STINTE AGRICOLE

MULTIVARIATE SPECTROSCOPY
ANALYSIS FOR CLASSIFICATION
AND IDENTIFICATION OF MOLDAVIAN
MATURED WINE DISTILLATES

Doctor of Physics and Mathematical Sciences Michail KHODASEVICH'

Doctor of Technical Sciences Elena SCORBANOV?

Scientific researcher Elena CAMBUR!

Academician, professor Boris GAINA?

' ”B. I. Stepanov” Institute of Physics, National Academy of Sciences of Belarus

? Practical Scientific Institute of Horticulture and Food Technology, Republic of Moldova
* Academy of Science of Moldova

CLASIFICAREA Sl IDENTIFICAREA DISTILATELOR DE VIN MOLDOVENESC INVECHITE PRIN SPECTROSCOPIE

MULTIVARIATA

Rezumat. A fost demonstrata una dintre modalitatile posibile de rezolvare a problemei autenticitatii distilatelor
de vin invechite. Utilizarea spectrelor de transmisie, precum si a dependentei unghiulare a spectrelor de imprastiere, in
calitate de informatie spectrala de referinta a destilatelor de vin, va imbunatati semnificativ calitatea clasificarii si va per-
mite cresterea corelatiei dintre valorile parametrilor chimici si componentele principale. Se propune utilizarea metodei
PCA (analiza componentelor principale), a arborilor de clasificare si a PLS (proiectia asupra structurilor latente) pentru
determinarea eficientei acestora in procesul de clasificare si de identificare a distilatelor de vin.

Cuvinte-cheie: distilate de vin, invechire, compozitie chimicd, spectre de transmisie, analiza componentelor princi-
pale, arbori de clasificare, proiectie asupra structurilor latente.

Summary. It was demonstrated one of the possible ways for solving the authenticity problem of matured wine
distillates. Using as a reference spectral information about wine distillates of transmission spectra, angular dependence
of scattering spectra will significantly improve the quality of classification and increase the correlation between the val-
ues of chemical parameters and principal components. It is proposed to use the methods of PCA (principal component
analysis), classification trees and PLS (projection on latent structures) to determine their efficiency in the process of clas-
sification and identification of wine distillates.

Keywords: Wine distillates, maturation, chemical composition, transmission spectra, principal component analysis,

classification tree, projection on latent structures.

INTRODUCTION The only conventional optical characteristics of

. . cognacs and brandies are optical densities at wavelen-

Currently an increasing number of consumers gths 420 nm and 520nm [1]. However there are diffe-
care abgut their health ?m'd war%t .to buy 1.r1ature.11 and  ont substances with similar optical properties in wine
authentic .fOOd‘ Authenticity (or1g1n;ahty) isaninhe-  gietifjates. It impedes to infer about the quality and fea-
rent constlt}lent part (_)f a food q.uaht}.f. It defines by a o6 of considered objects on the base of spectral mea-
set of physical, chemical and biological parameters, ¢ ements at a little number of assigned wavelengths.
whose absolute quantitative values andchange inter- . 4. paper we apply the multivariate spectroscopy
valsare validated by the natural properties of raw ma- analysis to solving the problems of classification and

terials andan acceptable 'technolog1ca.1 mf.luen'ce atthe 4entification of Moldavian matured wine distillates.
ready food manufacturing. Authentication is rather

critical in manufacturing and quality control of cog- MATERIALS AND METHODS
nacs and brandies produced from matured wine dis-
tillates. The main factors preventing falsification and We have created an array of data on the physical and

manufacturing the low-quality product are the control ~ chemical composition of wine distillates” samples of di-

of distillates’ age and geographical origin and an iden- ~ flerent ages produced in Moldova by various manufac-
tification of the manufacturer. turers. The volatile components were determined by gas-
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liquid chromatography on the chromatograph GC HP
4890D with FID-detector, the decomposition products
of lignin (aromatic aldehydes and acids) were determi-
nedon the liquid chromatograph Shimadzu LC-20A.

The typical example of distillates’ transmissi-
on spectra is presented in figure 1. It is registered by
double-beam spectrophotometer Shimadzu PC 3101.
Spectral resolution is 0.5 nm in the range from 190
to 480 nm and 1 nm in the range from 480 to 2600
nm. 1 mm optical path cuvette is used for spectral ran-
ges from 190 to 480 nm and from 1100 to 2600 nm.
10 mm optical path cuvette is used for spectral range
from 480 to 1100 nm. Spectra have been smoothed by
9-point cubic polynomial Savitzky-Golay filter after
registration [2].
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Figure 1. Typical spectrum of matured wine distillate.
Spectral region of “cognac maximum” is shown
in the inset.

In the seventies of the twentieth century the ap-
pearance of high-performance computers led to the
possibility of effective multivariate data processing.
Traditional analytical methods demand the great time
expenses, high-priced equipment and consumed ma-
terials. It was found that they can be replaced by cheap
formal and indirect methods operating the multivari-
ate data. The real breakthrough was done in infrared
spectroscopy, particular in the near infrared region.
Formerly this region was of little use because of the in-
trinsic high noise. It is caused by intense water absor-
ption and scattering in reflection spectra. The earliest
applications of multivariate data processing methods
were devoted to modeling the spectroscopic data by
principal component analysis (PCA) and projection
on latent structures (PLS).

PCA [3] is designed to transform the original
variables describing the considered set of samples
intonew, uncorrelated variables called the principal
components that are linear combinations of the ori-

ginal variables. The direction of the first principal
component lies along the maximum variance in the
original variables. Each subsequent principal compo-
nent describes smaller variance of original data than
preceding ones. In terms of matrix notation the prin-
cipal components are the eigenvectors of the covari-
ance matrix of the original variables. Depending on
the field of application, it is also named as the discrete
Karhunen-Loeéve transform, the Hotelling transform,
singular value decomposition and so on. In realizati-
on through singular value decomposition the I-by-J
matrix Xof initial data is decomposed to product of
matricesU, S and transposed P:

X =USP'.

Here Iis the number of samples in the set, ] is the
number of original variables, Uis the matrix from ort-
honormal eigenvectors u_of the matrix X multiplied
by the transposed matrix X:

t —
XX'u =Au .

A, are the corresponding eigenvalues. P is the ma-
trix from orthonormal eigenvectors p_of the trans-
posed matrix X multiplied by the matrix X:

XXpr rpr‘

§ is the diagonal matrix with square roots from \_
in descending order. The classical presentation of PCA
is X =TP', where matrix T of scores in PCA is the
product of matrices U and § in singular value decom-
position. This matrix contains the information about
the samples. Matrix P of loadings contains the infor-
mation about the original variables. The main purpose
of PCA is to represent the location of the samples in
a reduced coordinate system where instead of J-axes
(corresponding to J original variables) only Aprincipal
components (A<J, I) can usually be used to describe
the set with maximum possible information:

A4
X=)1tp,+E=TP' +E.
a=1

Here t are the principal components.Matrices T
of scores and P of loadings have dimensions I-by-A
and J-by-A. E is I-by-] matrix of remainders that con-
tains irrelevant information.

PCA has been applied to the spectra of 42 samples
of mature Moldavian wine distillates from 6 different
manufacturers. Each spectrum consists of 2698 spec-
tral data counts. PCA decomposes the multidimensi-
onal spectral counts space to low-dimensional space
of principal components. Total explained variance
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Figure 2. Score plots in PC1-PC2 space. Distillates’ manufacturers are marked by different signs.

of distillates’ transmission spectra is shown to be as
much as 94.5% for 4-dimensional space of principal
components.

The first aim of application of PCA to the studied
spectra was the identification of distillates’ age. PCA
cannot find the apparent dependency of scores on age
of samples considered. But the great value of the total
explained variance allows suggesting the presence of
another factor that is modeled by PCA. Figure 2 pre-
sents the score plot where 6 manufacturers are marked
differently. You can see that our hypothesis is confir-
med. PCA models the belonging to the manufacturer
in the first place.

The classification trees making [4] can be applied
in 3-dimensional space of principal components for
identification of manufacturers. It is one of the kinds of

supervised machine learning. The best results are pre-
sented in figure 3 and are obtained for the algorithm
considering all possible combinations of 3-level predic-
tor. Using 3 principal components this classification tree
can identify 5 manufacturers from 6 ones considered.

As you could see earlier PCA cannot identify the
distillates’ age. We use PLS for this purpose. PLS [5] is
the bilinear statistical method in contrast to the linear
PCA. It projects predictors (spectra in our case) and
a response (sample age) into a new low-dimensional
space of latent structures simultaneously.

21 latent structures give the regression factor of
0.98 on 42 samples of distillates. Results obtained by
PLS are presented in figure 4 and show the unambi-
guous definition of distillates’ age with relative errors
being within 8% limits.

PC3 < 0504488 A PC3 »=-0.504488

PC2<-13.2575 PC2 »=-132575 PC1<-132.251 PC1 »=-132251

P2 < 20,0857 M PC2 »= 20,0857

Figure 3. Identification of distillates’ manufacturers by
classification tree in 3-dimensional space
of principal components.
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Figure 4. Known age of wine distillates versus predicted
age as the result of application of PLS
to transmission spectra.
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CONCLUSIONS

In the result of these studies it was shown the pos-
sibility of using multivariate spectroscopy analysis
for identification and classification of matured wine
distillates. So the application of principal component
analysis, classification trees and projection on latent
structures to broadband transmission spectra allows
defining the manufacturer and age of wine distillates.
One of the possible ways is demonstrated for solving
the authenticity problem of quality cognac and brandy
manufacture.

These analyses, along with the physical and che-
mical parameters and sensory evaluation of the pro-
duct, can improve the accuracy of the results of the
expert opinion in arbitration disputes.
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