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Abstract— This article presents an alternative
color-based classification methodology which is used
for pattern recognition of pale lager beers. Beer
sample images are digitalized on a common desk
scanner resulting in color histograms in the RGB
scale. The frequency distribution of color indexes ac-
cording to each color channel were obtained for each
image, then decomposed into vector lines R, G and
B, each vector having 256 components (indexes/color
tones). PCA is used to represent the data in two-
dimensional plots, and also to represent color
changes of beer samples exposed to light and air. Af-
ter one hour, significant changes in the yellow color
of the beer can be distinguished in the score plot. In
short, differences between brands of beer are direct-
ly related to differences in their color.

Keywords— PCA, chemical imaging, pale lager
beers.

I. INTRODUCTION

Beer is an alcoholic beverage of intense consumption
and can be found almost everywhere. It has been pro-
duced and consumed in many countries since antiquity,
especially in Europe and Asia. Brazil is the fourth larg-
est beer producer in the world (Kirin, 2009), having an
annual beer consumption of 50 liters per capita. This
beverage is produced by the brewing and fermentation
of starches and it is a blend of water, malt, hops, and
yeast.

Commercially, the most common beer in Brazil is
pale lager, having an alcohol content of approximately
4.0% by volume, is light yellow in color, and has low
contents of fermentable carbohydrates. This type of beer
is 100% malt barley and it is produced with salt reduced
water.

As a way of improving beer production techniques,
new methods and rapid access to quality control is of
great importance in the industry. Flame atomic spec-
troscopy and linear discriminant analysis were used to
classify 25 samples of beer into stout, ale, lager or
wheat types (Bellido-Milla et al., 2000). This method
was 100% efficient for both lager and wheat. Nuclear
magnetic resonance and multivariate analysis were also
used to optimize beer analysis (Duarte et al., 2004; La-
chenmeier et al., 2005) which is currently restricted be-
cause of the extremely high cost of instruments. Fourier
transform infrared spectroscopy analysis is also a useful
tool in the quality control of beers, since it is fast and
requires simple preparation (Lachenmeier, 2007). How-
ever, FTIR-partial least squares method of 461 samples
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of beer showed a low correlation and accuracy with
EBC color.

Among the many attributes of beer, one easily cha-
racterized is its color. To date, the classification of beer
by color is done during the production process, through
a European-wide standard known as the EBC (European
Brewery Convention). According to this scale, pale lag-
er beer must contain less than 20 EBC units. For darker
beers, 20 units is the lowest allowable EBC number.
The amber color of beer is due to pigments known as
melanoidins and also from the caramel added to the
malt. The Maillard reaction should be taken into ac-
count, since it is a non-enzymatic oxidation process dur-
ing caramelization.

Our working group recently proposed a simple col-
or-based classification methodology for soft drinks us-
ing color characteristics of investigated samples whose
images were scanned digitally and manipulated in the
RGB scale (Godinho et al., 2008). This color scale has
256 color tones (color indexes), varying from 0 to 255
for each basic color channels: red (R), green (G) and
blue (B). These 768 color tones (256 + 256 + 256),
when combined, result in 16,777,216 color tones per
pixel (256°). In this format, a color tone corresponds to
a point in a three-dimensional space formed by R, G,
and B axes, Fig. 1.

Nowadays, imaging is widespread and has been as-
sociated with many development sectors such as indus-
try, communication and research (Pratt, 1991). In che-
mistry, however, its use is still relatively little, but its
application has grown in recent years. Some examples
are hyperspectral imaging (Gowen et al., 2008), ultra-
sound
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Characteristic colors are on the edges of the cube.
imaging (Jin et al., 2004), in photometric analysis in pa-
per matrices (Budantsev, 2004; Schimidt, 1997) in thin-
layer chromatography (Hayakawa and Hirai, 2003), in
determining the saponin content in quinoa (Souza ef al.,
2004), in the study of L-glutamate flow in the brains of
rats (Hirano et al., 2003), two-dimensional gas chroma-
tography (Reichenbach et al., 2004), the food industry
(Antonelli et al., 2004; Yu and MacGregor, 2003), etc.
This paper presents a simple, accessible alternative,
and uses a low cost color-based classification metho-
dology for pattern recognition of Brazilian pale lager
beers. Beer sample images are digitalized on a common
desk scanner resulting in color histograms in the RGB
(red, green and blue) scale. At the end, principal com-
ponent analysis is applied as a pattern recognition tool.

II. METHODS

The beer sample collective was comprised of ten brands
of pale lager beer from the retail trade in the state of
Goias, Brazil. For each brand, five 350 mL cans were
acquired. All samples for each brand were taken from
the same production lot and expiry date. They were ran-
domly collected from bars, supermarkets and beer dis-
tributors, taking into account the available variety. All
samples were collected and analyzed, and were not sub-
jected to any form of stress.

A. Image Analysis

Approximately 200 mL of each sample at room temper-
ature were transferred to a glass beaker and degassed in
an ultrasonic bath for 30 min., then 50.00 mL of the de-
gassed sample was transferred to a Petri dish. Digital
sample images of the dish were recorded in JPEG for-
mat with 300 dpi (dots per inch) resolution. Three ali-
quots of each sample were analyzed. For each aliquot,
three images were digitized, resulting in 45 images for
each brand of beer. Images were then recorded on a Ge-
nius desk scanner (ColorPage Vivid, 1200XE). Scilab
software (Scilab, 2009) and SIP (Scilab Image
Processing) toolbox (Fabri, 2002; SIP, 2009) were used
for image manipulation and multivariate analysis calcu-
lations.

Histograms of the frequency distribution of color in-
dexes according to each color channel (R, G, and B),
were obtained for each digital image, and decomposed
into vector lines R, G and B, each vector having 256
components (indexes or color tones). A new vector was
then obtained by the juxtaposition of these three vectors,
generating a profile for each RGB sample image, having
768 quantified variables per image. For each brand of
beer, one average histogram was obtained from each 45
frequency histograms, as seen in Fig. 2.

The data matrix, X, has the size of the number of
analyzed brands, times the number of image replicates,
by 768 columns (R, G, and B color channel indexes).
This procedure resulted in a 450 x 768 data matrix con-
taining the frequency histograms of all digitalized beer
images. The scheme for obtaining the image data matrix
can be seen in Fig. 3. Both 300 and 600 dpi JPEG files
were analyzed, but only the results for 300 dpi files are

shown, due to the fact that increasing image resolution
did not result in a better classification for the analyzed
beers.

B. PCA

To conveniently deal with a multidimensional problem
such as the simultaneous study of the digitalized image
of pale lager beers, the statistical method of principal
component analysis (PCA) may be used to represent da-
ta in two-dimensional plots, where their axes are the two
principal components that explain most data variance.
Principal components are the eigenvectors of the matrix
product X'X where X' is the transpose of the X matrix.
The X matrix has 450 rows, corresponding to the fre-
quency histograms, and 768 columns, one for each of
the color indexes. The original data matrices were pre-
processed before the eigenvector calculations. The fre-
quency values were autoscaled (Sharaf ef al., 1986).
The resulting matrices can be represented in a multidi-
mensional space, as shown in Fig. 4. Each coordinate
axis represents one of the color indexes, and the results
of the frequency histograms correspond to points in this
space.

The first eigenvalue of the matrix product X'X is
equal to the amount of statistical variance explained by
the first eigenvector (Mardia et al., 1979). This eigen-
vector, which defines the first principal component axis,
points in the direction of maximum statistical variance,
as indicated in Fig. 4. The second eigenvector, the
second principal component, is perpendicular to the first
one and explains a maximum amount of the residual va-
riance in the data — that is, variance not explained by the
first eigenvector. If the first two eigenvectors explain a
significant amount of the total variance, a principal
component score plot in which they are the coordinate
axes provides a faithful two-dimensional projection of
the 768-dimensional color index space. In such situa-
tions, two-dimensional plots can be used to assess quali-
ty image data for pattern recognition of pale lager beers.
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Figure 2. Average histograms versus RGB color indexes of ten
brands of beer. Digitalized images were 300 dpi JPEG files.
Red color indexes ranging from 0 to 255, Green color indexes
ranging from 256 to 511, and Blue color indexes ranging from
512 to 767.
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Figure 4. A three-dimensional representation of the 768-
dimensional color index space.

15 1

10

o
M

= =

-10 4
-15 4
20 1
-25

+2
30.

35 4

Figure 5. Principal component score graph of the average his-
tograms of ten brands of beer. This graph accounts for 73% of
the total data variance.
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Figure 6. Loading graph for the first two principal components
of the average histograms of ten brands of beer. The lowest
and the highest color indexes for each color channel are
represented, and these indexes increase counterclockwise for
each channel.

Image analysis and principal component calculations
were carried out using algorithms developed in our la-
boratory. The calculations were made with the Scilab
computer package and SIP toolbox.

III. RESULTS AND DISCUSSION

The constituents of beer are very similar chemically and
therefore the collective of beer images is appropriate for
chemometric techniques. The data matrix containing
average histograms for each brand of beer was mean
centered and approximately 75% of the total variance
was explained by the first two principal components.
PC1 corresponds to 44.16%, and PC2 corresponds to
29.17%. Figs. 5 and 6 contain the graphs of scores and
loadings for the first two principal components.

Beer brands 2, 6, 9 and 10, are separated in PC1
from brands 1, 3, 4, 5, 7 and 8, while PC2 separates
brands 1, 2 and 5 from the group brands 3, 4, 6, 7, 8, 9
and 10. Four groups, represented in each of the four qu-
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adrants, can be distinguished: group 1, brand 2; group 2,
brands, 6, 9, and 10; group 3, brands 3, 4, 7, and 8; and
group 4, brands 1 and 5.

The point distribution in Fig. 5 is related to the first
two principal component loadings according to Fig. 6.
Each R, G, and B color channel range is represented by
the lowest and highest color index having loadings larg-
er than 0.01. In this figure, only the lowest and the high-
est color indexes for each color channel are represented.
These indexes increase clockwise for each channel. PC1
positive loadings (right) represent less clear tones (see
Fig. 1) and also clearer tones (higher color indexes). In-
termediary color indexes have negative loadings (left).
PC2 separates clear tones (below), while positive values
are characteristic of even clearer tones (above).

As a result, data points for each brand of beer are
distributed in the score graph, Fig. 5, from the least
clear brand, number 2, to the clearest, numbers 6, 9, and
10, represented clockwise according to the beer num-
bers 2-5-1-4-7-3-8-10-6-9. Based on the loadings in Fig.
5, beer brands are classified as follows: the clearer are
numbers 6, 9 and 10, and the least clear is number 2.
Brands number 1, 3, 4, 5, 7, and 8 have intermediate
tones. Of these, 1 and 5 are not as clear as 3, 4, 7, and 8.
This distinction can also be seen when analyzing the av-
erage histograms for B channel color indexes. In Fig. 7,
for example, the further right, the clearer the brand.

PCA can also be used to represent color changes of
samples of beer when exposed to light and air, as in Fig.
8. After one hour, significant changes in the yellow col-
or of the beer can be distinguished in the score plot.

In short, differences shown between the brands are
directly related to differences in their colors. What
makes a particular brand of beer different from another
in the same category is the fact that, although visually
imperceptible, on the average, its colors are different.
Naturally, it is a direct result from its chemical composi-
tion. Therefore, color pattern classification is a cheap
and simple alternative compared to the usual physical-
chemistry sample classification. This method could faci-
litate the identification of falsified beer samples and/or
counterfeits, with direct involvement in the trade of this
product.

IV. CONCLUSIONS

Unlike conventional analytical methods, digital beer
images can be used to classify different brands of the
beverages of the same type or category. Similarity pat-
terns in the principal component score plot, resulting
from the average histograms of R, G, and B color chan-
nels, can be obtained from the images generated on a
desk scanner. Image color changes in the principal
component graphs are accompanied by the weight of the
color index in the principal component axes as a result
of the average tone for each brand. In general, different
brands of beer can be classified within the same lot
based on their digitalized images.
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Figure 7. Average histograms versus Blue color indexes of ten
brands of beer. Digitalized images were 300 dpi JPEG files.
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Figure 8. Principal component score graph of the average his-
tograms of six samples of a brand of beer, when exposed to
light and room air. Exposure times ranging from 0 h to 24 h
are indicated. This graph accounts for almost all the total data
variance.
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