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a b s t r a c t

This work investigates the potential use of simultaneously near-infrared (NIR) and mid-infrared (MIR)
spectroscopies for the quantitative analysis of fatty acids and triacylglycerols and for identifying the
Registered Designation of Origin (RDO) of extra virgin olive oils. The two spectral ranges were used
separately using PLS and PLS-DA regressions. To combine both information, concatenated matrix was
used at the first time, multiblock method using H-PLS models were constructed at the second time.
The models were compared in terms of prediction errors. The results obtained with MIR spectroscopy
are better than the ones obtained with NIR spectroscopy. The H-PLS methodology seems to be very
interesting for quantitative analysis with the use of additional information in the NIR range, which is not
present in the MIR one. For RDO identification by discriminant analysis, the use of multiblock method
was less efficient.

© 2010 Elsevier B.V. All rights reserved.

1. Introduction

During the last decade, a lot of progress appeared in the ana-
lytic world. The time necessary to obtain analytic data decreased,
so far one manufactured product, multiple measurements were
done (spectroscopy, chromatography, sensorial analysis . . .). The
data were considered as independents, the near-infrared (NIR) or
the mid-infrared (MIR) data could be used to quantify triacylglyc-
erols and fatty acids in virgin olive oils (VOOs), by using regression
methods as PLS regression. Each group of variables, or each matrix,
was usually called a block and is measured on the same observa-
tions (in rows). It was possible to find complementary information
using two different analytic methods. In this case, the analyst could
use multiblock predictor and multiblock response. In the literature,
several multiblock methods were described. The simplest method
was to put the descriptor block into the same matrix and then
applied PLS regressions. Sometimes, this methodology gives good
results, but the difficulty was to scaling the individual blocks to
obtain interpretable results. Another way was to consider each
block independently at the beginning. Principal component analy-
sis (PCA) was applied on each block and then the scores obtained
in each block were collected together to form a super matrix. This
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method presented by Tenenhaus and Vinzi [1] was called H-PLS.
A few applications could be found in the literature. Among them,
Casale et al. [2] work on three analytical methods and chemometric
way. Brás et al. [3] present a multiblock approach to compare and
to combine NIR and MIR spectra in calibrations of crude protein and
moisture in soybean flour.

In this paper, these methods were applied to characterization
of French virgin olive oils. Approximately 30% of this produc-
tion is related to eight registered designations of origin (RDO):
“Aix-en-Provence”, “Corse”, “Haute-Provence”, “Nice”, “Nîmes”,
and “Nyons”, “Provence”, “Vallée des Baux de Provence”. Except
the Provence RDO, all have obtained the European quality label
of protected designation of origin (PDO). This quality label con-
trols all processes from farming to VOO production. The search
for the origin and the authenticity of VOOs has been the object
of numerous studies in the past few years using the extremely var-
ied physical–chemical determinations that are associated with a
chemometric treatment. The studies could be classified into two
main categories. In the first one, the samples are chemically treated
to determine the composition in different constituents: fatty acids
[4] and triacylglycerols [4,5], sterols [6], aroma [7], etc. The second
one is based on spectroscopic studies on samples without prelimi-
nary treatment: 1H and 13C NMR [8,9], near-infrared spectroscopy
(NIR) [10,11], and Fourier transform infrared spectroscopy (FTIR)
[12]. Previous works have shown that MIR spectroscopy using ATR
sampling performed as well as NIR spectroscopy using transmission
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sampling, for the quantification of fatty acids and triacylglycerols
and for the discrimination of the samples in their RDO’s origins
[13,14].

The two infrared spectroscopies provided satisfactory results
but sometimes the best results are obtained in NIR spectroscopy,
and sometimes in the MIR range. The two information could be
used as two predictor blocks used separately or together. In that
case, the complementary information were used simultaneously
in one model. This approach was a new tendency in the analytic
word because the number of analyses performed on one sample
increase and there is a need of common analysis [15,16].

The aim of this work was to compare and to combine the MIR
and the NIR spectroscopies for quantitative and discriminant anal-
ysis. Firstly, PLS regression models were built to quantify fatty acid
and triacyglycerol rates, using the two spectroscopies separately.
Secondly, concatenated matrix was used. In this model, MIR and
NIR blocks are concatenated in order to form a single matrix. In
a third time, principal component analysis was performed on the
NIR and the MIR ranges and the score variables used to give another
matrix into a super block called H-PLS [1]. H-PLS regression models
were built to quantify the fatty acids and triacyglycerols, using the
scores variables associated to the principal components.

The same approach was used for the discrimination of the sam-
ples into six RDOs: “Aix-en-Provence”, “Haute-Provence”, “Nice”,
“Nîmes”, “Nyons” and “Vallée des Baux de Provence”.

2. Materials and method

2.1. Virgin olive oil samples

Commercial virgin olive oil samples (n = 412) were obtained
from the French Inter-Professional Olive Oil Association (AFIDOL),
Aix-en-Provence, France and from the Service Commun des Labo-
ratoires des Finances (SCL), Marseille, France. Sampling was carried
out during five successive crops (2003/2004–2007/2008). The sam-
ples used in the prediction set were randomly selected. The RDOs
are principally made up of primary and secondary cultivars and
also local and old varieties. “Haute-Provence” (HP) (n = 50), “Nice”
(n = 57), Nîmes (n = 39) and “Nyons” (n = 50) are made up of one
unique principal cultivar. “Aix-en-Provence” (AP) (n = 104) and
“Vallée des Baux de Provence” (VB) (n = 112) have up to three or
four principal cultivars.

2.2. Fatty acid determination

Olive oil in n-heptane (0.12 g/2 mL) was transmethylated with a
cold solution of KOH (2 M) (1 mL). Fatty acid methyl esters (FAME)
were analyzed on a Perkin-Elmer Autosystem 9000 gas chromato-
graph (GC) equipped with a split/splitless injector (t = 250 ◦C) and
flame ionization detector (FID) (t = 250 ◦C). A silica capillary col-
umn (60 m × 0.25 mm i.d., 0.25 �m film thickness) coated with DB
WAX (polyethylene glycol, JW) was used. The inlet pressure of the
hydrogen as carrier gas was 154 kPa with a ratio 1:70. The oven
temperature program was as follows: 13 min at 200 ◦C, from 200
to 230 ◦C at 6 ◦C min−1, 17 min at 230 ◦C.

2.3. Triacylglycerol determination

Triacylglycerols were analyzed by a HPLC system composed of
a Merck liquid chromatograph Model LaChrom equipped with a
Merck RP-18 Supersphere 100 column (250 mm × 4 mm i.d., 4 �m
particle size, temperature 28 ◦C) coupled with a Merck refractomet-
ric L-7490 detector. A sample loop of 100 �L capacity was used in
which 10 �L was injected. Propionitrile (Carlo Erba, Milan) was the
mobile phase with a flow rate linear gradient (0.5–1 mL min−1) for

47 min. Triacylglycerols in virgin olive oils were separated accord-
ing to equivalent carbon number (ECN), defined as CN-2n, where
CN is the total acyl carbon number and n is the number of double
bonds of fatty acids.

2.4. Nomenclature

Fatty acids: 16:0, palmitic acid; 18:0, stearic acid; 18:1n − 9,
oleic acid; 18:1n − 7, cis-vaccenic acid; 18:2n − 6, linoleic acid;
18:3n − 3, linolenic acid. Triacylglycerols: they are designated by
letters corresponding to abbreviated names of fatty acid carbon
chains that are fixed on the glycerol. The abbreviations of fatty acids
names are: P, palmitoyl; O, oleoyl; L, linoleoyl.

2.5. Near-infrared spectroscopy

FT-NIR spectra were recorded with a Nicolet Antaris spectrom-
eter interfaced to a personal computer. Oil samples were filled into
a 2 mm pathlength quartz cell directly sampled from the bottle
without any chemical treatment. All the spectra were computed
at 4 cm−1 resolution between 4500 and 10,000 cm−1, thanks to
the software result integration 2.1 Thermo Nicolet. Co-addition of
symmetrical interferograms on 10 scans was performed for each
spectrum. A reference spectrum was recorded as before each sam-
ple measurement on an empty tube. The NIR spectra used here
included 2852 points.

2.6. Mid-infrared spectra

Spectra of each VOO sample were obtained using a Thermo
Nicolet Avatar spectrometer equipped with a DTGS detector, an
Ever-Glo source, and a KBr/germanium beam splitter. The spec-
trometer was situated in an air-conditioned room (21 ◦C). Samples
were deposited without preparation on attenuated total reflection
(ATR) cell equipped with a diamond crystal. Spectra were recorded
between 4000 and 600 cm−1, the nominal resolution was 4 cm−1,
and 64 accumulations were co-added. Air was taken as reference for
the background spectrum before each sample. Between each spec-
trum, the ATR plate was cleaned in situ by scrubbing with ethanol
solution, which made it possible to dry the ATR. Cleanliness was
verified by collecting a background spectrum and comparing it to
the previous background spectrum. For the MIR spectra, the spec-
tral range between 1900 and 2650 cm−1 was not included in the
model in order to eliminate variation attributed to CO2 atmosphere.
The MIR spectra used here included 899 points.

3. Multivariate data analysis

3.1. Partial least square regression (PLS)

PLS is a supervised analysis which is based on the relation
between the signal intensity and the characteristics of the sam-
ple [17]. Interference and overlapping of the spectral information
may be overcome by using powerful multicomponent analysis such
as PLS regression. PLS [18,19] allows a sophisticated statistical
approach using spectral region rather than unique and isolated ana-
lytical bands. The first step is to perform a calibration model. This
involves collecting a set of reference calibration samples, which
should contain all chemical and physical variations to be expected
in the unknown samples, which will be predicted later. The model
was built by block cross-validation methods during the calibration
development. The samples were randomly selected into blocks of
10 samples.

The second step is to test the model using a prediction set (dif-
ferent to the calibration one), i.e. to compare the values obtained
by the model to the values obtained by the reference method.
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The evaluation of the calibration and prediction performances
is estimated by computing the standard error of calibration (SEC)
and the standard error of prediction (SEP) [14].

Another useful parameter is the relative error of prediction (REP)
that shows the predictive ability of the model and is calculated from
the following equation:

REP = SEP
ȳ

× 100 (1)

where ȳ is the mean of the observed values.

3.2. Partial least square discriminant analysis regression (PLS-DA)

PLS regression is not previously suited to pattern recognition, as
classification purposes. However, this technique can be adapted for
classification [20–22] giving rise to the PLS1-DA method. PLS1-DA
is carried out using an exclusive binary coding scheme with one
bit per class. For the codification of olive oil origin, the six RDOs
were arbitrarily classified in the order “AP”, “HP”, “Nice”, “Nimes”,
“Nyons”, and “VB”. Therefore, for each sample, the origin may be
represented by a six-dimensional output vector with 1 at the posi-
tion corresponding to geographic origin and 0 at the other positions.
As instance, the sample numbered 2, which is “HP” cultivar, will
be codified by the vector {0; 1; 0; 0; 0; 0}. During the calibration
process, the PLS1-DA method is trained to compute the six “mem-
bership values”, one for each class; the sample is then assigned
to the class showing the highest membership value. Six models
were computed, one for each origin. The performance of calibration
models was estimated from the percentage of correctly classified
samples (%CC). The %CC was estimated by the formula:

%CC = Nc

Nc + Nic
× 100 (2)

where Nc is the number of correctly classified samples and Nic is
the number of incorrectly classified samples [23].

3.3. Combined and multiblock methods

In a first approach, all the variables are combined in a single
block as a conventional PLS, this methodology was called concate-
nated method [2]. In a second approach, a hierarchical methodology
was used. First a PCA was performed on each block, and a PLS
regression was done on the scores obtained [24–26].

3.3.1. Concatenated matrix
Data arrangement for combined-PLSX-block: virgin olive oil spec-

tra data have been arranged in two ways by taking NIR and MIR
absorbances as columns, yielding the X-matrix (The X-matrix data
constituted the independent set of variables). It was possible to use
NIR data as a first block X1 and MIR data as a second block X2, and
to reverse the block order.

Y-block: The Y-block data were the set of fatty acid and triacyl-
glycerol dependent variables for the first part and the origin of the
VOO for the second part.

For combining NIR and MIR spectra, the data were normalized
at the unit vector in order to give the same importance for the two
spectral regions.

3.3.2. Data arrangement for H-PLS models
X-block: PCA of the virgin olive oil NIR and MIR data have been

calculated separately. PCA was performed on the calibration set and
the same model was used for the decomposition of the prediction
one. The scores of each PCA were extracted in order to perform an
other data matrix named TT.

Y-block: The Y-block data were the set of fatty acid and triacyl-
glycerol dependent variables for the first part and the origin of the
VOO for the second part.

Fig. 1. Near-infrared spectra of two RDO virgin olive oil samples. (A) Combination
of the CH stretching vibration with other vibration modes. (B) First overtone of CH
stretching vibration (methyl, methylene and ethylene groups). (C) Combination of
the CH stretching vibration. (D) Second overtone of CH stretching vibration (methyl,
methylene and ethylene groups).

A PLS cycle is done between TT and each predictor from which a
super weight and an updated super score tT are obtained normal-
ized to unit length [27]. These cycles are repeated until tT converged
[28].

3.4. Data pretreatment

Data analysis was carried out using the full spectra. Mean center-
ing was used to improve the smaller spectral differences removing
the common information from the spectra. Absorbance normalized
value was also employed. None of the other mathematical treat-
ments (multiplicative scatter correction, second derivative, etc.)
or wavelength ranges tested improved the prediction accuracy of
models.

During the data processing, the standard normal variate (SNV)
correction pretreatment [14] could be used. The SNV pretreatment
is a row-oriented transformation that removes scatter effects from
spectra by centering and scaling each individual spectrum.

Software: The chemometric applications are performed by the
UNSCRAMBLER software version 9.8 from CAMO (Computer Aided
Modelling, Trondheim, Norway) and the Matlab software from
MathWorks.

4. Results and discussion

Spectra are presented in Figs. 1 and 2, and the band assessments
were made according to the literature [29–31]. The VOOs were con-
stituted by about 98% of triacylglycerols, the fatty acids esterify
the glycerol. Fatty acid compositions of VOOs were determined
by gas chromatography (fatty acid methyl esters) and by liquid
chromatography for triacylglycerol compositions. The chromato-
graphic data were used as reference data to quantify fatty acids
and triacylglycerols by spectroscopic analysis.

For the models described, the calibrations (n = 275) and the
predictions (n = 137) were performed independently. On the same
sample sets, the calibration models are validated using a full cross-
validation and the predictions were done using an independent
sample set.

4.1. Fatty acid and triacylglycerol quantifications

The results obtained for the quantification of five main fatty
acids and six main triacylglycerols in the MIR and the NIR ranges are
reported in Tables 1 and 2. For the fatty acids compositions, the MIR
spectral range give better results than NIR spectral range in terms
of SEP. The same remark could be done for the triacylglycerol deter-
minations but, in this case, the improvement was more important.
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Fig. 2. Mid-infrared spectra of virgin olive oils.

Table 1
Determination of fatty acid contents in the MIR and NIR ranges by PLS analysis.

Fatty acids Fatty acids MIR range NIR range

Range (%)a SECb SEPc REPd (%) (LV)e SECb SEPd REPd (%) (LV)e

16:00 (1.97)f 16.20–7.60 0.358 0.508 4.1 (6) 0.310 0.507 4.0 (5)
18:00 (1.18) 2.73–1.72 0.036 0.186 7.9 (7) 0.027 0.202 8.6 (10)
18:1n − 9 (0.28) 80.60–62.10 0.722 1.29 1.8 (17) 0.683 1.35 1.9 (5)
18:2n − 6 (0.74) 13.93–5.32 0.344 0.608 6.8 (13) 0.393 0.803 9 (3)
18:3n − 3 (2.72) 0.95–0.52 0.007 0.064 10.9 (7) 0.007 0.065 10.9 (10)

a Determined by GC.
b Standard error of calibration.
c Standard error of prediction.
d Relative error of prediction.
e Latent variables.
f REP of chromatographic data.

Compared to the REP of the chromatographic data, the REP obtained
in the MIR range increased by a factor 1.34 for the POO (Table 2) to
a factor 9.19 for the 18:2n − 6 (Table 1). The spectroscopic analysis
induces additional noise with regard to chromatographic analy-
sis, it is thus necessary to improve the precision of the analysis if
some information in the NIR range are not taken into account in the
MIR range, the use of concatenated matrix would be conduced to
increase the analysis accuracy. Concatenated matrix analysis was
performed utilizing all the NIR and MIR spectral ranges. The results
are given in Tables 3 and 4. For fatty acid and triacylglycerol deter-
minations, the use of concatenated matrix does not improve the
results, except for the 18:3n − 3 rate. For three components, the
results are equivalent to the ones obtained in the MIR range.

In the third part, one principal component analysis was per-
formed in the NIR range, and one in the MIR range. For the
calculation of PCA, we used raw data, without any normalization.
The results presented here were obtained using the 274 scores

obtained in the two spectral ranges, with 548 variables for both
spectral ranges. The results obtained in the Hierarchic PLS (H-PLS)
were presented in Tables 3 and 4. For fatty acid and triacylglycerol
determinations, the use of H-PLS improved the results in terms of
SEP. Furthermore, the number of latent variables used in the H-PLS
was globally the same than the one used in the previous analy-
sis. For example, Fig. 3 presents the regression coefficients built
for palmitic acid (16:0) quantification for all the methods. Regres-
sion coefficients are the numerical coefficients that express the
link between the variance in the predictors and the variance in the
responses. So, the more the regression coefficient was high at one
variable the more it was correlated to the fatty acid considered. The
first regression coefficient obtained using the concatenated method
is the superposition of the ones obtained in the MIR and NIR ranges.
For the H-PLS one, the 274 first points are relative to the scores
obtained in the MIR range and the 274 last ones are relative to the
NIR range. The accuracy of the H-PLS model was ameliorated com-

Table 2
Determination of triacylglycerol contents in the MIR and NIR ranges by PLS analysis.

Triacylglycerols Triacylglycerols MIR range NIR range

Range (%)a SECb SEPc REPd (%) (LV)e SECb SEPd REPd (%) (LV)e

LOL (3.42)f 4.11–0.79 0.219 0.278 11.8 (7) 0.089 0.330 14.1 (8)
LOO (1.81)e 17.12–10.47 0.498 0.676 4.9 (7) 0.160 0.705 5.1 (8)
PLO (3.66) 10.57–2.99 0.310 0.615 9.1 (7) 0.396 0.764 11.2 (3)
OOO (1.19) 55.81–26.46 1.11 1.93 4.8 (7) 0.876 2.09 5.2 (5)
POO (2.16) 23.47–16.13 0.360 0.601 2.9 (12) 0.161 0.748 3.6 (9)
POP (4.16) 4.48–1.88 0.125 0.200 6 (12) 0.088 0.239 7.2 (7)

a Determined by HPLC.
b Standard error of calibration.
c Standard error of prediction.
d Relative error of prediction.
e Latent variables.
f REP of chromatographic data.
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Table 3
Determination of fatty acid contents by PLS treatment of concatenated matrix and H-PLS analysis.

Fatty acids Fatty acids PLS concatenated matrix H-PLS

Range (%)a SECb SEPc REPd (LV)e (%) SECb SEPd REPd (LV)e (%)

16:0 (1.97)f 16.2–7.6 0.351 0.504 4.1 (6) 0.268 0.485 3.9 (9)
18:0 (1.18) 2.73–1.72 0.024 0.186 7.9 (16) 0.095 0.194 7.8 (12)
18:1n − 9 (0.28) 80.6–62.1 0.745 1.278 1.8 (6) 0.579 0.931 1.3 (9)
18:2n − 6 (0.74) 13.93–5.32 0.075 0.759 8.5 (7) 0.405 0.635 7.1 (6)
18:3n − 3 (2.72) 0.95–0.52 0.010 0.058 9.9 (17) 0.052 0.069 11.5 (15)

a Determined by GC.
b Standard error of calibration.
c Standard error of prediction.
d Relative error of prediction.
e Latent variables.
f REP of chromatographic data.

pared to the other methods, and the higher contribution was in
the NIR range even if the MIR results were a little better than the
NIR one. At the beginning, the concatenated matrix included for
the calibration, 275 × 3751 points: 275 × 899 for the MIR range and
275 × 2852 for the NIR range. For the H-PLS models, only 275 × 548
points were used and the results are more precise. So, the H-PLS
method improved the results, compared with the concatenated
method, because the noise was eliminated by the PCA step. Only
the first scores of each spectral range are associated to high inten-
sities in the first coefficient of regression. This remark was in good
agreement with the % of variance explained by the associated prin-
cipal components, only the 7 first ones explained more than 1% of
spectral variance.

Fig. 4 presents the regression coefficients built for (OOO) quan-
tification for all the methods. In this case too, the regression
coefficient obtained using the concatenated method was the super-
position of the ones obtained in the MIR and NIR ranges. The H-PLS
model was the best one in terms of SEP (Table 4). The regression
coefficient presents higher intensities in the NIR scores than in a
MIR one.

Compared to the REP of the chromatographic data, the REP
obtained in the H-PLS analysis increased by a factor 1.98 for palmitic
acid (16:0) to a factor 9.60 for linoleic acid (18:2n − 6). The triacyl-
glycerol analysis presents better results than the fatty acid ones
with an increase of the REP between 1.60 for the POO quantifica-
tion to 2.83 for the LOL quantification. These results are in good
agreement with oil constitution, since the triacylglycerols are the
true constituents of VOOs, and the fatty acids are obtained after
transesterification of VOOs.

4.2. Origin determination

The classification of VOOs into six RDOs was performed using
PLS-DA analysis. As in the quantification study described above,

prediction results were obtained using raw or normalized spec-
tral data in the NIR or MIR ranges. The results obtained for all the
samples and all the methods are presented in Table 5 in terms of
correctly classified samples. The predicted origins are never given
by 0 or 1 results because the different rates of triacylglycerols in
the samples vary according to the VOOs. As a matter of fact, there is
a natural variation of the triacylglycerol rates which can notably
be a function of cultivars, geographic origins and harvest dates.
Given the difficulty of calibrating and predicting origin 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. As in the quan-
tification part, the NIR spectral range provides the worse results.
The use of concatenated matrix (Table 5) improved the results
obtained in the MIR range, because only three samples are bad clas-
sified in the MIR range and one in the concatenated method. The
number of latent variables used in the MIR range was comparable
to the one obtained in the concatenated matrix. With the H-PLS,
only three samples are not correctly classified. The combination
of NIR and MIR spectroscopies allows an increase of the percent-
age of correctly classified samples for the concatenated matrix. In
previous work [13], the results between 0.30 and 0.70 have been
considered as suspicious results. According to this hypothesis, the
RDO’s predictions obtained are compared (Table 5). The results
show that MIR models present the high discriminate power if we
take into account suspicious samples. So, the concatenated or hier-
archical analysis does not show improvement compared with the
MIR analysis. The examination of the first regression coefficients
(Fig. 5), built for all the methods for AP origin conduced to the same
remarks than for fatty acid or triacylglycerol determinations. The
first regression coefficient obtained for the concatenated method
was the sum of the ones obtained in the MIR and NIR ranges. The
one obtained for H-PLS method present high intensities for the

Table 4
Determination of triacyglycerol contents by PLS treatment of concatenated matrix and H-PLS analysis.

Triacylglycerols Triacylglycerols PLS concatenated matrix H-PLS

Range (%)a SECb SEPc REPd (LV)e (%) SECb SEPd REPd (LV)e (%)

LOL (3.42)f 4.11–0.79 0.236 0.329 14 (6) 0.219 0.227 9.7 (5)
LOO (1.81) 17.12–10.47 0.525 0.727 5.3 (16) 0.459 0.673 4.9 (6)
PLO (3.66) 10.57–2.99 0.316 0.667 9.8 (6) 0.307 0.396 5.8 (7)
OOO (1.19) 55.81–26.46 1.150 1.911 4.8 (6) 0.934 1.12 2.7 (8)
POO (2.16) 23.47–16.13 0.224 0.636 3.1 (15) 0.646 0.713 3.4 (6)
POP (4.16) 4.48–1.88 0.101 0.221 6.6 (14) 0.192 0.204 6.2 (8)

a Determined by HPLC.
b Standard error of calibration.
c Standard error of prediction.
d Relative error of prediction.
e Latent variables.
f REP of chromatographic data.
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Table 5
Number of bad predicted or suspicious samples found for each origin for the NIR, MIR, concatenated and H-PLS models.

RDOs na Threshold NIR MIR Concatenated H-PLS

Aix-en-Provence 34 BP (> or <0.5) 9 (19)b 1 (14) 1 (18) 2 (16)
S (0.3–0.7) 15 5 10 13

Haute-Provence 17 BP (> or <0.5) 0 (20) 1 (13) 0 (19) 0 (17)
S (0.3–0.7) 12 8 8 9

Nice 19 BP (> or <0.5) 2 (15) 0 (13) 0 (15) 0 (12)
S (0.3–0.7) 7 3 3 7

Nîmes 13 BP (> or <0.5) 1 (15) 1 (13) 0 (19) 1 (16)
S (0.3–0.7) 9 3 6 11

Nyons 17 BP (> or <0.5) 3 (16) 0 (13) 0 (14) 0 (10)
S (0.3–0.7) 10 2 8 1

Vallée des Baux de Provence 37 BP (> or <0.5) 9 (9) 0 (13) 0 (7) 0 (17)
S (0.3–0.7) 13 3 6 6

BP: bad predicted samples, S: suspicious samples.
a Number of predicted samples in each origin.
b ( ) number of factors used in the model.

first scores in each spectral range and similar intensity for each
range.

5. Conclusions

For the quantification of fatty acids and triacylglycerols, MIR
spectra give better results than NIR spectra. The model built on the
concatenated matrix (NIR + MIR) does not improve the results. The
use of H-PLS improved the results obtained in the NIR and MIR spec-
tral ranges separately. In this case, the reduction of the data allows
better fitting for the models. The accuracy of the triacylglycerol
analysis was correct for the quality control use.

For the determination of the geographical origins, as the results
obtained in the MIR range were very good, the concatenated
method or the H-PLS method does not improve the results. The
introduction of NIR data does not allow an increase in the discrim-
inated power of the models.
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