15" IMACS World Congress on Scienti ¢ Computation, Modelling and Applied Mathematics
Volume 1, pp. 87{92
A. Sydow (Ed.), Wissenschaft & Technik Verlag Berlin, 1997

Wavelet Methodsin Chemometrics:
Quantitative Spectrometric Multicomponent Analysis

U. Depczynski, K. Jetter, J. Stockler
Universitat Hohenheim, Institut fur Angewandte Mathematik und Statistik
D-70593 Stuttgart, Germany
e-mail: kjetter@uni-hohenheim.de

and

K. Molt, A. Niemoller
Gerhard-Mercator-Universitat Duisburg, FB 6, Instrumentelle Analytik
D-47048 Duisburg, Germany
e-mail: molt@lims.uni-duisburg.de

Keywords. wavelets, NIR-spectrometry, pretreatment, multicomponent analysis, genetic algorithm

ABSTRACT

The application of di erent types of wavelet transformsin spectrometric multicomponent analysisis
explored. From the complete set of wavelet coe cients a subset is selected in a two-step procedure.
Thecriterion of selectionisan optimal calibrationmodel. Theresultsobtained are comparabl eto factor
anaytical methods (like PCR and PLS) which today are used predominantly inthe eld of chemomet-
rics. One advantage of waveletsisthe fact, that in contrast to factor analysis no data preprocessing is
necessary.

INTRODUCTION

The wavelet transform of spectral data can be a useful technique in applied spectroscopy. Recently,
such methods were devised for the compression and denoising of spectra[1,2]. The wavelet packet
transform of Near Infrared data was used for pattern recognition [3]. In our present work, we use
wavelet transforms in connection with the quantitative analysis of chemical mixtures. In example 1
(Figure 1a) we take data from Near Infrared spectra of mixtures of the three xylene-isomeres (o-, m-,
and p-xylene), and create a calibration model for each component. Example 2 (Figure 1b) deals with
synthetic spectrain which two Lorentz pro leswith di erent amplitudes are superimposed. High fre-
guency random noise and various baseline drifts are added. The aim of this study is to develop an
automated and fast calibration procedure without the need of extensive and time consuming pretreat-
ment of the spectra. In thisshort paper we only present the basic principlesof our method. A complete
description isin preparation and will be published elsewhere.

Preprocessing of the Spectral Data

In practical quantitative analysis, a proper pretreatment of the spectral datais necessary. Usudly, the
high frequency noise isaccompanied by low frequency components, e.g. driftsof the baseline. There-
fore, methodsfor dealing with noisefromdi erent sourcesarerequired. For conventional quantitative

methods, like e.g. PCR, thereis no standard procedure for deciding which pretrestment will give the
best results. We propose the use of the wavel et transform as a preprocessor of the data for the follow-
ing reasons. The vanishing moment property of the wavelet can completely eliminate the driftsof the
baseline which are of low polynomial order. Furthermore, the high frequency noise can be reduced by
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Figure 1. Data sets of example 1 and 2: on theleft (a) two exemplary Near Infrared spec-
tra of mixtures of the three xylene isomeres, on the right (b) four exemplary spectra of a
simulated set with two peaks and di erent drifts of the baseline.

thresholding of the wavelet transform, which was used in [2]. Finally, we can employ fast numerical
algorithms with computational complexity O(N log, N) where N isthe length of the spectral data.

Sdlection of theCoe cients

Our procedure automatically generates a linear model which uses selected coe cients of the trans-
formed data. For thispurpose we are given a certain number of sample spectra S;, 1 <: < n. (Weuse
n = 30 in our experiments.) The transformed data S, 1 < ¢ < n, arelists of wavelet coe cients of
the spectra. The property of the spectrafor which the calibration isperformedis expressed by avector
(p;y 1 <4 <mn). Themostdi cult partisthe selection of coe cients. Thisisdonein two steps by a
well-designed optimization technique. The choice of too many coe cients may lead to over tting. To
avoid thisaspecial functional f isdeveloped and used for the optimization in the second step which
includes a genetic algorithm.

THE WAVELET TRANSFORM
The spectral dataarerepresented in absorbance unitsat equally spaced wavenumbers. 1n our examples
we apply three di erent types of wavelet transformsto the non-pretreated data.

Sturm-Liouville Wavelets

These are wavelets on the interval [0, 1] which allow the treatment of non-periodic boundary condi-
tions. They are de ned in terms of the eigenfunctions of a Sturm-Liouville operator

Clf = —% (0~ ') —q-f)

on the weighted Sobolev space H([0, 1]). Their general construction is described in [4,5]. Here we
use the family of wavelets

27+1

2 C2k+1 , ; .
V(7)) = \/Tﬁ | Z cos <z7r2jT> cos(imz), 0<k<2-1,57>1.

1 =27 +1

If we include three scaling functions on the lowest scaling level ; = 1, then the whole family is a
Riesz basisfor the subspace of /*([0, 1]) with boundary conditions f/(0) = f’(1) = 0. (Other sorts of
boundary conditions could beimplemented by di erent families ; ;.) Their Riesz boundsare2/3 and
2. Furthermore, there exist fast decomposition and reconstruction algorithms which are mainly based
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on the DCT-I transform. The computational complexity of thiswavelet transformis O( N log, N) for
each spectrum S;, 1 < i < n, if N = 2” denotesthe number of datain S;.

Periodic Waveetsand Frames

The use of periodic wavelets is still common for nite datasets. Let N = 2 ” as before. In order to
reduce the sidelobe e ects, we add alinear polynomial to the sequence S ; such that the new sequence
vanishes on the boundary. Then we apply the periodic wavel et decomposition algorithm, see e.g. [6].
In our examples we use the symmlet-8 orthonormal wavel et which was proposed for denoising of sig-
nals[7]. Sinceit has 8 vanishing moments, it eliminates polynomial driftsof the baseline up to degree
7 except for regions near the boundary.

Another type of wavelet transform can be obtained, if one uses more shifts of the mother wavelet on
each scaling level. Thisleads to so-called oversampling frames which were introduced by Chui and
Shi [8]. Givena xed oversampling rater > 2, r € IN, welet

Yipp(n) =292 —k/r), ke

Thisfamily de nesaframeof L ,(IR), if ¢ isone of the known orthonormal or biorthogonal wavelets.
Again we choose > to be the symmlet-8 wavelet in our experiments. The transformation of functions
f € Ly(IR) isde ned by the frame analysis

Cikfr =< [y >= / J(x); e () de, ke

For periodic data we use the same periodization technique as above. Fast agorithms for the compu-
tation of these inner products are available, if either r» isodd [9] or r is apower of 2 [10]. The com-
putational complexity has the order O(r V) where N denotes the length of the data. The gain of this
transform over the usual wavelet transform (wherer = 1) depends on the applications. It was shown
in [9] that they perform better for echo cancellation or in more general situations, where trandation
invariance of the transformisimportant. We observed in our applications, that some of the frame coef-
cientsc /., k # 0(mod r), have higher correlation with the property of the spectrathan the wavel et
coe cients. Hencethey are likely to be good candidates for generating linear models for calibration.

CALIBRATION

Let ST, ..., .S, denotethe transformed sample spectra, and p; the value of the property of S; for which
the calibration is needed. We divide them into two subsets, the calibration set A = {S7,...5} } and
the validation set B with the remaining n» — m spectra. The spectrain the validation set are assumed
to be independent from those of the calibration set. The validation of acertain calibration is necessary
as a check with respect to over tting.

Let us rst describe the criteriaused for optimization. The wavelet transformed spectra are treated as
unstructered lists; i.e., no preference of any scaling levels is made beforehand. According to certain
rules, which are explained below, we choose ¢ indices of coe cients (wheret < m). Then the best
least squares t for the vector (p,;; 1 < i < m), which contains the properties of the spectrain A,
is determined. This t only uses the calibration spectrain A. Let usdenoteby p;, 1 < i < n, the
predicted property of S} by thislinear model. I1n the absence of avalidation set B, a suitable measure
for the standard deviation is

m 1/2
SEE = (Z(pi —p)?/(m —t - 1)) .

=1
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It can be observed that pure minimization of SEE has over tting as a Side-e ect. Therefore we com-
pute another quantity from our independent validation spectrain B. Thisis called the standard error
of analysisin[11] and isde ned as

" 1/2
SEA = ( Y (i—p)*/(n - m)) :
i=m+1
The functional f for optimization is aweighted sum of both SEE and SEA. Themost di cult task of
the calibration liesin the selection of asmall number of coe cientsfor thelinear regression model. In
the rst selection step a xed number M of wavelet coe cientsispreselected. Inthe second selection
step a partial minimum of our functiona f is computed by a deterministic procedure. The further
optimization can now be viewed as a nonlinear integer programming problem in M variables which
can takeonly values 0 and 1. A popular class of agorithmsfor nding near best solutions are genetic
algorithms, see [12].

First selection step

Denote by s7,. the k-th coe cient in our lists S . We write r;, for the (absolute) correlation of the
VECOr (87 1y - -5 5mp) With (py, ..., p,). Only the calibration spectrain A are used here. Then the
lists S, 1 < ¢ < n, are sorted by decreasing value of r, and only the rst M coe cients are kept,
where M isa xed parameter which might depend on the application.

Second selection step

After thiswe minimizethe functional f over all subsets of theleading K™ coe cients, where1 < K <
M. This amountsto the solution of M linear models of small size. In our applications we found that
M < 16 gives satisfactory results. This simple and rather abbreviated method, however, was not re-
garded as optimal. Toimprovethe selectivity and to allow for al combinationsof wavelet coe cients
to betaken into account for the optimization we devel oped agenetic algorithm for coe cient selection.

The genetic algorithm (GA) uses chromosomes which are bitstrings of length A in our case. If the
u-th bit (called a gene) is on, then the coe cient at index p is selected for the linear model. The so-
caled tnessfunction of the GA isthefunctional — f, hence ndingachromosomeof maximal tness
solves our minimization problem. The genetic algorithm produces subsequent generations (which are
collections of chromosomes) by certain rules which involve random parameters. As a starting popu-
lation we take randomly generated chromosomes and include the best chromosome which was found
at the end of the deterministic procedure (so-called hybrid GA). Severa operatorsfrom[12] for creat-
ing the child generation are implemented: uniform crossover, mutation and invaders. The procedure
starts with high probability for uniform crossover and low probability for mutation and invaders and
ends with the opposite distribution of probabilities. Our experiments show that this technique often
improves the optimal valuefor f by afactor 1.5 upto 4.

NUMERICAL RESULTS

For our rst examplewe use thethree Near Infrared spectraof the pure isomeres o-xylene, m-xylene,
and p-xylene, measured on a Perkin Elmer 1700X NIR-FTIR-spectrometer using 16 scanswith optical
resolutionof 4cm™", whiledigital resolutionwas set to 2cm~"'. Then 30 sample mixtures S; are gener-
ated by superposition of the three spectra. The reason for our use of synthesized rather than measured
spectra of mixturesliesin the precise control over noise parameters, which we can introduce into the
calibration. In thisexample we add random noise with an amplitude of 0.01 absorbance units (AU) to
each S;. All mixtures contain m-xylene as main component (80{ 93 %) and o- and p-xylene (3{ 10 %)
as minor components. Two examples, the graphs of S5 and 5, are shown in Figure 1a. Visible dif-
ferences only occur in small regions of the spectrum, e.g. near 4100 cm~". We use 20 spectra for the
calibration set A and the remaining 10 spectrafor validation, as described in the previous section.
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Figure 2. Calibration of the component o-xylene: the xz-axis refers to the number M of
preselected coe cients; on the left (a) the optimal values of f, on the right (b) the SEA-
values for the prediction of 10 independent spectra.
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Figure 3. Calibration of the amplitude of the second peak of synthesized spectra from su-
perposition of two Lorentz pro les, with high and low frequency noise added; on the left
(a) the optimal values of f, on the right (b) the SEA-values for the prediction of 10 inde-
pendent spectra.

Figure2ashowstheresultsobtained for the calibration of the component o-xyleneinthemixtures. The
values on the z-axis denote the number M of coe cients preselected in the deterministic procedure.
The optimal value of the functional f, which isfound by the genetic algorithm with at most 40 gener-
ations of maximal size 200, isgiven on the y-axis. CPU-timesfor the calibrationwitha xed M = 16
are around 17 sec on an IBM 3BT Workstation with Power2-processor. The di erent curvesin Fig-
ure 2arepresent the calibration results for the three types of wavelet transforms which are applied to
the datasets S,.

In order to test these calibration models, we produced an independent set of 10 spectra7’;, 1 < ;5 < 10,
by the same principle as above. The SEA-vaues for the component of o-xylene in these mixturesis
shown in Figure 2b. It turns out that the precision of the calibration with SEA-values between 0.002
and 0.003 is satisfactory for all three wavelet types. These results agree well with a calibration by
classical Principal Component Regression (PCR), a common method in chemometrics [13]. The best
calibration model based on PCR using smoothed data gives an SEA-value of 0.002 for the spectra 7';.
We aso should mention that in the calibration step the oversampled frame performs better than the
other wavelet types. This advantage of frames however disappears in the prediction of independent
spectra ;. These observations are also true for the other two components of the mixtures, which are
not shown here.
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Our second exampl e uses synthetic data which consists of two peaks of Lorentz pro le

H2

AW = Ao g —w, e

1600em™ > W > 1344 em ™,

with di erent types of noise added to the spectrum. Here W, denotes the peak position on the wave-
number-axis (W), A, istheamplitudeand H denotesthe half-band width of the pro le. We generated

30 synthetic spectra S; with the same location and half-band widths of the peaks (1W; = 1500 cm™,
H, =70 cm™", and W, = 1460 cm™', H, = 40 cm™'). Thereis alarge variation of the amplitudes
of the peaks from 0.44 to 1.02 (peak at 1500 cm™") and from 0.303 to 0.7 (peak at 1460 cm™~'). High
frequency random noise of amplitude 0.01 is added to each spectrum. Various drifts of the baseline
were used for the di erent spectra, as can be seen in Figure 1b.

Theresults of the calibration for the amplitudes of the second peak are shown in Figure 3a. Asbefore,
the three curvesrefer to the results obtained with the three di erent wavelet types. We used 20 spectra
for calibration and 10 spectrafor validation. The valuesof SEA depend on the number M of preselec-
ted coe cients. The SEA-values for the amplitude of the second peak of an independent set of 10
spectra’7;, 1 < 7 < 10, are shown in Figure 3b. These spectra have the same |ocation and half-band
width as before, but di erent drifts of the baseline and higher noise levels (0.02 for three spectraand
0.3 for one spectrum) were included here. We can draw the same conclusion as for example 1. The
genetic agorithm nds smaller values for f, if the wavelet transform uses the oversampled frames.
The test with independent spectra 7';, however, leads to comparable precision for al three wavelet
transforms.
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