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ABSTRACT 
This paper presents an experiment making use of the near-infrared spectrum for distinguishing the wines produced in 
two close provinces of Abruzzo region of Italy. A collection of 32 wines was considered, 18 of which were produced in 
the province of Chieti, while the other 14 were from the province of Teramo. A conventional dual-beam 
spectrophotometer was used for absorption measurements in the 1300-1900 nm spectroscopic range. Principal 
Component Analysis was used for explorative analysis. Score maps in the PC1-PC2 or PC2-PC3 spaces were obtained, 
which successfully grouped the wine samples in two distinct clusters, corresponding to Chieti and Teramo provinces, 
respectively. A modelling of dual-band spectroscopy was also proposed, making use of two LEDs for illumination and a 
PIN detector instead of the spectrometer. These data were processed using Linear Discriminant Analysis which 
demonstrated satisfactory classification results. 
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1. CLASSIFICATION OF WINES: WHY OPTICAL TECHNOLOGIES 
The promotion of wines with a unique geographical connotation is considered a strategic factor for protecting and 
boosting the European share of the wine market. Labels bearing denomination of origin (PDO) and geographical 
indication (PGI) trademarks are often used to highlight the peculiarities of wines, for better visibility to consumers and 
differentiations with respect to similar products with lower price. The terroir, as the specificity of place, has a 
fundamental influence on the wine quality. The role of the terroir includes not only the soil type of that region, but also 
the climate, the weather, the vines and vineyards, and anything else that can possibly differentiate one piece of land from 
another, even close. 

Investigating and classifying wine differences for authentication purposes has been widely accomplished using 
conventional analytical techniques such as high performance liquid chromatography 1, gas chromatography 2, liquid 
chromatography/mass spectrometry 3, and elemental analysis 4. 

Beside analytical techniques suitable for laboratory use only, optical spectroscopy has emerged as a rapid and non-
destructive tool for quick measurements, since the entire spectrum from the ultraviolet to the mid-infrared is capable to 
highlighting even minimal differences between wines 5, 6, 7, 8, 9, 10, 11, 12, 13. In fact, tannins, phenolic compounds, other 
pigments, and the different content of water, sugars, and ethanol, greatly influence the optical spectrum and allow for 
distinguishing the different geographic areas of wines. Spectroscopic data are usually processed by means of multivariate 
data analysis, demonstrating that the combination of spectroscopy and chemometrics provides a modern and 
straightforward tool for wine classification and authentication. The near-infrared band, which is particularly informative 
for the concentration of water, sugars, and ethanol, demonstrated effectiveness for assessing the chemical composition 
and the aroma, and for monitoring the fermentation process 14, 15, 16, 17, 18, 19. 

This paper presents an experiment which was carried out in a small band of the near-infrared spectrum for distinguishing 
the wines produced in two close provinces of Abruzzo, which is a central region of Italy. A conventional dual-beam 
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spectrophotometer was used for absorption measurements in the near-infrared range, showing the most significant 
differences among the various samples in the 1300-1900 nm band. Principal Component Analysis was firstly used for 
explorative analysis. Score maps in the PC1-PC2 or PC2-PC3 spaces successfully grouped the wine samples in two 
distinct clusters, corresponding to Chieti and Teramo provinces, respectively. Then, an innovative model was tested, 
which simulates the use of two LEDs only for illumination, and a PIN detector instead of the spectrometer. Linear 
Discriminant Analysis was used for data processing, obtaining about 12% classification error. 

2. THE WINE COLLECTION AND THE OPTICAL SPECTRA 
Abruzzo is a region of central Italy. The Eastern part overlooks the Adriatic Sea, while the Western part includes the 
Gran Sasso mountains. The wine production of this region is an important economic resource. Most of the 4 million 
hectolitres annually produced are bearing PDO and PGI labels: this means that the production is distinctly oriented 
towards quality rather than quantity 20, 21. The export market is worth over 120 million euro, a figure that showed a 
growing trend and registered a record over the past five years. The most popular vine types of this region are 
Montepulciano d’Abruzzo, Trebbiano d’Abruzzo, Pecorino and Chardonnay, and other vines frequently cultivated are 
Sangiovese, Merlot, Malvasia and Cerasuolo. 

This study considered a selection of wines from Teramo and Chieti provinces, respectively located in the Nort-East and 
South-East part of Abruzzo, as shown in Figure 1. Table I summarizes the characteristics of the collection, which 
represented a significant regional figure. It was made of 32 red, rosè and white wines of different vines, produced in 
2007: 18 samples were from the Chieti province, while the other 14 samples were produced in the Teramo province. 

 
Code Province Village Brand Variety Wine type

1 CH Orsogna Orsogna Sangiovese white 
2 CH Orsogna Orsogna Sangiovese white 
3 CH Orsogna Orsogna Montepulciano red 
4 CH Orsogna Orsogna Montepulciano red 
5 CH Orsogna Orsogna Malvasia white 
6 CH Orsogna Orsogna Chardonnay white 
7 CH Orsogna Orsogna Pecorino white 
8 CH Orsogna Orsogna Sangiovese red 
9 CH Orsogna Orsogna Trebbiano white 

10 CH Orsogna Orsogna Montepulciano red 
11 CH Ortona Ortona Chardonnay white 
12 CH Ortona Ortona Pecorino white 
13 CH Ortona Ortona Trebbiano white 
14 CH Ortona Ortona Montepulciano red 
15 CH Ortona Ortona Merlot red 
16 CH Ortona Ortona Cerasuolo rosé 
17 TE Silvi Silvi Montepulciano red 
18 TE Silvi Silvi Chardonnay white 
19 TE Silvi Silvi Trebbiano white 
20 TE Silvi Silvi Pecorino white 
21 TE Giulianova GiovanPietro Cerasuolo rosé 
22 TE Giulianova GiovanPietro Montepulciano red 
23 TE Giulianova GiovanPietro Trebbiano white 
24 TE Giulianova GiovanPietro Pecorino white 
25 TE Canosa Nicola Cerasuolo rosé 
26 TE Castilenti SanLorenzo Cerasuolo rosé 
27 TE Castilenti SanLorenzo Pecorino white 
28 TE Castilenti SanLorenzo Montepulciano red 
29 TE Castilenti SanLorenzo Trebbiano white 
30 TE Castilenti SanLorenzo Chardonnay white 
31 CH Canosa Nicola Chardonnay white 
32 CH Torino di Sangro Mucci Cerasuolo rosé 

 
Figure 1.  The location of the Abruzzo region in Italy (top),              Table I.  The wine collection. 

 and of the Teramo and Chieti provinces (bottom). 
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A conventional dual-beam spectrophotometer was used for absorption spectroscopy measurements. Quartz cuvettes with 
1 mm light path were used, with water in the reference channel. Figure 2-top shows the absorption spectra in the entire 
visible and near-infrared range. The visible spectra are clearly dominated by the color of wines, and therefore were 
disregarded. The spectroscopic differences in the near-infrared band are highlighted in Figure 2-bottom: the most 
significant differences among the various samples are in the 1300-1900 nm range. These differences are related to the 
first overtone of the OH stretch of water, and a combination of stretch and deformation of the OH group in water and 
ethanol 22, 23. 

 

Figure 2.  Wide band absorption spectra of all wines (top), 
and near-infrared band only (bottom).

Figure 3.  Selected near-infrared band for data 
processing (top), and related PCA loadings (bottom).

 
3. GEOGRAPHIC CLASSIFICATION 

The Principal Component Analysis (PCA), which is one of the most popular techniques for explorative analysis and data 
dimensionality reduction, was used for processing the spectroscopic data in the 1300-1900 nm range. PCA provides new 
variables and coordinates for identifying the wine samples in a 2D or 3D map. The coefficients giving the weight of each 
variable in the new space are called loadings. The new variables are called Principal Components (PCs), and have the 
following properties: 

- PCs are mutually uncorrelated (orthogonality). 
- 1st PC (PC1) has the largest variance among all possible linear combination of the starting variables. 
- PCn has the largest variance among all linear combination of the starting variables that are orthogonal to PC1 ... 

PC(n - 1). 
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This means that high order PCs has little weight in distinguishing the samples, and can be disregarded with little loss of 
information. The loading plots are useful to interpret the score map: they show what variables are important for a given 
PC: variable with 0 loading has no importance, a variable with high (positive or negative) loading is important for 
differentiating the wines 24, 25. 

Figure 3-bottom shows the loading of PCA processing of wine spectra in the1300-1900 nm band: 

- PC1 has a nearly constant behavior, and is related to the fluctuations of the baseline. 
- PC2 expresses the difference between the absorbance at 1400 nm and 1500 nm. Note that these two 

wavelengths are positioned respectively on the ascending and descending slope of the peak at 1450 nm. 
Usually, this behavior is related to a shift in the central wavelength of the peak. 

- PC3 has the maximum loading in the center of the peak, and is clearly related to the peak height. 

Figure 4 shows the score maps in the PC1-PC2 and PC2-PC3 spaces which successfully grouped the wine samples in 
two distinct clusters, corresponding to the Chieti and Teramo provinces, respectively. 

 

Figure 4.  Results of PCA processing of spectroscopic data in the 1300-1900 nm band: clustering according to the Chieti and Teramo provinces. 

4. PREDICTIVE MODEL FOR DUAL-BAND SPECTROSCOPY 
Since the discriminating component PC2 is related to the differential absorbance between 1400 and 1500 nm, an attempt 
was made to classifying the wines from the two province simply using two LED for illumination, and a PIN detector 
instead of the spectrometer. This dual-band scheme could be interesting for implementing a low-cost device for 
consumers. Indeed, the growing interest of consumers to use cheap devices for self-assessment of food quality, was the 
motivation that inspired this work. 

For this scope, the spectra of Figure 3-top were convoluted with Gaussian weighting functions, thus modelling the 
emission of commercially-available LEDs. Two bands were chosen, fitting the bands of the most evident spectroscopic 
differences. Then, by calculating the integral of the absorption spectra in these bands, each wine sample was identified 
by two coordinates. The characteristics of commercially available LEDs were considered in the simulation 26. Because 
LEDs emitting exactly at 1400 nm and 1500 nm were not readily available, we made a compromise by choosing LEDs 
centered at 1450 nm, and 1480 nm, respectively. Since the emission bands of these LEDs were wider than 100 nm, the 
use of notch filters was considered, so as to obtain FWHM=12 nm for both LEDs, as displayed in Figure 5-left. 

The data set was processed using the Linear Discriminant Analysis (LDA), which is a robust and reliable technique for 
automatic object classification 27. Like PCA, LDA projects a high-dimensional pattern onto a subspace of smaller 
dimension, but the axes for projection are chosen using a different criterion. Actually, LDA is a tool that is specifically 
suited for identification, and looks for those variables that show a large spread among different clusters (inter-class 
variance), but limited variance within each cluster (intra-class variance). Given an N-class problem, the LDA extracts 
from the data matrix N-1 Discriminating Functions (DFs), which correspond to Principal Components in the PCA, but 
show a better resolution with regard to poorly-separated clusters. In our case, being a two-class problem, we extracted 
one DF only. 
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Figure 5-right shows the results of the LDA processing: the correct classification rate using all samples for calibration 
was 81.25%. The correctly classified wines were 15 from Teramo out of 18, and 11 from Chieti out of 14. The leave-
one-out cross-validation procedure gave a success rate of 78.1%, quite close to the calibration value. 

 
Figure 5.  The model of dual-band spectroscopy – Wine absorption spectra in the limited 1400-1500 nm band, including the emission spectra 

of two LEDs (left). Results of LDA processing  (right). 

5. PERSPECTIVES 
Absorption spectroscopy in the near-infrared band, combined to multivariate data processing, demonstrated effectiveness 
for wine authentication. Wines produced in the Abruzzo region of central Italy were successfully classified according to 
two provinces, Teramo and Chieti, respectively. Moreover, a model of dual-band spectroscopy was proposed, making 
use of two LEDs for illumination and a PIN detector instead of the spectrometer. Also this model showed a good 
classification according to provinces, demonstrating the potentials for implementing a low-cost device for consumer use. 
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