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Influence of data pre-processing on the quantitative determination of the
ash content and lipids in roasted coffee by near infrared spectroscopy
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Abstract

In near-infrared (NIR) measurements, some physical features of the sample can be responsible for effects like light scattering, which lead
to systematic variations unrelated to the studied responses. These errors can disturb the robustness and reliability of multivariate calibration
models. Several mathematical treatments are usually applied to remove systematic noise in data, being the most common derivation, standard
normal variate (SNV) and multiplicative scatter correction (MSC). New mathematical treatments, such as orthogonal signal correction (OSC)
and direct orthogonal signal correction (DOSC), have been developed to minimize the variability unrelated to the response in spectral data.
In this work, these two new pre-processing methods were applied to a set of roasted coffee NIR spectra. A separate calibration model was
developed to quantify the ash content and lipids in roasted coffee samples by PLS regression. The results provided by these correction methods
were compared to those obtained with the original data and the data corrected by derivation, SNV and MSC. For both responses, OSC and
DOSC treatments gave PLS calibration models with improved prediction abilities (4.9 and 3.3% RMSEP with corrected data versus 7.1 and
8.3% RMSEP with original data, respectively).
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

The total solids content, that is, the overall concentra-
tion of a beverage (including suspended solid materials and
emulsified lipids and solutes) is the most important feature
of the chemical composition of espresso and roasted coffee.
On the other hand, three of the main organoleptic features
of a cup of espresso are flavour, mouthfeel and aftertaste,
and they all depend on the quantity of oil present as a dis-
persion of small droplets that not only dissolve important
flavour components, but also increase the viscosity of the
beverage[1]. Therefore, it is quite important to ensure an
accurate determination of the ash content and total lipids in
roasted coffee, particularly in terms of quality assurance.

To determine the ash content in roasted coffee, the coffee
industry uses an analytical reference method that requires
carbonising the sample until constant weight is achieved,
whereas the reference method for the quantification of the
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total lipids involves a Soxlhet extraction and desiccation un-
til constant weight is attained[2]. These reference meth-
ods are perfectly reliable but, in practice, they are also
time-consuming methods that use organic solvents, and this
is a clear disadvantage from an environmental point of view.

The use of near-infrared spectroscopy (NIRS) to estimate
the different features of the samples has become widespread
thanks to the progress of multivariate calibration[3]. Among
other advantages, in NIR spectroscopy the measurements
are non-destructive and it is possible to use solid samples
without any sample pre-treatment. Typically, with NIR
spectra, the analytical information is contained in fine spec-
tral variations that are usually dominated by features such
as light scattering, background noise and baseline drift.
These unwanted variations can have adverse effects on the
development of a calibration model and produce inaccurate
or biased results. Therefore, when working with NIR data,
an important decision is whether a pre-processing method is
necessary, and if this is the case, the selection of a suitable
pre-processing method is an important step in the model
building. For example, NIR spectra are subject to large
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baseline shifts due to the reflectance mode in which they are
usually recorded[4,5]. This problem is particularly relevant
for solid powdered samples, such as roasted coffee, which
contain materials of varying particle size distributions. The
use of adequate pre-processing methods minimizes the
contribution of physical effects to the NIR spectra.

The mathematical treatments most commonly used to
correct the spectral variations due to physical changes are
derivation to different orders[6,7], standard normal variate
(SNV) and multiplicative scatter correction (MSC)[8–10].
The first derivative is commonly used to eliminate baseline
offset variations within a set of spectra. As it is a constant
(zero order) term added to a functionf(w) (the spectrum),
offset C is eliminated by taking the derivative with respect
to w (wavelength). On the other hand, the linear baseline of
a spectrum is described by the first order equationaw + C

(a is slope,w the wavelength, andC the offset), which adds
to a functionf(w) (the spectrum). As it was shown earlier,
the calculation of the first derivative with respect tow elim-
inates the offset term. However, the slope term becomes a
constant term in the first derivative. It is a common practice,
therefore, to take the second derivative with respect tow

so as to eliminate both the offset and slope. The spectral
offset and slope may vary within a set of spectra for several
reasons including, particle size differences among samples,
varying particulate levels among liquid samples, or small
changes in instrument response due to short term variations
in lamp intensity, detector response, or instrument tempera-
ture. Irrespectively of the order, both derivatives lead to an
increased spectral resolution at the expense of a decreased
signal-to-noise ratio. SNV, developed by Barnes et al.[11],
is a scatter correction method used to normalize spectra
when the effective pathlength varies among the samples
of a data set. Such a pathlength variation can occur when
measuring the spectra of granular or powdery samples if the
sample presentation in a cell is not fully reproducible, or if
the particle size varies among the samples. Each spectrum
is mean centred and then divided by its standard deviation,
so that the new spectra are centred in 0 and their standard
deviations are 1, with a common scale for all the spec-
tra. All the math pre-treatments discussed so far are based
on and applied to individual spectra; they operate on data
points of a given spectrum, and give results determined by
the unique features of that spectrum. By contrast, MSC, de-
veloped by Geladi et al.[9], is set-dependent: it is a scatter
correction method based on a related set of spectra, where
the correction is carried out based on the assumption that all
the samples have the same scatter coefficient at all the NIR
wavelengths. In MSC, the mean spectrum is calculated from
all the spectra in a defined data set. Then, a least squares
linear regression is performed on absorbance values of the
sample spectrum versus those at corresponding wavelengths
in the mean spectrum. This operation provides a linear equa-
tion with a defined intercept and slope. Next, the value of the
intercept is subtracted from every data point in the spectrum.
Finally, each absorbance value in the resulting spectrum is

divided by the value of the slope. Using the mean spectrum,
the same set of operations is performed on every spectrum
in the data set. In this way, MSC tries to separate multiplica-
tive and additive effects of the scatter in NIR measurements,
minimizing spectral variations that are not due to the analyte
concentration. It has been demonstrated that MSC and SNV
are linearly related, and thus should give similar results[12].

2. Theory

2.1. Orthogonal signal correction (OSC)

There is no proof that any of the signal processing tech-
niques discussed in the previous section will remove only
irrelevant information from the response matrix. For this rea-
son, Wold et al.[13] developed orthogonal signal correction
(OSC) to remove systematic variation from the predictor
matrixX unrelated, or orthogonal, to the property matrixY .
OSC is a method developed to reduce light scatter effects,
and indeed more general interferences, whilst only remov-
ing the effects that have zero correlation with the reference
valuey. The idea is that all the information in the spectrum
related toy should remain rather than be removed. The first
step of the algorithm is to compute loading weights,ŵ, so
that the score vector̂t = Xŵ describes as much as possible
the variance ofX under the constraint that it is uncorrelated
to Y , making t̂ as close as possible to the orthogonality to
Y . After having obtained this component, its effect is sub-
tracted before computing any new component of the same
type. The procedure can continue, but usually a very small
number of “correction” components is needed. The residuals
after OSC are used for regular PLS modelling. This treat-
ment is applied at once to all the spectra in the calibration
set. Then, the correction on theX matrix can be applied to
an external evaluation set to validate the prediction ability
of the calibration model built with the treated data. Since
the introduction of the OSC method, a number of different
attempts to improve the OSC method have been presented
in the literature[14–21]. Furthermore, a MATLAB code for
an OSC algorithm has been published on the Internet[22];
in this paper, this version has only been used to correct the
set of evaluated spectra.

2.2. Direct orthogonal signal correction (DOSC)

The original OSC algorithm and all its modifications are
not the only pre-processing methods to correctX by remov-
ing, at least, a part of the systematic variation unrelated to
the studied responses. Recently, Westerhuis et al.[23] have
proposed a new signal correction method, called direct or-
thogonal signal correction (DOSC). DOSC calculates com-
ponents orthogonal toY and describe the largest variation in
X. The method is developed using only simple least squares
steps, and provides a theoretically exact solution to the prob-
lem set out by Wold.
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In this work, the impact of data pre-processing on the de-
termination of the ash content and lipids in roasted coffee by
NIRS was studied in order to find a suitable pre-processing
method capable of minimizing or suppressing systematic
spectral differences. In turn, this would lead to an improved
final calibration model, less complex and/or with an in-
creased predictive ability and robustness. A comparison
of the modelling power of PLS was made using unpro-
cessed spectra, derivative spectra, SNV and MSC spectra,
OSC-filtered spectra provided by Wise and Gallagher’s
algorithm, and DOSC-corrected spectra obtained by the
Westerhuis algorithm.

3. Experimental

3.1. Apparatus and software

NIR spectra were recorded on a near infrared spectropho-
tometer NIRSystems 5000 (Foss NIRSystems, Raams-
donksveer, The Netherlands) equipped with a reflectance
detector and a sample transport module. The instrument
was controlled by a compatible PC, and Vision 2.22 (Foss
NIRSystems, Raamsdonksveer, The Netherlands) was used
to acquire the data.

First and second derivatives, SNV on the spectra, PCA
models and PLS calibrations were carried out with PARVUS
(M. Forina, version 2000). Pre-processing by MSC was per-
formed with Unscrambler 7.5 (CAMO, Trondheim, Nor-
way). The OSC and DOSC routines were implemented in
MATLAB 6.5 (MathWorks, Natick, USA).

3.2. Recording of spectra

Reflectance spectra were obtained directly from untreated
samples. Due care was taken to ensure that the same amount
of sample was always used to fill up the sample cell. Each
spectrum was obtained from 32 scans performed at 2 nm in-
tervals within the wavelength range of 1100–2500 nm, with
five replicates for each individual sample. The samples were
decompacted between recordings. An average spectrum was
subsequently computed from the collected data.

3.3. Samples

The data set used in this study was composed of 83 roasted
coffee samples of varied origins and varieties (35arabica
and 47robustacoffees). The roasting degree for the various
samples can be controlled by means of two significant pa-
rameters: the colour and the quantity (kg) put into the roaster.
Thus, the samples of the data set were obtained from roast-
ing processes where the quantity of roasted coffee ranged
from 12 to 16 kg, working at six charge levels, whereas the
colour ranged from 48 to 92 (arbitrary units).

In the case of the first response analysed, i.e. ash con-
tent, its value varies from 3.5 to 6.5% (w/w). The analytical

method used to obtain the reference value for each sample
involves to carbonise 5 g of coarsely ground coffee in a plat-
inum capsule using a muffle-oven at 550◦C until the sam-
ple turned into white ash to constant weight. On the other
hand, the second response studied, i.e., total lipids, ranges
from 8.5 to 15.2% (w/w). Its reference method implies to
weigh 2.5 g of ground sample in an extraction thimble, ex-
tract with ether in Soxlhet for 4.5 h, distil the excess ether
and place the sample in oven under vacuum at 75◦C for
1.5 h. If necessary, the desiccation process is repeated until
constant weight is reached.

Both reference methods were subjected to a validation
study in laboratory, in terms of accuracy and precision, in
such way that the variability of each one of the reference
methods could be determined. With regard to the analysis
reference method for the quantification of ash content its
measured experimental error can be expressed as 2.10% CV,
whereas in relation to the reference method for the deter-
mination of total lipids the observed variability was equal
to 1.66% CV. These precision measurements are extremely
important, as one has to keep in mind that the prediction er-
ror provided by a calibration model can never be lower than
the experimental error associated to the respective reference
method.

On the other hand, preliminary studies have been carried
out in order to check the presence of possible outlier data
which could have a detrimental effect on the quality of the
calibration models. Thus, none of the diagnostics applied
(residual and leverage plots, PCA) have shown the existence
of anomalous samples (high leverage or high residual ob-
servations) in the data set used in this work.

3.4. Data processing

The whole wavelength range of 1100–2200 nm was
selected as working region because none of the studied
responses could be associated to defined spectral zones
due to their global condition. The wavelength range of
2200–2500 nm, where the ratio signal-noise decreased con-
siderably, was removed in all the cases. First derivative was
applied using a cubic smoothing with a window size of 13
points. Partial least squares (PLS) was used for calibration
within the abovementioned wavelength range. The data
were centred before use. All the PLS regression models
were constructed by cross-validation, using 10 cancellation
groups in all cases. However, the comparison between the
results provided by cross-validation and by the use of an
external test set showed that the cross-validation led to an
important over-fitting. For this reason, it was preferred to
base the decisions concerning to the selection of the suitable
calibration models (in terms of complexity and prediction
errors) on the results observed in the external validation set.
When OSC was used as pre-processing method, before the
mean centering step, the spectra were transformed into their
first derivative spectra, as this preliminary step improved
significantly the quality of the model. All the PLS-models
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tested were subject to external validation, performed on a
set of 10 samples, randomly selected from the calibration
matrix, and isolated as a test set. For both responses, it was
verified that the samples in the external validation set cov-
ered perfectly the whole variable range. The quality of the
results provided by the different pre-processing methods
was compared using the root-mean-square error (RMSE) of
the residuals obtained with the PLS model, defined as:

RMSE=
√∑n

i=1(yi − ŷi)2

n

whereyi is the reference value,ŷi the calculated value and
n the total number of samples. RMSE is termed root mean
square error in calibration (RMSEC) for the calibration set
and root mean square error in prediction (RMSEP) for the
prediction set. The number of latent variables to be used in
each case was determined by the lowest RMSEP. These pa-
rameters had the advantage of being dimensionally compa-
rable to the studied response.

4. Results and discussion

4.1. Spectral profiles

Due to physical differences among roasted coffee sam-
ples, which include, for example, particle size differences
and variations in the compressing degree, the scatter ef-
fect can be significant and produce an expansion of the ab-
sorbance interval for the individual wavelengths. Therefore,
the set of spectral profiles was clearly wider (Fig. 1a).

First derivative, MSC and SNV pre-treatments did not re-
move all the spectral displacements caused by the scatter

Fig. 1. (a) Original spectra; (b) first derivative spectra; (c) MSC spectra; (d) SNV spectra.

effect; rather, they only reduced them at some spectral re-
gions (Fig. 1b-d). On the other hand, as it can be seen, thanks
to their respective plots, the similarity of the corrected spec-
tra corresponding to MSC and SNV and, consequently, how
both methods are closely related.

For the filtering by orthogonal signal correction methods
(OSC and DOSC),Fig. 2 shows the spectra obtained after
using the methods with each response variable considered,
once the number of orthogonal latent variables to subtract
from the original data had been optimised. As it can be ob-
served, the spectral differences were significantly minimised
compared to the raw spectra. At some wavelength intervals,
the corrected spectra even overlapped, as the systematic vari-
ation unrelated to the analysed response had been rejected.
The result provided by DOSC for the ash content was partic-
ularly interesting (Fig. 2b). This plot showed a high overlap-
ping degree among spectra, except for a set of 10 samples,
which appeared separate from the rest at some wavelength
regions (1100–1400, 1700–1900, and 2000–2200 nm). The
reason for this behaviour can be easily understood consider-
ing the ash content values of these samples: the ash content
in this 10 samples was considerably higher than in the rest,
and therefore, these values were separate from the group
when information related to the response was considered.

4.2. Calibration models

The data set was split into two independent subsets, a cal-
ibration set with 73 samples and a test set with 10 randomly
selected samples. The main caution which was taken in or-
der to select a suitable test set was to verify that it covered
appropriately and uniformly the whole range of values for
both responses. The test set used was the same for all the
pre-processing methods and models.
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Fig. 2. (a) OSC and (b) DOSC spectra corrected for ash content as variable response. (c) OSC and (d) DOSC spectra corrected for total lipids as variable
response.

It is interesting to be noticed that, despite what it would
be thought a priori, it is not advisable to develop a separate
regression model for each category of samples, because a
large extent of the coffee commercialized in the market cor-
responds really to unknown blending of different varieties.
In this way, it is much useful, from an actual point of view,

Table 1
Calibration (RMSEC) and prediction (RMSEP) errors obtained by each
data pre-processing method using the ash content as variable response

PLS-LVs RMSEC (%) RMSEP (%)

Pre-processing method
Original spectra 10 7.7 7.1
First derivative 9 6.0 5.9
Second derivative 9 5.9 5.9
MSC 10 6.8 7.7
SNV 10 6.9 8.3
OSC 2 3.1 4.9
DOSC 4 4.7 4.9

OSC-LVs
1 8 4.1 5.4
2 2 3.1 4.9
3 1 2.0 6.5
4 1 1.2 8.7
5 1 0.9 9.5
6 1 0.6 10.0

DOSC-LVs
1 3 5.0 5.8
2 3 5.0 5.7
3 5 4.7 5.0
4 4 4.7 4.9
5 3 4.8 5.4
6 2 4.9 5.6

OSC and DOSC have being applied varying the number of orthogonal
components to be removed.

to construct a global calibration model for predicting both
responses.

When the orthogonal signal correction methods (OSC
and DOSC) were evaluated, the calibration models obtained
were as follows. First, an orthogonal component was ob-
tained, and after subtraction from the raw data, a PLS model

Table 2
Calibration (RMSEC) and prediction (RMSEP) errors obtained by each
data pre-processing method using the total lipids as variable response

PLS-LVs RMSEC (%) RMSEP (%)

Pre-processing method
Original spectra 5 10.2 8.3
First derivative 9 7.0 7.2
Second derivative 9 6.3 6.2
MSC 10 8.4 10.9
SNV 10 8.5 11.4
OSC 3 2.2 3.3
DOSC 1 5.9 5.9

OSC-LVs
1 9 4.5 5.6
2 5 3.6 4.1
3 3 2.2 3.3
4 1 1.2 4.2
5 1 0.5 5.7
6 1 0.2 6.6

DOSC-LVs
1 8 5.6 6.4
2 7 5.5 6.4
3 4 5.4 6.4
4 3 5.8 6.3
5 4 5.8 6.3
6 1 5.9 5.9

OSC and DOSC have being applied varying the number of orthogonal
components to be removed.
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was built. The number of components to retain was chosen
on the basis of the lowest prediction error. This was repeated
for two orthogonal latent variables, etc. The PLS models
were also obtained for the original data, the first and second
derivative spectra, and the MSC and SNV spectra, without
subtracting any orthogonal component.

The results obtained with the model selected for each
treatment evaluated with their respective calibration and pre-
diction errors are summarized inTable 1using the ash con-
tent as variable response, and inTable 2considering total
lipids as variable response.

In order to find calibration models with a predictive abil-
ity as high as possible, the effect of the number of OSC
and DOSC latent variables to be removed from the raw
data was studied, testing their impact on the quantification
of both responses (second and third sections inTables 1
and 2).

Note that OSC can provide an overfitted solution with an
extremely low calibration error but with a reduced predictive
ability. This overfitting can be controlled by means of two
parameters: the number of OSC factors (number of times
that OSC is applied to a set of spectra) and the number of
orthogonal latent variables (unrelated to the response) to be

Fig. 3. Measured vs. predicted ash content values for the PLS models calculated from the roasted coffee data set. (a) Results from a model based on
original data (only mean centered). (b) Results from a model based on mean centered first derivative spectra. (c) Results from a model based on OSC
filtered spectra. (d) Results from a model based on DOSC corrected spectra.

removed from theX matrix. In this paper, only the number
of orthogonal latent variables was evaluated to determine
the occurrence of this overfitting, as usually a single OSC
run is enough to correct the data.

4.2.1. Ash content
When working on mean-centred original data, very poor

results were obtained for the prediction set in spite of the
large number of PLS latent variables (i.e., 10) used.

The comparison of calibrations based on first and sec-
ond derivative spectra gave very similar results. Both op-
timal PLS models had nine components and, although the
complexity of the models was similar to that obtained with
the original data, their calibration and prediction errors were
smaller (seeTable 1).

In the light of the results shown inTable 1, the similar-
ity between MSC and SNV is clear. However, the apparent
improvement of the fitting ability provided by the models
developed from MSC and SNV spectra was not confirmed
by a corresponding improvement of their predictive ability.
Therefore, it can be inferred from these results that both
pre-treatments led to a significant overfitting, in such way
that they were not suitable for this particular data set.
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After applying OSC, the calibration model obtained after
removing two orthogonal latent variables had a significantly
improved prediction ability (from 7.1% RMSEP with orig-
inal data to 4.9% RMSEP with corrected data). From three
orthogonal components, all the PLS models were obtained
with a single PLS latent variable. However, the most suit-
able prediction results were still those obtained with two
orthogonal components, as the removal of more than two
orthogonal latent variables reduced the calibration error at
the expense of increasing the prediction error, thus giving an
overfitted solution (see second section in bold inTable 1).

For the data corrected by DOSC, third section in bold in
Table 1shows that the calibration and prediction errors were
less dependent on the number of orthogonal latent variables
removed from the raw data compared to OSC, since the
various models built led to errors of the same magnitude.
Nevertheless, considering the spectral profiles obtained af-
ter the DOSC treatment, it can be claimed that the removal
of four DOSC-components minimized the scatter effects to
a larger extent. Furthermore, this PLS model obtained with
four PLS latent variables, after removing four DOSC com-
ponents from theX matrix, gave the best prediction results

Fig. 4. Measured vs. predicted total lipids values for the PLS models calculated from the roasted coffee data set. (a) Results from a model based on
original data (only mean centered). (b) Results from a model based on mean centered first derivative spectra. (c) Results from a model based on OSC
filtered spectra. (d) Results from a model based on DOSC corrected spectra.

using DOSC as pre-processing method (4.9% RMSEP),
which implies a considerable improvement of the prediction
ability compared to original data.

To clearly see the effect of the different pre-treatments on
the calibration models, and the improvement achieved by
the use of the orthogonal signal correction methods,Fig. 3
shows several plots of the regression line obtained fitting
the predicted values for the ash content versus reference
values for all samples in the data set, considering some of
the pre-processing methods applied.

4.2.2. Total lipids
The negative impact of the scatter effects on the regres-

sion quality was proven by the poor predictive ability ob-
tained when a PLS model was developed from original data
to determine the total lipids (Table 2). This way, up to five
PLS latent variables, both calibration error and prediction
error decrease slightly, but from six latent variables an over-
fitting starts to appear. For this reason, a model with five
PLS-components based on the original data could be taken
as starting point for further comparisons, despite his low
predictive ability (8.3% RMSEP).
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With first derivative spectra, a modest improvement of
the predictive ability of the PLS model (7.2% RMSEP)
was obtained, although using more PLS latent variables.
On the other hand, when the total lipids were used as
variable response, and in contrast with the ash content,
the application of second derivative to spectra gave a PLS
model with a significantly lower prediction error (5.6%
RMSEP) compared to first derivative spectra and, of course,
to raw spectra, although using more PLS components (see
Table 2).

Once more, MSC and SNV behave similarly with the PLS
models built from their respective corrected spectra. As in
the case of the ash content quantification, a large overfitting
occurred, and thus the results of both pre-processing meth-
ods cannot be considered reliable.

Considering the data filtered by OSC, it can be seen that
when the number of orthogonal latent variable to be removed
from the data increased, the complexity of the respective
PLS models decreased, being necessary only one PLS com-
ponent from the removal of four orthogonal LVs. Note that
the fitting ability improved significantly once each orthogo-
nal component had been removed. Nevertheless, this grad-
ual fall in the calibration error was not accompanied by a

Fig. 5. Principal component analysis (PCA) from original spectra. The variance explained by each PC is shown in brackets. (a) PC1 vs. PC2, (b) PC1
vs. PC3 (samples ordered according to their ash content); (c) PC1 vs. PC2, (d) PC1 vs. PC3 (samples ordered according to their total lipids content).

similar decrease in the prediction error, and thus from four
orthogonal latent variables subtracted, it was clear that the
solution reached was overfitted. Therefore, the model with
three PLS components, built on data obtained after the re-
moval of three OSC components, was the most suitable to
ensure a high predictive ability of the final model (see sec-
ond section in bold inTable 2). The selected model implied a
significant improvement of the prediction quality compared
to the model based on non-pre-processed data (3.3% RM-
SEP versus 8.3% RMSEP).

Considering the results obtained after applying DOSC to
the data set, no overfitting problems were observed, and all
the PLS models developed by removing a number of orthog-
onal components showed similar errors, although consider-
ably higher than OSC (third section in bold inTable 2). The
model that used a single PLS component, built by subtract-
ing six DOSC latent variables from the raw data, appeared
to be the most suitable model, as it had the highest predic-
tive ability (5.9% RMSEP) with the lowest level of com-
plexity. Thus, the decrease in the prediction error compared
to the original model can be considered as modest, but al-
ways greater than with the common applied pre-processing
methods anyway.
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Again, as in the case of ash content, the plots summarized
in Fig. 4, containing the regression lines obtained fitting the
predicted values for the total lipids versus their reference
values for all samples, allow to see even more clearly the
effect of the several pre-treatments on the regression models.

4.3. Principal component analysis (PCA)

Finally, a principal component analysis was carried out,
both on original spectra and on OSC and DOSC corrected
spectra for the studied responses in order to verify whether
the promising results obtained with these orthogonal signal
correction methods tallied with the conclusions drawn from
the respective score plots.

In the plots that will be discussed next, an index was
assigned to each sample following an increasing order as
regards the respective values of the considered response.
The score plots were interpreted according to the individual
values of ash content and total lipids, as well as the coffee
variety of each sample.

Fig. 5 shows the score plots after computing the first
three principal components on the original spectra, which
account for 98.6% of the variance in the data. However, clear

Fig. 6. Principal component analysis (PCA) from OSC and DOSC corrected spectra for ash content as variable response. The explained variance for
each PC is shown in brackets. (a) OSC-PC1 vs. PC2; (b) OSC-PC1 vs. PC3; (c) DOSC-PC1 vs. PC2; (d) DOSC-PC1 vs. PC3.

patterns related to the studied responses could not be ob-
served in the distribution of the samples along the differ-
ent component axes. Only the second component showed a
limited ability to discriminate between samples of different
varieties. Therefore, it was concluded that these first compo-
nents that captured most of the variance in the data were not
very closely related to the modelled responses. Thus, it is
logical to think that the respective regression models devel-
oped using these original data to determine both responses
must have more PLS latent variables without necessarily
giving a small enough prediction error.

It was expected to change this behaviour by applying or-
thogonal signal correction methods to remove the informa-
tion unrelated to the studied response from the data matrix.

Taking the ash content as variable response and analyz-
ing the score plots corresponding to the three first principal
components computed from the corrected data after apply-
ing OSC, which accounted altogether for more than 95%
of the variance in the data (Fig. 6a and b), it can be ob-
served that the samples were perfectly arranged along the
first component axis according to their ash content, and that
this content decreased for objects placed on the left. There-
fore, the direct connection between this maximum variance
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Fig. 7. Principal component analysis (PCA) from OSC and DOSC corrected spectra for total lipids as variable response. The explained variance for each
PC is shown in brackets. (a) OSC-PC1 vs. PC2; (b) OSC-PC1 vs. PC3; (c) DOSC-PC1 vs. PC2; (d) DOSC-PC1 vs. PC3.

component (more than 60% of the variance in the data) and
the modelled response was clear, and this proved the effi-
ciency of OSC to correct the data.

On the other hand, when the orthogonal signal correction
method selected to filter the data before developing a regres-
sion model for the ash content was DOSC, the first principal
component alone accounted for 99% of the variance in the
data (Fig. 6c and d). Moreover, it could be seen that, along
this first axis, the samples were exactly arranged accord-
ing to their ash content, with an increase from left to right.
Thus, the behaviour of the samples along a maximum vari-
ance principal component could be a proof of the efficiency
of DOSC.

When the pre-processing method applied was again OSC,
but this time working with the total lipids as variable re-
sponse, the conclusions drawn from the analysis of the corre-
sponding score plots were the same than for the ash content.
This time, the three first principal components accounted for
93.2% of the variance in the data (Fig. 7a and b), and the
samples were again perfectly arranged along the first com-
ponent axis, with an increase in the total lipid content from
left to right. The only difference was that the first compo-
nent directly related to the modelled response accounted for

a larger variance (80%). Therefore, OSC proved once more
its ability to correct the data.

The score plots obtained after applying DOSC to the raw
data, taking the total lipids as variable response, also proved
the efficiency of DOSC (Fig. 7c and d). The first principal
component alone accounted for more than 98% of the vari-
ance in the data and the rest of the components were respon-
sible for a small part of the data variability. Again, the first
component of the samples was perfectly arranged along its
axis according to their total lipid content, with an increase
from right to left.

5. Conclusions

In this work, it has been confirmed that the pre-processing
methods most usually applied (derivation, MSC, SNV) can
reduce the spectral variability caused by scatter effects, or
what it is the same, the variation unrelated to the modelled
response, and that, in some cases, they lead to better cal-
ibration models compared to those obtained from original
spectra. However, taking into account the results obtained
from the data sets studied, it can be conclude that none of
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these pre-treatments can remove completely all the system-
atic variability, and the optimal complexities of the built PLS
models are still high. By contrast, OSC and DOSC have
proven their relative effectiveness to correct coffee spectra
in the studied data sets, both for the quantification of ash
content and for the determination of total lipids, removing at
least a portion of information unrelated to the response, lead-
ing to significantly improved and simpler calibration models
that only require a few components (never more than four in
the data sets used in this study) to model the data and pro-
viding predictive abilities much higher than other methods.
Therefore, it can be claimed that both OSC and DOSC have
proven to be quite appropriate pre-processing methods for
the applications presented in this work, as they can be used
to develop reliable regression models based on filtered data.
Nevertheless, despite the promising results obtained in the
present study, for the moment we must limit the scope of the
conclusions which can be drawn from them in the absence
of a deeper study which we intend to do in future.
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