
www.elsevier.com/locate/foodchem

Food Chemistry 106 (2008) 781–786

Food
Chemistry
Analytical, Nutritional and Clinical Methods

Preliminary study on the application of visible–near
infrared spectroscopy and chemometrics to classify

Riesling wines from different countries

L. Liu a,b,1,2, D. Cozzolino b,c,*, W.U. Cynkar b,c,2, R.G. Dambergs b,c,2, L. Janik b,c,2,
B.K. O’Neill a,1, C.B. Colby a,1, M. Gishen b,c,2

a School of Chemical Engineering, Engineering North Building, The University of Adelaide, SA 5005, Australia
b The Australian Wine Research Institute, Waite Road, Urrbrae, P.O. Box 197, Adelaide, SA 5064, Australia

c Cooperative Research Centre for Viticulture, P.O. Box 154, SA 5064, Australia

Received 29 January 2007; received in revised form 20 April 2007; accepted 18 June 2007
Abstract

Visible (VIS) and near infrared (NIR) spectroscopy combined with chemometrics was used in an attempt to classify commercial Ries-
ling wines from different countries (Australia, New Zealand, France and Germany). Commercial Riesling wines (n = 50) were scanned in
the VIS and NIR regions (400–2500 nm) in a monochromator instrument, in transmission mode. Principal component analysis (PCA),
partial least squares discriminant analysis (PLS-DA) and stepwise linear discriminant analysis (SLDA) based on PCA scores were used to
classify Riesling wines according to their country of origin. Full cross validation (leave-one-out) was used as the validation method when
classification models were developed. PLS-DA models correctly classified 97.5%, 80% and 70.5% of the Australian, New Zealand and
European (France and Germany) Riesling wines, respectively. SLDA calibration models correctly classified 86%, 67%, 67% and
87.5% of the Australian, New Zealand, French and German Riesling wines, respectively. These results demonstrated that the VIS
and NIR spectra contain information that when used with chemometrics allow discrimination between wines from different countries.
To further validate the ability of VIS–NIR to classify white wine samples, a larger sample set will be required.
� 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

Riesling is considered to be one of the world’s greatest
white grape varieties and produces some of the best white
wines. It is a native variety of Germany, where it is believed
to have been cultivated for at least 500 years and possibly
as long as 2000 years. As well as in Germany, it has been
planted in California, in the Alsace region of France, in
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Austria, Australia, Canada and New Zealand. The Riesling
grape’s ability to retain its acidity while achieving high
sugar levels is what creates wines with considerable aging
potential. Wines made from Riesling grapes are usually
characterized as of a light to medium body, floral and fru-
ity, and an implicit sweetness (Iland & Gago, 2002).

Wine has become a commodity of significant commercial
value and consumer expectations depend on many factors,
such as grape variety and maturity, geographic origin,
country of origin and vinification techniques (Cordella,
Moussa, Martel, Sbirrazzuoli, & Lizzani-Cuvelier, 2002).
In most wine producing countries in Europe, wine quality
value is associated with both climate and soil characteris-
tics, in particular defined by geographical classification or
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denomination of origin systems (Fischer, Roth, & Christ-
mann, 1999). Today, the determination of food authenticity
and the detection of adulteration are major issues in the
food industry and are attracting an increasing amount of
attention for wine producers, researchers and consumers.
Wine quality is related to an obvious commercial value,
determining that adulteration is possible to be practiced,
which may bring an unfair competition in the wine industry
and harm the rights of consumers (Cordella et al., 2002;
Fischer et al., 1999; Reid, O’Donnell, & Downey, 2006).
Thus, there is significant interest in accurate methods for
wine characterization that could be used to prevent adulte-
ration and to classify wine from different geographical
origins or countries (Cordella et al., 2002; Fischer et al.,
1999; Reid et al., 2006). The differentiation of wines from
different countries has been successfully achieved by mea-
suring chemical compounds present in the wine matrix
(e.g. volatiles, phenolic compounds, minerals) using various
analytical techniques such as high liquid performance
chromatography (HPLC), gas chromatography (GC) and
inductively coupled plasma mass spectrometry (Alvarez,
Aleixandre, Garcia, Casp, & Zenica, 2003; Baxter, Crews,
Dennis, Goodall, & Anderson, 1996; Castiñeira, Feldmann,
Jakubowski, & Andersson, 2004; Cordella et al., 2002; de
Villiers et al., 2005; Fischer et al., 1999; Frias, Conde, Rodri-
guez-Bencomo, Garcia-Montelongo, & Perez-Trujillo, 2003;
Latorre, Garcia-Jares, Medina, & Herrero, 1994; Maarse,
Slump, Tas, & Schaefer, 1987).

The wine industry needs analytical tools to verify the
authenticity of high value products in order to protect their
brands and ideally these tools should allow rapid and inex-
pensive analysis at any point of the distribution chain
(Francis et al., 2005). Near infrared (NIR) spectroscopy
has the potential to meet these requirements. NIR spectros-
copy utilises the spectral range from 750 to 2500 nm and
provides compositional information related to the vibra-
tional behaviour of combinations of bonds compared to
those obtained using mid infrared (MIR) (Reid et al.,
2006). The NIR spectra are composed of absorption bands
due to overtones and combinations of fundamental bond
stretching or bending vibrations occurring in the MIR
region of the electromagnetic spectrum. Molecules contain-
ing hydrogen will have measurable NIR spectra and given
the ubiquitous distribution of hydrogen this means that a
very large number of analytes are amenable to NIR analy-
sis (Davies, 1998). It is well known that simple visual exam-
ination of the NIR spectra cannot discriminate between
authentic and adulterated product (Cozzolino, Smyth, &
Gishen, 2003; Kemsley, 1996; Naes, Isaksson, Fearn, &
Davies, 2002). Therefore, the application of multivariate
data analysis techniques like principal component (PCA)
or discriminant analysis (e.g. partial least squares discrim-
inant analysis, PLS-DA) opens the possibility to unravel
and interpret the spectral properties of the sample and
allow a classification without the use of chemical reference
data. The use of visible (VIS) and NIR spectroscopy in the
Australian wine industry has mainly been restricted to the
measurement of the concentration of total anthocyanins
(colour), total soluble solids and pH in red grapes (Dam-
bergs et al., 2001; Gishen et al., 2002), methanol in spirits
(Dambergs, Kambouris, Francis, & Gishen, 2002) and eth-
anol content in wines (Gishen et al., 2002). Some prelimin-
ary work has demonstrated the ability of VIS–NIR
spectroscopy to predict overall ‘quality grade’ in both red
and fortified wines (Gishen et al., 2000).

The objective of this study was to explore the use of VIS
and NIR spectroscopy, combined with chemometrics, to
classify Riesling wines from four different countries: Aus-
tralia, New Zealand, France and Germany.

2. Materials and methods

2.1. Wine samples and reference analysis

A total of 50 bottles (4 labels � 3 bottle replicates and 19
labels � 2 bottle replicates) of 23 different commercially
available Australian (n = 10), New Zealand (n = 5) and
European (France and Germany) (n = 8) Riesling wines
were collected and analysed in 2006. The wines showed a
diversity of sensory (data not presented) and chemical
characteristics and ranged from 2001 to 2004 vintages.
Vintage 2001 (n = 1) from France, vintage 2002 (n = 1)
from France, vintage 2003 (n = 2) from France, (n = 2)
from New Zealand, (n = 2) from Germany and (n = 1) from
Australia, vintage 2004 (n = 3) from New Zealand, (n = 2)
from Germany and (n = 9) from Australia. Samples were
analysed for alcohol, pH, titratable acidity (TA), glucose
plus fructose (G+F), volatile acidity (VA) and total pheno-
lics (TP) (Table 1) using standard industry methods (Iland,
Ewart, & Sitters, 1993).

2.2. Visible and near infrared measurements

Wine samples taken from freshly opened bottles were
scanned in transmission mode (400–2500 nm) using a scan-
ning monochromator FOSS NIRSystems 6500 (FOSS
NIRSystems, Silver Spring, MD, USA). Spectral data were
collected using Vision software (version 1.0). Samples were
scanned in a rectangular cuvette with a 1 mm path length
and equilibrated at 33 �C for 3 min before scanning. Spec-
tral data were stored as the logarithm of the reciprocal of
transmittance [log (1/T)] at 2 nm intervals. The spectrum
of each sample was obtained in triplicate and the mean
of the three measurements was used for multivariate anal-
ysis and classification. Instrument performance was
checked daily following the diagnostic protocols provided
by the manufacturer.

2.3. Multivariate data analysis

Spectra were exported from the Vision software in
NSAS format into The Unscrambler software (version
9.2, CAMO ASA, Norway) for chemometric analysis. Prin-
cipal component analysis (PCA) was used to reduce the



Table 1
Chemical composition for Riesling wines from different countries

Australia (n = 21) New Zealand (n = 12) Europe (n = 17)

Mean SD Max Min Mean SD Max Min Mean SD Max Min

Alcohol (%) 12.0a 0.54 12.9 11.1 11.5a 1.4 13.2 8.8 11.9a 1.02 13.2 10.1
pH 3.01a 0.13 3.2 2.9 2.95a 0.21 3.25 2.57 3.26b 0.17 3.76 3.07
VA (g/L) 0.44a 0.06 0.59 0.38 0.49a 0.11 0.67 0.40 0.46a 0.13 0.81 0.34
TA (g/L) 7.32b 0.65 8.64 6.14 8.35a 1.43 10.81 7.14 6.97b 0.73 7.96 5.87
G+F (g/L) 1.74b 1.94 5.38 0.01 20.1a 4.45 56.49 17.1 12.4a 12.7 41.4 2.15
TP(A.U.) 8.51a 1.18 11.6 6.8 8.12a 1.96 12.18 6.58 8.9a 1.11 11.91 7.68

TA: titratable acidity; VA: volatile acidity; G+F: glucose plus fructose; TP: total phenolics; Europe: France plus Germany. a,bLevels not connected by
same letter are significantly different, p < 0.05.
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dimensionality of the data to a smaller number of compo-
nents, to examine any possible grouping of samples accord-
ing to their country and to visualise the presence of outliers
(Naes et al., 2002). PCA models were developed using both
raw and pre-processed data. The spectra were pre-pro-
cessed using the standard normal variate (SNV) method
(Barnes, Dhanoa, & Lister, 1989) to correct for scatter, fol-
lowed by second derivative transformation using Savitzky-
Golay derivation and smoothing (10 point and 2nd order
filtering operation) to reduce baseline variation and
enhance the spectral features (Naes et al., 2002). Discrimi-
nation models were developed using partial least squares
discriminant analysis regression (PLS-DA) and stepwise
linear discriminant analysis (SLDA), respectively (Adams,
1995; Naes et al., 2002; Otto, 1999). PLS-DA is a variant
of partial least squares regression (PLS). The principle is
very simple, for each class, a model [C = T � q], where T
are the PLS scores obtained from the original data using
the PLS algorithm, q is the vector and C is the class mem-
bership function. This is obtained by PLS regression from
an original C vector whose elements have values of 1 if an
object is a member of a class and 0 otherwise (Naes et al.,
2002; Otto, 1999). In this technique, a dummy variable that
describes the group membership is used (values of zero and
one were used). Due to the fact that we have more than two
variable groups, the PLS2 algorithm was used as the regres-
sion method to develop the classification models. The PLS2
regression uses the dummy variable as the dependent vari-
able Y and the wavelengths as the independent X variables.
Group membership of a new unknown sample is deter-
mined by its predicted value with PLS-DA (Naes et al.,
2002).

Stepwise linear discriminant analysis (SLDA) is a super-
vised classification technique, where the number of catego-
ries and the samples that belong to each category are
previously defined (Adams, 1995; Naes et al., 2002; Otto,
1999). The criterion of SLDA for selection of latent vari-
ables is maximum differentiation between the categories
and minimise the variance within categories (Adams,
1995; Naes et al., 2002; Otto, 1999). The method produces
a number of orthogonal linear discriminant functions,
equal to the number of categories minus one, that allow
the samples to be classified in one or another category.
SLDA was carried out using JMP software (version 5.01,
SAS Institute Inc., Cary, NC, USA) on the scores of prin-
cipal components (PCs) 1–3, which gave the highest level of
separation (high variance) in the PCA models developed.
The PCA, SLDA and PLS-DA calibration models were
developed using full cross validation (CV) (leave-one-out
method). The number of latent variables (LV) used to
develop the calibration models were selected by the soft-
ware as indicated by the PRESS function (predicted resid-
ual error sum-of-squares) (Naes et al., 2002). Statistical
analysis of the chemical composition was performed by
JMP statistical software with a general linear model
(GLM) procedure.

3. Results and discussion

3.1. Chemical analysis

Table 1 shows the descriptive statistics (mean, standard
deviation and range) for the chemical composition of the
Riesling wine samples. No statistically significant differ-
ences between wines from different countries were observed
for alcohol content, TP and VA in the set of wines ana-
lysed. However, statistically significant differences were
observed in pH, TA and glucose plus fructose content. A
PCA analysis was carried out using the chemical composi-
tion of the Riesling wines analysed (data not shown) and
the first two PCs accounted for 98% of the total variance
in the set of Riesling wines analysed. The first PC was
mainly associated with TA, VA and alcohol content, and
the second PC was related to pH and TP. Although differ-
ences were observed in the G+F content of individual
wines, no clear discrimination, by country, between sam-
ples was observed.

3.2. Visible and near infrared spectra interpretation

Fig. 1 shows the VIS and NIR mean raw spectra of
Riesling wines. The VIS and NIR mean spectra of the Ries-
ling wines after SNV and second derivative transformations
did not show obvious differences from visual inspection
according to the different countries. The absorption band
at 1450 nm was related to the second O–H overtone of both



500 1000 1500 2000 2500
0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5 

1790 nm

2306 nm

2268 nm

1950 nm

1690 nm

1450 nm

Riesling wine

lo
g 

(1
/T

)

Wavelength (nm)

Fig. 1. Visible and near infrared mean spectra of Riesling wine samples. 500 1000 1500 2000 2500
-0.4

-0.2

0.0

0.2

0.4

Lo
ad

in
gs

Wavelengths (nm)

 PC1
 PC2
 PC3

Fig. 3. Eigenvectors of the three principal components of Riesling wine
samples analysed by visible and near infrared.
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water and ethanol (Osborne, Fearn, & Hindle, 1993).
Absorptions were observed at 1690 nm and 1750 nm,
related to C–H stretch first overtones, and at 2268 nm,
and 2306 nm, due to C–H combination vibrations (Cozzo-
lino et al., 2003; Dambergs et al., 2002; Osborne et al.,
1993). The absorption band at 1790 nm is related to O–H
bonds and has been associated with sucrose, fructose and
glucose in fruit juices (Giangiacomo & Dull, 1986).

3.3. Principal component analysis (PCA)

The pre-processed spectra (SNV and 2nd derivative) of
the Riesling wine samples were analysed by means of
PCA. Fig. 2 shows the score plot of the first two PCs,
which account for 94% of the variation in the VIS and
NIR spectra of the wine samples. A grouping was observed
among the wines from Australia, however, the separation
was not clear for other countries and some overlap was
observed between the groups. The overlapped samples
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Fig. 2. Principal component score plot based on VIS and NIR spectra of
Riesling wine samples grouped according to country of origin
(Fr = France; Ger = Germany; NZ = New Zealand; Aus = Australia).
were mainly from New Zealand and Europe. The eigenvec-
tors for the first three PCs were investigated in order to find
specific regions in the VIS and NIR spectra that explain the
separation between samples (Fig. 3). PC1 accounts for 91%
of the total variance in the spectra of the Riesling samples,
and the highest eigenvectors were found at around 2250–
2350 nm, related to C–H combinations and O–H stretch
overtones. Additional absorption bonds were observed
around 1400–1460 nm and around the 1660–1760 nm
region, related to O–H first overtones and C–H first over-
tones, respectively. The highest eigenvectors in PC2 (3%)
were observed at around 1400–1460 nm and 2250–
2350 nm, respectively and the highest eigenvectors in PC3
(2%) were observed in the VIS region at around 410–
540 nm. In an attempt to achieve a better classification,
separate PCA models were developed using only two
groups of samples. Therefore, the PCA models were devel-
oped for Australian and European wines, Australian and
New Zealand wines, and New Zealand and European
wines, respectively. Subsequently, the PCA scores were
used as input data for SLDA.

3.4. Stepwise linear discriminant analysis (SLDA)

SLDA was performed on the first six PCs from PCA,
which accounted for 98% variation of the spectral data.
The SLDA correctly classified 86%, 67%, 67% and 87.5%
of the Australian, New Zealand, French and German Ries-
ling wines, respectively. SLDA models were developed
using specific pairs from different geographical origins.
This resulted in 95% correct classification between wines
from Australia and Europe and 86% correct classification
between Australia and New Zealand. It was more difficult
to discriminate between Riesling wines from Europe and
New Zealand, compared with those from Australia. The
low classification rate might indicate style similarities of
the Riesling wines from New Zealand and Europe com-
pared to those produced in Australia (see Table 2).



Table 2
Stepwise linear discriminant (SLDA) classification results of Riesling
wines using VIS–NIR pre-processed spectra (6 PCs)

Australia
(n = 21)

New
Zealand
(n = 12)

France
(n = 9)

Germany
(n = 8)

Overall
classification

Australia 18 (86%) 3 0 0
New Zealand 3 8 (67%) 0 1
France 2 1 6

(67%)
0

Germany 0 1 0 7 (87.5%) 39 (78%)

Table 3
Partial least squares discriminant (PLS–DA) classification results of
Australian, New Zealand and European Riesling wines using VIS–NIR
pre-processed spectra

% CC as
Australia

% CC as New
Zealand

% CC as
Europe

Australia (n = 21) 97.5 – –
New Zealand

(n = 17)
– 80 –

Europe (n = 12) – – 70.5

CC = Correct Classification, Europe = France and Germany.
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3.5. Partial least squares discriminant analysis (PLS-DA)

PLS-DA was used also to classify Riesling wine samples
according to their country of origin. Table 3 shows the
classification results obtained for Riesling wine samples
from the three different countries. Correct classification
rates of 97.5%, 80% and 70.5% were obtained for Austra-
lian, New Zealand and European Riesling wines, respec-
tively. These results were better to the classification rates
obtained using SLDA.

The results obtained in this study shows that the VIS
and NIR spectra of Riesling wines contain information
that allows us to classify such wines according to their
country of origin. The spectral loadings in the NIR region
are related to C–H combination and O–H stretch over-
tones, suggesting that the differences caused by the pheno-
lic profiles as well as other organic compounds present in
the wine matrix (e.g. organic acids, sugars), might contrib-
ute to the variations among the wines according to the
country of origin (Somers, 1998). Based on these data, it
was possible to discriminate between Australian Riesling
and Riesling wines produced in New Zealand, France or
Germany. It was noticed that seven out of eight Riesling
samples originating from Germany were classified cor-
rectly, indicating that samples of this country were highly
characteristic. The misclassification results obtained for
samples from New Zealand and France could be attributed
to the small number of wine samples, lack of varietal integ-
rity and possibly other factors such as similarities in the
grape growing or winemaking process. A question that
must be answered is whether the regional differences
observed in the spectra are due to fundamental differences
in the grapes or due to differences in winemaking methods
or the yeast used to ferment the wine.

White wine classification was achieved between the sam-
ples from three countries. Riesling wines from Australia
were correctly classified with an overall classification rate
of 90% using various multivariate methods when compared
with samples from New Zealand or Europe. However,
lower classification rates were achieved for wine samples
from New Zealand and Europe. The similarity among
wines from New Zealand and Europe might explain the
low classification results obtained. Overall, the interpreta-
tion of conclusions from this particular study were limited
by the relatively small number of wine samples and the
characteristics of the sample variables in terms of vintage,
diversity of origin, among others. To further validate the
ability of VIS–NIR to classify white wine samples, a larger
sample set will be required.
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