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Abstract 
This paper deals with a simple, reliable and non-destructive spectroscopy technique for the recognition of beer 
samples during the ageing process. One of the major transformations might be the apparition of alcohol in beers that 
this fact is very important for the consumers. Therefore, there is a necessity for fast, reliable and simple analytical 
techniques for the goal of a quality control technique. For this purpose, near infrared (NIR) data is coupled to partial 
least square (PLS) regression to ageing detection of beer samples. Chemometric treatment of mid-infrared spectra is 
addressed for classification into alcoholic and non alcoholic groups. Based on the experiments, the results were 
satisfactory, in spite of the similarity of the spectra and this approach demonstrated the application capability of PLS 
based NIR in beer quality measurement and authentication. 
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1. Introduction 
 

Considering that the flavor of in-pack beer samples deteriorates during storage time, beer stability 
once packed is one the challenging concerns to brewery (Vanderhaegen et al., 2007). Hence beer quality 
during storage is explored by the researchers who are act in this field (Evans et al., 1999; Vanderhaegen et 
al., 2006; Ghasemi-Varnamkhasti et al., 2011). Gas chromatography (GC) and organoleptic profiling 
panels known human sensory panels together with other both traditional and emerging techniques are 
employed for the aging evaluation of beer. These methodologies are expensive and time-consuming. 
Spectroscopy methods such as near infrared (NIR) can rectify these drawbacks and show a potential 
alternative to recognize the aged beers, because this techniques is abale to monitor the changes occured in 
all biomolecules present in the sample in situ. More recently, with the use of computational methods and 
chemometrics, the current utilization of NIR technique has shown promising future and attract more 
attention from food technologist in general and especially the scientists working on beer quality (Cen and 
He, 2007). Some works on beer and its chemical composition using spectroscopy techniques have been 
previously reported (Inon et al., 2005; Nordon et al., 2005; Inon et al., 2006; Nicolai et al., 2007; McLeod 
et al., 2009; Li et al., 2009; Liu et al., 2009) but to date there exist no report on the recognition of beer 
samples in aging process using NIR coupled with partial least square (PLS) for the detection of ageing in 
alcoholic and non alcoholic beers . Therefore, the objective of this study was to use a PLS based NIR 
spectroscopy for the aim mentioned above. 
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2. Materials and methods 
 
2.1. Protocol of the experiments 
 

Non alcoholic beer packed in can and bottole (CN, BN) and alcoholic beer packaged in both can 
and bottle (CA, BA) from the same brand were purchased. The storage place of the samples was 

considered in an oven (in 30 oC, in dark) to simulate long time of stirage which is named forced aging 
(Guido et al., 2003; Barros et al., 2011; Walters et al., 1997;; Rodrigues,). The interval time of one week 
(7 days) was taken into account among the experiments. The beer samples were provided for the 
experiments NIR based on methodoogoy reported earlier (Siebert and Lynn, 2007). Without any chemical 
treatment, the samples were filled into a 8 mm pathlength quartz cell directly sampled from the can or 

bottle. One sample of the spectrum is seen in Fig. 1. All the spectra were calculated at 4 cm-1 resolution 

and between 12,500 to 5405 cm-1 with use of the software present on NIR spectrometer (ChemLab-IR 
520 spectrometer, Japan). The number of scans was 500 for reference and sample treatments, both of 
them. Prior to each sample measurement, a reference spectrum on water was obtained and recorded. The 

room temperature for all experiments and the relevant measurements was 25 oC. 
 
 
 
2.2. Data treatment 
 
Partial Least Squares regression (PLS) (Fuller et al., 1988; Haaland and Thomas 1988) was initially built 
for quantitative analysis, but now it is also used for pattern recognition. This supervised analysis is based 
on the relation between spectral intensity and sample characteristics (Martens, 1979). Interference and 
overlapping of the spectral information may be overcome using powerful multicomponent analysis such 
as PLS regression. The ability of this algorithm is to mathematically correlate spectral data to a property 
matrix (relative concentration or varietal origin) (Liang and Kvalheim, 1996). Mean centering is applied 
before modeling. The number of latent variables selected for the PLS model was obtained by cross 
validation on the calibration set. 
 
PLS regression can be adapted for pattern recognition, giving rise to the PLS-DA method. PLS-DA is 
performed using an exclusive binary coding. During the calibration process, the PLS-DA method is 
trained to compute the ‘‘membership values’’, one for each class; the sample is then assigned to one class 
when the value is above a specific prediction threshold (Roussel et al., 2003). This method adapted from 
PLS1 or PLS2 regressions, uses M spectral variables as predictors and q variables (0 or 1) as variables 
response (Sjöström et al., 1986; Kemsley, 1996). 
 

The predicted origins seldom lead to a binary result exactly equal 0 or 1 but to a result near 0 or 1 
which justified by the natural variability of the sample constituents. In front of the difficulty of calibrating 
and predicting origin with binary variables, it is necessary to discriminate the results between the initial 
values 0 or 1. Samples with values lower than 0.5 and higher than 1.5 were identified as outside the 
defined origin and samples with values between 0.5 and 1.5 were identified as belong to the defined 
origin. 
 
Choice of the number of factors: The Jack-Knife technique23 was used to fix the required number of 
factors for model construction. Cross-validation was applied in regression, so the optimal factor number is 
determined based on the prediction of left-out samples from the individual model. 
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Standard Normal Variate: During the data processing, the standard normal variate (SNV) correction 
pretreatment could be used. The SNV pretreatment is a row-oriented transformation that removes scatter 
effects from spectra by centering and scaling each individual spectrum. Each value in a row of data is 
transformed according to the formula: 
 

New value  Old  value - mean  (old  row) (1)  

 

Standard dev  (old  row) 
 

       
 

 The percentage of correct classification is the criterion used to compare classification results 
 

obtained with chemometric methods:  
 

%CC   N c    100 (2)   
 

      
 

  N c  N
 ic   

  
where Nc is the number of correct classifications and Nic is the number of incorrect 
classifications (Ciosek, Brzozka, Wroblewski, Martinelli, Natale, & D’Amico, 2005). 
 
 
 
3. Results and discussions 
 
To examine the data structure, principal component analysis (PCA) was performed on the beer samples. 
A scatter plot of sample scores (Fig. 2a) on the first and second principal components showed that there 
was information related to the alcohol content in the NIR spectra. The alcoholic samples were negatively 
projected and the non alcoholic ones were positively projected. The ca7 and ba7 samples were classified 
in an intermediate group between the non alcoholic beer and the alcoholic ones. The examination of the 
second principal component responsible of the difference between the alcoholic and non alcoholic 

samples (Fig 2b) shown a positive part (7000 cm-1) relative to the water spectra and a negative part at 

5901, 5770 and 5674 cm-1 relative to ethanol spectra. This observation could be associated with the 
complicated changes of these beers samples in this stage of aging since during storage, beer quality is 
gradually decreased and the production of stale flavor, the formation of haze, and browning occur. For 
classification by RDOs, the PLS-DA method was preferred to the soft independent modeling of class 
analogies (SIMCA) method. The SIMCA method based system information only on spectral variation in 
the construction of the principal components, while PLS-DA used spectral information in conjunction 
with origin information. The predicted origins are never given by 0 or 1 because the samples varied 
according to their ageing. Given the difficulty of calibrating and predicting the membership to a group 
with binary variables, it was necessary to discriminate the results between the initial values 0 or 1. We 
identified samples with values lower than 0.5 as outside the defined origin; we identified samples with 
values higher than 0.5 as belonging to the defined origin. The results obtained in the calibration and 
prediction set are shown in the Table 1. The best prediction result for the set of 36 samples was obtained 
by transforming the spectral data with a SNV pretreatment with 5 factors. The PLS-DA model was able to 
correctly classify 35 samples, only one sample is miss classified. 
 
The results of this study showed that the stability of beers can be recognized using NIR combined with 
PLS-DA. This capability is of great interest to the brewers to examine the beer made as well as to enhance 
the stability and the quality of the product in brewery line by changing the chemical composition of the 
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beer. For instance, the flavor stability of beers depends on the oxygen content of the packaged beer, based 
on the results obtained by NIR, brewer could manage this factor in the brewery production line. This 
results of this research could be combined with other innovative methods to get more information on the 
stability of beer during the ageing process (Apetrei, Apetrei, Villanueva, de Saja, Gutierrez-Rosales, & 
Rodriguez-Mendez, 2010; Casale, Oliveri, Armanino, Lanteri, & Forina, 2010). 
 
 
 
4. Conclusions 
 
Applying the multivariate technique on the beer spectra attained, the best prediction result is obtained by 
transforming the spectral data with a SNV pretreatment with 5 factors. Also, the PLS-DA model is able to 
correctly classify 35 samples, only one sample is miss classified. Therefore, NIR spectroscopy coupled 
with PLS-DA shows high potential to qualify the stability of beer during the ageing process. In other 
words, the characterization of the aged beer could be done directly on the spectra and do not require 
chemical analyses. Therefore, a simple, quick and reliable overal characterization of the aged beer may be 
fulfilled at a low cost. This application capability is of industrial inerest because it could be used as on 
line system to address the level of beer stability to achive high quality of beer. For each application, 
however, technical problems have to be solved for on line implementation. 
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