is the baseline noise amplitude associated© construct the spectid8.4° and 48.05 which are marked
with the spectra. By incorporatingy into the weight func-  as solid lines in the figure. o

tion, not only are points that are irrelevant to the fit automati- ~ With the number of patterns and the ratio directions
cally excluded, but the weights of each point are also deteridentified, it is now possible to assign spectral features to
mined in a statistically optimal manner, based on knowledgé’attems- Several approaches to this task are feasible. Among

of the noise in the spectra, thus providing an accurate fit. these are the following two:

The first term in the weight functiorR, is simply the 1. XCC weights methodn this method, the value of the
projection of the point on the recursion map onto the fit line  weight function at one of the pattern ratio directions is
(see the inset in Fig.)2The justification for the form of this plotted for each spectral element. Since the weight func-

term is less rigorous than that for the second, Gaussian term, tions are largest for those points which are well de-
and rests on the assumption that the resolution elements in scribed by intensity derived from only one pattern, it is
the spectra with the strongest intensities are the least likely to  straightforward to identify which features in the spectra
be corrupted by overlap with other patterns, or by noise or are assignable unambiguously to one pattern. These
other experimental artifacts. Some function Rfcould, in weights are approximately linear in the intensity within a
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single pattern and suppress contributions from other pat:
terns. Smoothing the weights reduces noise-inducec
fluctuations in the weights. g 8
2. Inversion methodNote that Eq.(1) is invertible; the > L M
patterns can be determined from the spectral intensities £ o
if the coefficientsa;, a,, b;, andb, are known. Having g
used the XCC to estimate the pattern ratio directions, £
these coefficients can be assigned. Although it may ap- 3 A
pear that we are attempting to use two pattern ratio di- i
rections to determine four coefficients, two of the coef- &
ficients, such as; and b, can be assigned arbitrary
values; this is equivalent to introducing arbitrary scaling T J y
0 500 1000 1500 2000

factors for the patterng, andl,,. (@) Spectral Position

The results from technique 1 are shown in Fige)4The
weights evaluated at the maxima in Fig. 3 clearly identify
features in the original spectra as belonging to one or the B
other of the patterns. An overlapped feature is correctly sepa
rated into two components. Figuréb} shows the weights
smoothed by convolution with a Gaussian line shape with a
width equal to one-half of the width used in constructing the
data set, resulting in “reconstructed patterns” which re-
semble quite closely the original patterns used to construc
the synthetic data.

The results of linear inversion are shown in Figc)4
Note that the signal-to-noise in the reconstructed patterns : : :
using the linear inversion technigue is lower than in the syn- 0 500 1000 1500 2000
thetic spectra. This “noise amplification” effect is genericto  (b) Spectral Position
the linear inversion technique, and can be understood by
consideration of two extreme cases: B

XCC Weights (smoothed)

1. If the ratio directions for the patterns are identical,
then the patterns are indistinguishalfie essence, the
signal-to-noise of the patterns after linear inversion is
zero, and the noise amplification effect is infinite

2. If the ratio directions for the patterns are 0° and 90°,
then the patterns are already separated in the spectra, ar
no linear inversion is necessary. The signal-to-noise of
the patterns is identical to that of the spedttze noise
amplification effect is zeno

Intensity (arbitrary units)

Thus, it is clear that this noise amplification effect will in- 0 500 1000 1500 2000

crease when the ratio directions for the two patterns are .
closer together, and decrease for ratio directions that are fur
t.her.separated. A mathemat!cal treatment of the noise amplirg. 4. Reconstruction of the patterns from the spectral datahows the
fication effect can be found in paper Il of this series. results of the “weights method”, antb) depicts the data ifia) after con-
Note, however, that the linear inversion method recon-olution with a Gaussian to reduce the noise and replicate approximately the

structs the line shapes, line positions, and intensities of thi'® Shapes in the spectra in Fig. (t) displays the results of the linear
! ! Inversion method. Linear inversion results in a wo&®& ratio than the

original patterns to a mU.Ch better ?pprOXimation than th‘5<'/\1eights methoda), but provides a better line shape for overlapped features.
weights method, even with smoothing. Thus, because thehe vertical bars irb) and(c) represent the positions and intensities of the

ratio directions are determined by the least overlapped pafgatures in the patterns used to create the synthetic spectra.
of strong features, linear inversion allows determination of

the line shape and correct intensity of features which are

completely obscured by overlap.

Spectral Position

pure isotopomers from the infrared spetiraf mixtures
containing N3, ND,H, NDH,, and NH,. Because H and D
exchange rapidly in these mixtures, it is not possible to ob-
tain spectra of the pure species directly. Separation and
To illustrate the application of the XCC to real experi- analysis of these spectra would make a considerable contri-
mental data, we use the technique to extract the spectra bition to the understanding of the potential-energy surface of

IIl. APPLICATION TO SPECTRA OF NH 3/NDs
MIXTURES

J. Chem. Phys., Vol. 107, No. 20, 22 November 1997
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highly deuterated sample
z
S o
> £
g 3
5 =
s 2
~ | partially deuterated sample g
2 3
2 e
c >
B =)
2
T T T 1
2596.0 25096.2 2596.4 2596.6 2596.8 2597.0
em’'
FIG. 5. Two infrared spectra of mixtures of deuterated ammonia isoto- (@) partially deuterated sample
pomers. The upper spectrum is of a sample of;NDa sample cell pre-
treated with DO, so that N3 is expected to be the most abundant species.
The lower spectrum is of a mixture of Nand NH; in a 1:2 ratio in a cell o NDH.
pretreated with BO and HO in the same ratio. = ND4 2
s
3
<
=
ammonia, shedding light on the normal mode-local mode £ ND,H
transition, stretch—bend interactions, and other vibrational &£
couplings®* 3
. . . - <
Spectra of ammonia mixed isotopes are difficult to ob- : : : : . . : :
tain with known isotopic ratios because of the strong absorp- o f0 20 30 40 50 60 70 80 90
tion of ammonia and water on most cell surfaces. To obtain  (b) ratio direction (degrees)

highly deuterated spectra usually requires preconditioning
cell surfaces with NRand/or DO to displace exchangeable FIG. 6. Determination of the ratio direction corresponding to each contrib-

; ; ; uting isotopomer(a) displays the recursion map for the data in Fig(i§.is
hydmgen(H)' In Fig. 5 we dISplay a small section of two the XCC merit function plotted as a function of the ratio directiangle

SpeCtra obtained by He.m‘_"mdezv Lehmanq, and Lafféat between the “fit line” and thex axis). Each ratio direction can be assigned
mixtures of the ammonia isotopomers, which were prepareéb a specific isotopic species using knowledge of how the samples were

in two distinct fashions. The upper spectrum was obtained byrepared.
introducing ND; into a cell that was preconditioned with
D,O. In the absence of contamination, this sample should
contain only the NDR isotopomer; however, low levels of In the previous section we demonstrated how the XCC
contamination by H often prove difficult to avoid. The lower technique could be used to identify patterns that were re-
spectrum was obtained with a sample that consisted of peated in two different spectra. In the present example, the
mixture of ND; and NH; in a ratio of 1:2. The cell in this patterns correspond to the spectra of the three isotopomers
case was preconditioned with a mixture ofand HO in  that absorb in this energy region. Figuréa6depicts the
the same ratio. This latter mixture is expected to contain altecursion map for the spectra in Fig. 5. Three rays of points
four ammonia isotopomers, the relative abundances of whichre clearly observed, indicating three patterns, one corre-
can be estimated by the binomial formula. sponding to each contributing isotopomer. Since we expect
The full spectra made available to us by HernandeZND; to contribute more strongly to the more highly deuter-
et al!® contain several thousand features and cover the entirated sample, and NDHo contribute more strongly to the
ND and NH stretch fundamental regions. For ease of presedess deuterated sample, we can immediately assign each of
tation, we have chosen a one chsection between 2596 and the patterns to one of the isotopoméitsis evident that the
2597 cm* for analysis here. This region contains absorptionsample of “pure NRQ” must have been contaminated to
due to the N-D stretch chromophore, and has not been anaeme extent by FO or NH; due to the presence of NH,
lyzed in the literature, although Professor Martin Quackand NDH, in this samplgé The noise characteristics of the
(ETH) has informed us that some work has been ddne. data can be estimated by inspecting the recursion map.
Because the N—H stretch does not contribute in this region, The XCC can be used to determine the ratio directions
we expect to find patterns due to NDND,H, and NDH,, that correspond to each of the isotopomers, as shown in Fig.
only. Even in this small section of spectrum, and with only6(b). The weights, as a function of energy for each of the
three of the four species contributing, the number of lines ighree maxima in the XCC, are plotted in Fig. 7, after convo-
large. Without a technique for labeling the lines according tdution with a Gaussian to replicate approximately the line
which species produced them, it would be difficult to applyshapes and linewidths observed in the spectra. This plot can
traditional assignment techniques like combination differ-be used in a simple fashion to identify which peaks in the
ences. spectra belong to which isotopomer. Virtually all of the
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one pattern overlap. Unfortunately, the inversion technique is
not directly applicable to the analysis that we have just per-
formed because we wish to recover three patterns from two
spectra(the inversion is underdeterminedn fact, Hernan-
ND,H A dez et al. did record a third spectrum of mixed ammonia
isotopomers with a deuterium fraction intermediate between

the two presented in Fig. 5. Thus, it can be envisioned that a

NDH,

Intensity (arbitrary units)

ND, linear inversion from three spectra to three patterns would be

possible if the XCC could be defined for three spectra. In

M fact, the XCC can be generalized in a straightforward fashion

= . — . . for any number of spectra, but this generalization requires
2596.0 2696.2 2596.4 2596.8 2596.8 2597.0

“ the introduction of somewhat more elaborate notation and
em will be the focus of the second paper in the series.

FIG. 7. Results of the XCC weights method for identifying the patterns

present in the spectroscopic data. Each trace corresponds to one of the

pattern ratio directions determined as a local maximum in the merit functiodV. DISCUSSION

in Fig. 6(b). This plot permits assignments of most of the lines in Fig. 5 to

one of the isotopic species. In this paper we have introduced a powerful pattern rec-

ognition technique, entitled extended cross -correlation

(XCC), that permits the identification of patterns that are
strong lines, as well as a few of the weaker lines, in therepeated in multiple spectra. The XCC can be applied in a
spectra can be assigned in this fashion. As we noted in theodel-free way, meaning that the form and number of pat-
previous section, the weight functions will not necessarilyterns to be identified can be completely unknown at the out-
accurately represent the intensities of the pattémsthis  set. The XCC permits the identification of multiple patterns
case, the intensities in the spectra of the individual isotowithin a set of spectra, including the possibility of identify-
pomers. For example, two NBdoublets are observed in the ing larger numbers of patterns than the number of spectra.
spectra with a splitting of-0.04 cm* and nearly equal in- Finally, the XCC takes into account knowledge about noise
tensities for each member of the doublet. The splitting of then the spectroscopic data in a natural fashion.
doublets is convincingly replicated in the weight functions  The XCC is similar in spirit to several other pattern rec-
for the ND; pattern, but the intensities are no longer equal.ognition techniques that have been reported, particularly
Because the discrepancy in intensities observed in thehose that are based on principal component analiP#y),
weights is fairly small, this effect can be accounted for bysuch as classification analy$isnd iterative target transfor-
random statistical behavior. mation factor analysi$ITTFA).1"*8 Another pattern recog-

In other cases, discrepancies in the intensities observettion technique with similar applications that has recently
in the weights may contain diagnostic information. For in-been brought to our attention is “covariance mappint}.”
stance, the first two moderately intense peaks just belowhese techniques start from the same fundamental assump-
2596.8 cm*® are both assigned by the XCC weights methodtion as the XCC: That a set of spectra can be considered to
to be ND,H peaks. The “intensities” of these two peaks in be linear superpositions of patterns. Another similarity is that
the weights for the NBH pattern, however, do not match the each of these techniques can, in principle, be used to deter-
ratio of intensities observed in the spectra. In this case, theine the number of patterns that are contained in a data set
discrepancy is rather large, and is unlikely to be accountewvithout any a priori knowledge. However, in the case of
for by statistical fluctuations. It is possible that the secondPCA-based techniques, the “patterns” that are obtained di-
peak(the nearest one to 2596.8 ch actually does not be- rectly from principal component analysis generally do not
long to ND,H, but actually arises from some impurity in the have any physical meaning, although techniques have been
sample, such as HOD, which might happen to have a similareported that permit the transformation of the abstract prin-
but not identical, ratio direction. Another possibility is that cipal components into physically meaningful patteth®In
the peak does arise from NB, but that the intensities in the addition, the successful use of both the PCA-based tech-
spectra are “corrupted” by overlap with a small peak from niques and the covariance mapping technique generally re-
another species, or by some experimental artifact. Thesguires large numbers of spectral inputs. In this respect, XCC
various possibilities cannot be evaluated with the data availprovides an attractive alternative to these other statistical pat-
able; in any case, the assignment of this peak should b&rn recognition technigues. In cases in which spectra do not
viewed with suspicion. Thus, the XCC method identifiesconsist primarily of well-resolved features, however, PCA-
which features are securely apportioned between patterrssed techniques may hold an advantage; the range of appli-
and which features remain problematic. cability of the XCC technique and its relationship with PCA-

The second technique that we described in the previoubased techniques are described in greater detail in paper Il of
section for partitioning the spectra into patterns was entitledhis series.

“linear inversion.” The strength of the linear inversion tech- The examples of the application of the XCC technique
nique is its ability to determine accurate intensities and linethat we have presented are simple ones, and it would be
shapes for the patterns, even when features from more thgwossible to identify by eye the patterns that are present in
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