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bstract

Near infrared spectroscopy (NIRS) was used to discriminate between arabica and robusta pure coffee varieties and blends of varied varietal
omposition. Direct orthogonal signal correction (DOSC) pre-processing method was applied on a set of 191 roasted coffee NIR spectra from
oth pure varieties and blends varying the final robusta content from 0 to 60% (w/w) in order to remove information unrelated to the actual

arietal composition of samples. The corrected NIR spectra, as well as raw NIR spectra, were used to develop separate classification models using
he potential functions method as class-modelling technique, exploring several options more or less restrictive according to the final number of
onsidered categories. All constructed classification models were compared to evaluate their respective qualities and to show the suitability of
pplying DOSC method as pre-processing step for developing improved classification models for coffee varietal identification purposes.

2006 Elsevier B.V. All rights reserved.
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. Introduction

Food authentication is one of the most crucial issues in food
uality control and safety. Food industry, regulatory authorities
nd consumer groups are all interested in authenticate raw mate-
ials and food products in order to satisfy the food quality and
ood safety requirements, in such a way that food quality assur-
nce has become an essential tool to meet consumer demands
nd expectations [1,2].

Coffee identification or classification has gained increas-
ng attention as a means to control and avoid coffee adulter-
tion, mainly considering the great variability of the final sale
rice depending on coffee varietal or geographic origin. Most
ommercially available coffees are produced from arabica and
obusta roasted beans or blends of these two species. Both vari-
ties differ not only in relation to their botanical, chemical and
rganoleptic characteristics, but also in terms of commercial
alue, with arabica coffees achieving market prices 20–25%
igher than robusta. Therefore, suitable methods are required,

or quality and economical reasons, in order to differentiate these
arieties and to avoid the possible mixing with other cheaper
offees, thus ensuring coffee authenticity.

∗ Corresponding author. Tel.: +34 941299626; fax: +34 941299621.
E-mail address: consuelo.pizarro@dq.unirioja.es (C. Pizarro).
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Varietal classification for coffee authenticity has been tackled
sing different types of compositional data including metal con-
ent [3], volatile compounds [4], chlorogenic acids and caffeine
ontent [5], fatty acids profile [6], sterolic profile [7], diter-
enic alcohols [8], amino acids enantiomers [9], tocopherols
nd triglycerides [10]. In spite of the relative success showed
y many of these approaches in coffee varietal identification, it
s important to consider that many analytical reference meth-
ds used to assess the chemical components to be later used as
iscriminant parameters between coffee varieties in the classi-
cation model development may be quite expensive, elaborate
nd/or time-consuming.

For this reason, industry is looking for faster methods, and
rapid, clean and low cost technique, such as an automated

lassification on the basis of NIR spectra directly acquired on
ntreated samples could be a very useful tool. In fact, near
nfrared spectroscopy (NIRS) has emerged in the last years as a
ery promising alternative method for constructing on the basis
f spectral features, and in combination with pattern recognition
ethods, reliable classification models for assessing the quality

f a given product in many food applications [11–17], includ-
ng several approaches applying NIR to the problem of coffee

arietal authentication [18–20].

In this context and in order to search for an optimal classi-
cation model, some of us have recently proposed a strategy
or developing improved classification models for differenti-
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ranged from 0 to 60% (w/w). This specific range of blending
(based on adding increasing robusta amounts to final blends)
was precisely studied as an attempt to develop reliable clas-
sification models mainly focused on detecting arabica coffees
22 I. Esteban-Dı́ez et al. /

te between arabica and robusta pure coffee varieties based
n their NIR spectra and using potential functions Method as
lass-modelling technique [21]. In this former paper and to min-
mise certain physical light effects, thus enhancing the relevant
hemical information contained in the spectra, two orthogonal
ignal correction methods were applied on raw NIR spectra to
emove information not related to the caffeine content of sam-
les, which was selected as response variable precisely due to its
igh discriminating power between coffee varieties. Although it
as shown that original NIR spectra of roasted coffee samples
ight be used directly to develop a classification model with a
oderately high discrimination ability between pure varieties,

he classification models constructed after applying the orthog-
nal signal correction methods yielded excellent classification
esults also with a notable reduction in model complexity.

Therefore, given that this strategy appeared to have great
romise for coffee varietal authentication purposes, we decided
o deeper explore its actual applicability options, and to evaluate
n the present work if a similar strategy (combination of direct
rthogonal signal correction (DOSC)) method [22] and potential
unction class-modelling method [23–25]) can be successfully
pplied not only to discriminate between pure coffee varieties,
ut also between pure varieties and different blends of the two
pecies on the basis of NIR spectra.

Moreover, it should be noticed that in this modified applica-
ion no additional chemical variable need to be determined for
hose samples forming the calibration set in order to perform on
ts basis the orthogonal correction of spectra, since the response
ariable to be used in DOSC application is directly the percent-
ge of robusta coffee contained in each sample, so it is easy to
e realized the notable simplification and cheapening that this
act implies.

One decisive design parameter that has to be set prior to
ny classification model development is the number of cate-
ories to be considered and the particular requirements that a
ample has to fullfit in order to be assigned to a certain class.
n this study, two different approaches were explored differing
n the number and particular properties of classification cate-
ories to be taken into account. In an initial and more flexible
pproach three separate classes were defined a priori: (1) pure
rabica; (2) arabica–robusta blends; (3) pure robusta. Next, a
ore constrained approach taking into account five different

ategories was evaluated, in such a way that the only class pre-
iously defined as ‘arabica–robusta blends’ was split into three
eparate classes in order to try to differentiate between blends
ith a low robusta content (from ≈5 to 20%), blends with a
edium robusta content (from ≈25 to 40%) and blends with
high robusta content (from ≈45 to 60%). In both cases, for

valuating the effect of the orthogonal correction applied on
IR spectra on the quality of the final classification model con-

tructed, the results obtained before and after transforming the
pectra were analysed and compared.

It should be clarified that the aim of this study was not to

rovide a definitive and immutable NIR classification model for
iscriminating between pure coffee varieties and blends, but to
ropose a novel strategy capable of accomplishing this task and
roving its reliability and effectiveness to assess the genuineness
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f coffee samples. Although the data set used in this work was
esigned to cover insofar as possible the great natural variability
nherent to commercially available coffees by considering dif-
erent roasting conditions and degrees, and varied geographical
rigins, it is quite clear that the dynamic nature of the coffee
arket and the particular needs and production lines of a given

offee company would demand a more exhaustive or specific
ollection of the calibration samples to develop the final class-
odel with the methodology here presented.

. Experimental

.1. Samples

The data set used in the present study comprised 83 roasted
offee samples from varied origins and varieties (36 arabica
nd 47 robusta coffees), which were processed under differ-
nt roasting conditions. In addition, 108 blends of arabica and
obusta coffee varieties were prepared in laboratory by com-
ining the three coffee samples most representative of each
ariety which were previously selected. The application of PCA
n mean centred NIR spectra provided an effective and easy-
o-implement tool for selecting representative samples from
rabica and robusta varieties. Fig. 1 shows a bidimensional rep-
esentation of PC1 and PC2 scores accounting for 88.33% of the
ariance in the roasted coffee NIR spectral data, labelled accord-
ng to their coffee variety: (1) arabica coffees; (2) robusta cof-
ees. Two sample groups appeared slightly separated by the first
isectrix of the two component axes, suggesting the presence
f two different clusters just associated with the two varieties
onsidered. Thus, the centroid and two extreme samples within
ach class were selected in order to later generate on their basis
uitable coffee blends with a robusta content in the final blends
ig. 1. Scores of the 83 roasted coffee samples from arabica (labelled as 1)
nd robusta (labelled as 2) pure varieties on the first two principal components
xplaining the variability in the NIR spectral data.
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dulteration, since when a fraudulent practice is committed in the
laboration procedure of coffee blends from arabica and robusta
ure coffee varieties the motivation behind is purely economical,
.e., to reduce costs due to the lower price of robusta coffee as
ompared to arabica coffee, increasing the actual robusta per-
entage in the final blends despite they will be sold as mostly
ased on arabica variety.

The resulting data set was split into two independent subsets:
calibration set with 100 samples and a test set with 91 samples.
he main cautions taken in order to select a suitable composi-

ion of the external test set were to include samples of both pure
arieties and different compositional blends, in such a way that
he contained blends covered the whole range of robusta per-
entages studied.

.2. Apparatus and software

NIR spectra were recorded on a near infrared spec-
rophotometer NIRSystems 5000 (Foss NIRSystems, Raams-
onksveer, The Netherlands) equipped with a reflectance detec-
or and a sample transport module. The instrument was con-
rolled by a compatible PC, and Vision 2.22 (Foss NIRSystems,
aamsdonksveer, The Netherlands) was used to acquire the
ata.

Data pre-processing treatments and potential functions class-
odelling technique were applied by means of V-PARVUS 2004

M. Forina et al., Dipartimento di Chimica e Tecnologie Farma-
eutiche ed Alimentari, Università di Genova, Italy). The DOSC
outine was implemented in MATLAB 6.5 (Mathworks, Natick,
SA). Specifically, the DOSC method developed by Westerhuis

t al. [21] was used for the DOSC calculations. Data for isopo-
ential lines obtained from PARVUS were later mapped using
urfer 8 (Golden Software Inc.).

.3. Recording of NIR spectra

Reflectance spectra were obtained directly from untreated
amples. Due care was taken to ensure that the same amount of
ample was always used to fill up the sample cell. Each spec-
rum was obtained from 32 scans performed at 2 nm intervals
ithin the wavelength range 1100–2500 nm, with five replicates

or each individual sample. The samples were decompacted
etween recordings. An average spectrum was subsequently
omputed from the collected replicates.

.4. Validation of classification models

Usually, the potential functions class-modelling technique
alidates the predictive ability of the constructed classification
odels by cross-validation, since when working with potential

unctions is not recommended to waste objects to make up an
xternal evaluation set. It is, however, well-known that orthogo-
al signal correction methods can produce a notable overfitting

hen applied on the spectra forming the calibration set. For

his reason, although all potential functions classification mod-
ls were constructed by cross-validation, we decided to also
alidate the actual predictive abilities of resulting models by

d
d
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esting their performance on an external test set to guard against
verfitting.

.5. Data processing

The whole data matrix was composed of 191 objects, 700
pectral variables (NIR absorbance values within the wavelength
ange 1100–2500 nm), and a response variable (percentage of
obusta content in samples) to be used in the orthogonal correc-
ion. The initial set of 191 roasted coffee samples was divided
nto two subsets: the calibration set (100 objects) used to develop
he classification models and the external test set (91 objects)
sed to evaluate the actual predictive ability of the constructed
odels.
The models used to classify roasted coffee samples were

onstructed by using the potential functions method in its mod-
fied form as a class-modelling technique. The optimal value
f the smoothing parameter was selected by means of a cross-
alidation procedure, in such a way that the amplitude of each
ndividual potential, defined by this smoothing parameter, was
he same for all the objects in the category (fixed potential func-
ions). Model boundaries were computed from the estimate of
he equivalent determinant. The class-models were constructed
t a level of significance corresponding to 95%. The same a
riori class probability was applied to both categories (equal to
). When classification models were developed on the basis of
IR data, given the large number of spectroscopic variables, a
rior step of dimensionality reduction computing a small num-
er of principal components was required. One crucial step in
odelling based on NIR spectra is the selection of the optimal

umber of PCs to be used in the model development. The opti-
al complexity of each model was assessed by cross-validation

all the classification models were built by cross-validation using
ve deletion groups). When the DOSC method was applied to
nd classification models with a high predictive ability and avoid
ver-fitted solutions, the suitable orthogonal correction degree to
e applied was determined as follows: the number of orthogonal-
Cs to be removed from raw spectra was varied from 1 to 5, in
uch a way that the optimal number of orthogonal components
o be subtracted was chosen according to the results obtained in
he cross-validation procedure. All models were constructed on
entred data.

The quality of the results provided by the different class-
odels constructed was compared according to several evalua-

ion parameters:

total classification (prediction) rate (TR)

TR =
∑

cmcc

N
(1)

category c rate (Rc)

Rc = mcc

N
(2)
c

These equations were applied in both classification and pre-
iction, where mcc is the number of correct classifications (pre-
ictions) for a certain category c,

∑
cmcc is the total number of
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Table 1
Percentages of correctly classified samples

PCs Classification (%) External prediction (%)

RC1 RC2 RC3 TR RC1 RC2 RC3 TR

Raw NIR spectra
1 19.1 (17) 43.1 (33) 52.4 (10) 40.0 (60) 26.7 (11) 44.0 (28) 65.4 (9) 47.3 (48)
3 81.0 (4) 93.1 (4) 81.0 (4) 88.0 (12) 86.7 (2) 98.0 (1) 88.5 (3) 88.5 (6)
5 85.7 (3) 94.8 (3) 95.2 (1) 93.0 (7) 93.3 (1) 94.0 (3) 100 95.6 (4)
7 85.7 (3) 98.3 (1) 100 96.0 (4) 93.3 (1) 94.0 (3) 100 95.6 (4)

DOSC-corrected NIR spectra (three orthogonal-PCs removed)
3 100 100 100 100 100 100 96.2 (1) 98.9 (1)
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otal rate (TR) and category rates (RC1, RC2 and RC3) both in classification an
f samples incorrectly classified appears in brackets.

orrect classifications (predictions), Nc is the number of clas-
ifications (predictions) for a certain category c and N is the
umber of total classifications (total predictions). It should be
oticed that Nc does not always equal the number of objects
elonging to class c, in the same way as N does not always rep-
esent the number of total objects, since, for instance, during
ross-validation, an object can be classified several times.

Graphical tools, such as isopotential lines and Coomans plots,
ere also used to analyse the goodness of the models.

. Results and discussion

.1. Three-class approach

In the first part of this study three separate categories ((1) pure
rabica coffees; (2) arabica–robusta blends; (3) pure robusta
offees) were considered, accounting for 191 samples that were
ivided at random into calibration (21 arabica coffees; 58
lends; 21 robusta coffees) and test (15 arabica coffees; 50
lends; 26 robusta coffees) sets.

Table 1 summarised the classification and prediction rates
orresponding to the class-models developed on the basis of
ean-centred raw NIR spectra of roasted coffee samples using

he potential functions method with model complexities from 1

o 7 PCs for the three-class problem analysed. The table shows
he influence on the number of PCs used to construct the class-

odel, in such a way that 7 PCs were used to compute the
odel to achieve the maximum correct classification rates in

F
m
m

able 2
ensitivity and specificity values for the potential functions models constructed for c

Cs Category 1 Category 2

Sensitivity Specificity for class Sensitivity Sp

2 3 1

aw NIR spectra
1 95.2 0.0 0.0 96.6 4
3 95.2 5.2 52.4 94.8 90
5 90.5 46.6 100 86.2 90
7 95.2 34.5 100 81.0 90

OSC-corrected NIR spectra (three orthogonal-PCs removed)
3 100 100 100 94.8 85
rnal prediction, working on original and DOSC-corrected spectra. The number

he cross-validation procedure, accounting for the 99.99% of
he variance in the data. Table 2 shows the results correspond-
ng to the same classification models developed from raw data
xpressed in terms of sensitivity and specificity for the three
lasses studied. Sensitivity is the proportion of samples belong-
ng to a certain category correctly identified by the mathematical

odel corresponding to that class, i.e., it is a measure of the
bility to correctly predict ‘true’ positives. Specificity is the pro-
ortion of samples not belonging to a certain class classified as
oreign, i.e., it is a measure of the ability to discriminate against
false’ positives. In spite of the relatively good results obtained
n both classification and prediction when considering the 7-PCs
lass-model developed from raw NIR spectra, the specificity of
he model of category 1 for category 2 is 34.5%, whereas the
pecificity of the model of category 3 for category 2 is 10.4%,
hich indicates that many blends can be classified as ‘false’
ure varieties, leading to a high ‘false’ positives probability.
ikewise, the observed specificity of the model of category 3

or category 1 is not neither too high (only 61.9%) which may
uggest potential problems to discriminate even between pure
arieties. These two parameters (sensitivity and specificity) are
very valuable diagnostic tool, since a class-model should not
nly accept samples belonging to the considered category but
lso it should reject foreign samples.
These numerical results can be also confirmed graphically.
ig. 2(a) shows the Coomans plot corresponding to the class-
odel computed with 7 PCs from raw NIR spectra. Bearing in
ind the categories considered, the axes of the Coomans plot

ategories 1 (pure arabica), 2 (arabica–robusta blends) and 3 (pure robusta)

Category 3

ecificity for class Sensitivity Specificity for class

3 1 2

.8 4.8 95.2 4.8 17.2

.5 90.5 95.2 33.3 17.2

.5 100 90.5 85.7 25.9

.5 100 90.5 61.9 10.4

.7 100 90.5 100 100
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ig. 2. Coomans and isopotential lines plots corresponding to a: (a) 7-PCs class-
IR spectra after removing three orthogonal PCs by DOSC; for the three-class

epresent the class-models of arabica coffees (labelled as 1)

n abscissas and robusta coffees (labelled as 3) in ordinates.
hus, the upper right quadrant will correspond to the samples

ejected by the two models represented. In this case, the

a
t
i

able 3
ercentages of correctly classified samples

Cs Classification (%)

RC1 RC2 RC3 RC4 RC5 TR

aw NIR spectra
1 0.0 (21) 55.6 (8) 16.7 (15) 0.0 (22) 0.0 (21) 13.0 (87)
3 66.7 (7) 83.3 (3) 72.2 (5) 86.4 (3) 76.2 (5) 77.0 (23)
5 85.7 (3) 83.3 (3) 83.3 (3) 72.7 (6) 95.2 (1) 84.0 (16)
7 85.7 (3) 88.9 (2) 83.3 (3) 68.2 (7) 100 85.0 (15)

OSC-corrected NIR spectra (three orthogonal-PCs removed)
1 100 100 100 100 100 100

otal rate (TR) and category rates (RC1, RC2, RC3, RC4 and RC5) both in classifica
he number of samples incorrectly classified appears in brackets.
l developed from original NIR spectra, (b) 3-PCs class-model constructed from
em analysed.

amples expected to be located in this quadrant would be the

rabica–robusta blends (labelled as 2). Samples contained in
he test set are plotted as 0. The large number of samples plotted
n the class-space common to the two models representing pure

External prediction (%)

RC1 RC2 RC3 RC4 RC5 TR

13.3 (13) 83.3 (3) 16.7 (15) 7.1 (13) 34.6 (17) 33.0 (61)
86.7 (2) 88.9 (2) 72.2 (5) 78.6 (3) 88.5 (3) 83.5 (15)
86.7 (2) 94.4 (1) 66.7 (6) 85.7 (2) 100 87.9 (11)
93.3 (1) 94.4 (1) 66.7 (6) 85.7 (2) 100 89.0 (10)

100 100 100 100 100 100

tion and external prediction, working on original and DOSC-corrected spectra.
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arieties demonstrated a low degree of specificity of the model
ased on raw spectra. It deserves special attention the fact that
ost samples belonging to the blends category appear in this

rea. The potential functions method also enabled us to obtain
otentials for contour plots (isopotential lines plots) consid-
ring all samples and categories to be used as an additional
isualizing tool. Fig. 2(a) displays the isopotential lines plot
elative to the potential functions model of the three considered
ategories. As can be seen, class-models did not appear clearly
eparated, showing a high degree of overlapping between all
ategories.

In sight of the numerical and graphical results derived from
he analysed raw spectra based classification model, it could be
tated that, despite its acceptable discrimination ability which
ight be considered satisfactory for differentiating between ara-

ica coffees, blends and robusta coffees, the lack of specificity
howed between classes could reveal potential problems for clas-
ification of future samples. This finding stresses the relevance
f the aims pursued in the present study, i.e., trying to improve
he quality of the final classification model constructed in terms
f both sensitivity and specificity to enable a more accurate prac-
ical application.

In order to try to solve the already discussed specificity prob-
ems associated with models based on raw data, DOSC was
pplied on NIR spectra taking into account the percentage of
obusta variety contained in each sample as response variable
nd varying the number of orthogonal-PCs to be removed from
to 5 to determine the suitable orthogonal correction degree to
e applied. The corrected resulting spectra were then used to
evelop the respective potential functions class-models. Con-
idering all the models based on spectra corrected by the DOSC
ethod, it was observed that when the number of orthogonal-
Cs to be removed from the raw data increased, the quality
f the respective potential functions models improved signifi-
antly and their corresponding complexity decreased once each
rthogonal component had been removed. Nevertheless, this
radual improvement in class-model performance was limited,
nd thus, the model developed after removing three orthogonal-
Cs by DOSC was considered the most suitable one, since
urther corrections did not provide any substantial advantage.
he results corresponding to the classification model finally
elected expressed as correct classification and prediction rates
re shown in Table 1. It can be observed that the optimal class-
odel constructed after the removal of three orthogonal-PCs

ot only reduced the model complexity to only three components
explaining almost the 100% of the variance in the data), but also
xhibited excellent results in both classification and prediction. It
ust be particularly underlined the great improvement achieved

n terms of sensitivity, and more remarkably concerning speci-
city between categories (Table 2). Coomans and isopotential

ines plots showed in Fig. 2(b) also confirmed the high qual-
ty of the classification model developed from DOSC-corrected
IR spectra for discrimination between pure coffee varieties and

lends. Both plots showed a high degree of interclass specificity
nd a patently clear separation between class-models, consid-
rably improved with regard to that provided by the model
onstructed from raw spectra.
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.2. Five-class approach

At this point, and without underestimating the very good
esults obtained in the first part of the study when considering
nly three separate categories to deal with the problem of vari-
tal classification for coffee authenticity, we decided to study the
ame problem in more depth considering a higher number of a
riori defined categories by limiting the qualitative requirements
o be met for belonging to a certain class. The increase in the
umber of considered categories was aimed at discriminating,
t least roughly between several degrees of robusta contents in
blend.

In this way, five separate categories were defined: (1) pure
rabica coffees; (2) blends with a low robusta content; (3) blends
ith a medium robusta content; (4) blends with a high robusta
ontent; (5) pure robusta coffees. The 191 total roasted cof-
ee samples were split randomly into calibration (21 arabica
offees; 18 low robusta content blends; 18 medium robusta con-
ent blends; 22 high robusta content blends; 21 robusta coffees)

f
i
i
t

ig. 3. Coomans and isopotential lines plots corresponding to a: (a) 7-PCs class-mode
pectra after the removal of three orthogonal PCs by DOSC; for the five-class proble
ta 71 (2007) 221–229 227

nd test (15 arabica coffees; 18 low robusta content blends; 18
edium robusta content blends; 14 high robusta content blends;

6 robusta coffees).
Table 3 shows the results in both classification and prediction

expressed as percentages of correctly classified samples) pro-
ided by the potential functions class-models developed from
aw spectra, varying the number of PCs computed in the model
evelopment from 1 to 7 for the five-class problem studied.
able 4 summarised the results corresponding to the same class-
odels in terms of sensitivity and specificity percentages. Tak-

ng into account the numerical results collected in these tables,
everal conclusions can be drawn about the classification mod-
ls developed from raw NIR spectra. Even though when a large
umber of PCs were used in the model construction (e.g. 7 PCs
xplaining for the 99.99% of the variance in the system), the

act of dividing the category of arabica–robusta blends (which
nitially has a ‘global’ nature) into three sub-categories accord-
ng to the greater or lesser robusta content of samples gave rise
o a notable worsening of the quality of the final classification

l developed from raw NIR spectra, (b) 1-PC class-model constructed from NIR
m studied.
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Fig. 4. Spectra of the 191 samples contained in the roasted cof

odel. The category and total rates decreased appreciably in
oth calibration and prediction (particularly in the case of blends
f medium and high robusta content), and the obtained speci-
city values between categories indicated an even higher risk
f ‘false’ positives than in the case of only considering three
lasses. Fig. 3(a) show the Coomans plot and the isopotential
ines plot corresponding to the 7-PCs potential functions model
eveloped from raw data to discriminate between the five anal-
sed categories. Again, in the Coomans plot, the class-model of
rabica coffees (1) was represented in abscissas and the class-
odel of robusta coffees (5) was plotted in ordinates, so samples

xpected to be rejected by both displayed class-models (i.e., cof-
ee blends belonging to categories 2, 3 and 4) should appear in the
pper right quadrant. As in the previous case, external test sam-
les are labelled as 0. From the samples distribution observed in
he Coomans plot, it can be concluded that the model constructed
n the basis of raw spectra was not able to neatly separate the
ve categories. The extremely strong overlapping between the
ve classes showed in the isopotential lines plot confirmed the
erious lack of specificity of the model and its unsuitability to
nsure an accurate classification.

Notably improved results were yielded by the potential func-
ions model constructed after the application of DOSC pre-
rocessing method on NIR spectra considering the robusta
ontent in each sample as response variable to be used in the
rthogonal correction (once selected the optimal number of
rthogonal-PCs to be subtracted). As can be seen, the finally
elected classification model developed after removing three
rthogonal-PCs (we decided not to perform more exhaustive cor-
ections because they did not provide any appreciable improve-
ent in terms of model quality) and with the minimum com-

lexity (only 1 PC explaining the 99.99% of the variance in the
pectral data) not only provided 100% correct classifications

n both calibration and prediction (Table 3), but also a great
pecificity between the five considered classes (Table 4), visu-
lly confirmed in Coomans and isopotential lines plot (Fig. 3(b)).
bviously, a slight longitudinal overlapping mainly between the

s
t
a
a

ta set: (a) without pre-treatment and (b) after applying DOSC.

hree categories dealing with arabica–robusta blends, which can
e observed in the isopotential lines plot, was not only expected
ut logical, due to the narrow margin that existed between the
uantitative limits defining each one of these qualitative cate-
ories of blends.

.3. Spectral profiles

The main objective of the present study was focused on min-
mising certain physical light effects that occur inherently in dif-
use reflectance near-infrared spectroscopy, to develop improved
lassification models for coffee varietal authentication purposes.

The results obtained and discussed in this study, in both
pproaches analysed, have already demonstrated the practical
sefulness and efficiency of applying an orthogonal signal cor-
ection method prior to the development of a high quality classi-
cation model. Nevertheless, a visual comparison between NIR
pectral profiles before and after applying the orthogonal cor-
ection on roasted coffee NIR spectra (Fig. 4) can contribute
o additionally show up the goodness of the strategy used here.

clear distinction is observed between the DOSC pre-treated
pectra, but not for the original spectra, in such a way that cor-
ected spectral profiles appeared perfectly grouped according to
he particular percentage of robusta coffee contained in sam-
les. Since DOSC method was applied directly on raw spectra
no pre-treatment was previously performed on data), it works
s a kind of background subtraction: for the arabica coffee (0%
obusta content), the spectrum is filtered away.

. Conclusions

The results reported in this study have demonstrated that the
ombination of near-infrared spectroscopy with an orthogonal

ignal correction method and with a powerful class-modelling
echnique, such as potential functions method can be used as
n optimal strategy not only for discriminating between arabica
nd robusta pure coffee varieties, but also for differentiating
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etween pure varieties and blends of the two species, even when
eparate categories of blends were defined depending on the
ctual robusta content in samples. In both cases studied (vary-
ng the number of separate categories to be considered) a very
ubstantial improvement in the global quality of the finally con-
tructed class-model (particularly in terms of specificity between
lasses) was achieved in comparison with the respective model
eveloped from original NIR spectra. The applied strategy did
ot imply any additional reference analysis, since the response
ariable to be considered in the orthogonal signal correction
as precisely the percentage of robusta coffee in each sample

already known for calibration samples). Therefore, the applied
lassification strategy only relied on NIR measurements. This
act, together with the great results obtained, could make it very
uitable for use in authenticity assessment of coffee. It should,
owever, be noticed that the work here presented is only a feasi-
ility study, so further studies are required to properly evaluate
ts actual performance.
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