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The combination of the near infrared (NIR) and Fourier-transform infrared (FTIR) absorbance

spectra (1100–2500 nm and 4000–600 cm−1) of 100 cocoa powder samples was used to build

calibration models for the determination of the content of fat, nitrogen, and moisture. The

samples that comprised the dataset had an average composition of 13.51% of fat, 3.77%

nitrogen, and 3.98% moisture. The fat content ranged from 2.42 to 22.00%, the nitrogen from

0.88 to 4.48%, and moisture from 1.60 to 7.80%. For NIR, the relative root mean square error of

cross-validation (RMSECV) was 7.0% (R2 = 0.96) for fat, 1.7% (R2 = 0.98) for nitrogen, and 5.2%

(R2 = 0.94) for moisture. For FTIR, the relative RMSECV was 10.4% (R2 = 0.94) for fat and 3.9%

(R2 = 0.95) for nitrogen. However, for moisture, it was not possible to build a calibration model

with suitable predictability. The combination of the NIR and FTIR domains (data fusion)

by outer product analysis PLS1 allowed to predict these parameters and to characterise

frequencies in one domain based on the information of the other domain. This work allows

to conclude that the second derivative of NIR is the recommended procedure to quantify
itrogen

oisture

uter product-principal component

ransform-partial least squares

fat, nitrogen, and moisture content in cocoa powders by infrared spectroscopy.

© 2007 Elsevier B.V. All rights reserved.

Infrared spectroscopy offers a number of important advan-
egression

. Introduction

ocoa powder is formed from the cocoa mass where presses
re used to remove some of the fat, leaving a solid material
alled cocoa press cake. These cakes are then crushed to form

ocoa powder. The processing can be altered to produce cocoa
owders of different composition and with different fat lev-
ls. The content of main components in cocoa powder, given

∗ Corresponding author. Tel.: +351 234 370706; fax: +351 234 370084.
E-mail address: mac@ua.pt (M.A. Coimbra).

003-2670/$ – see front matter © 2007 Elsevier B.V. All rights reserved.
oi:10.1016/j.aca.2007.08.039
by the International Cocoa Organization, is summarized in
Table 1 [1,2]. Cocoa bean products such as chocolate tablets,
chocolate confectioneries, chocolate cookies, cocoa powder,
instant chocolate drinks, etc., are very popular commodities.
tages over traditional chemical methods. It is a physical,
non-destructive and non-invasive method, requiring minimal
or no sample preparation and its precision can be high. It is a
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dx.doi.org/10.1016/j.aca.2007.08.039
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Table 1 – Main components in cocoa powder [1,2]

Component Content (%, w/w)

Carbohydrates 41
Cocoa butter 11
Ash 5.5
Total nitrogen 4.3
Moisture 3.0
Theobromine 2.8
Water soluble ash 2.2

Shell (calculated to unalkalised nib) 1.4
Ash insoluble in 1:1 (w/w) HCl 0.08

multi-analytical technique, that is, several determinations can
be made simultaneously. The method offers the possibility of
measuring physical and chemical properties. Once calibrated,
the NIR and mid-infrared (MIR) spectrometers are simple
to operate. The main disadvantages are the dependence on
time-consuming and laborious calibration procedures and the
complexity in the choice of data treatment.

NIR spectroscopy has been shown a rapid non-destructive,
non-invasive method for the characterisation of chocolate [3]
and cocoa powder [4]. The preliminary studies were performed
on the set of 20 samples of cocoa powder with different,
predetermined compositional values. Experiments showed
satisfactory accuracy for fat, protein, and carbohydrate predic-
tion in cocoa powder [5]. Analysis of powdered cocoa products
showed that moisture, fat, and sucrose could be analyzed
in such products by NIR spectroscopy because good correla-
tion coefficients and low standard errors of prediction were
achieved [6]. Fourier-transform near infrared (FT-NIR) spec-
troscopy [7] was used to establish calibration models with
the aim of determining sucrose, lactose, fat, and moisture
in chocolate. The validation results proved that all these
parameters, with exception of moisture, can be predicted with
sufficient accuracy. NIR spectroscopy technique has also been
developed for the prediction of procyanidins in cocoa beans.
In addition, very robust calibration models were obtained for
the prediction of the total procyanidin oligomers [8].

The MIR spectroscopy has been commonly applied to the
structural identification or qualitative determination of the
“fingerprint” of organic compounds, as some groups of atoms
display characteristic vibrational absorption. Moreover, MIR
spectroscopy is amenable for quantitative analysis applica-
tions, as the intensities of the bands in the spectrum are
proportional to the concentration of their respective func-
tional groups, although the NIR is the preferred method as
it is more robust with respect to the MIR/FTIR approaches.
Foodstuff is a subject that may strongly profit from FTIR
spectroscopic technique because foods have compounds with
characteristic absorption bands in this region of the electro-
magnetic spectrum, namely, lipids, proteins, carbohydrates,
and water. FTIR spectroscopy has been proposed for analy-
sis of potential lard adulteration in chocolate and chocolate
products [9], as a tool for the rapid detection of other veg-
etable fats mixed in cocoa butter [10], and for routine analysis

of chocolate milk fat, sucrose, lactose, and total solids using
an automated heated flow cell [11].

The aim of this work is twofold: (i) to use the reflectance NIR
and attenuated single total reflectance FTIR spectroscopy in
a 6 0 1 ( 2 0 0 7 ) 77–86

order to build calibration models for the analysis of fat, nitro-
gen, and moisture in cocoa powder samples; (ii) to combine
both spectroscopic domains, by means of outer product anal-
ysis (data fusion), in tandem with partial least squares (PLS1)
regression [12–16] for a better characterisation of the samples
as a function of the parameters under study. Outer product
analysis (OPA) is a method which makes it possible to empha-
sise co-evolutions of spectral regions in signals acquired in
two different domains (heterospectral) or even for the same
domain (homospectral) [17–25].

2. Experimental

2.1. Cocoa powder samples

The sample set comprised 100 samples of cocoa powder of
different brands obtained mainly in Czech Republic and in dif-
ferent other countries. Samples of cocoa powder and sucrose
mixture, cocoa fibre, and cocoa powder containing dried milk
and wheat starch were also included.

2.2. Fat determination

A conventional Soxhlet extraction with petroleum ether was
used for determination of the fat content [26]. The differ-
ence between two parallel determinations was less than 0.20%
(w/w).

2.3. Nitrogen determination

Nitrogen content determination according to Kjeldahl was
used [27]. The determination was performed on a Kjeltec
System (Kjeltec, Sweden). The results were expressed as per-
centage of nitrogen. The difference between two parallel
determinations was less than 0.10% (w/w).

2.4. Moisture determination

Samples were dried to constant weight in platinum dish in an
aerated oven at 100 ◦C. Loss in weight was reported as H2O [28].
The difference between two parallel determinations was less
than 0.20% (w/w).

2.5. NIR spectroscopy

Near infrared spectra were acquired on a NIR Systems 6500
(Perstop Analytical Company, USA) with software NIR3 version
3.10 Infrasoft International (ISI). Wavelengths are specified by
grating monochromator with the range of 400–2500 nm. Tung-
sten filament lamp was used as a source of radiation. Spectra
were recorded at the reflectance mode from 1100 to 2500 nm at
the resolution of 2 nm. Three replicated spectra (36 co-added
scans), in the small ring cup, were collected for every sample.
A ceramic standard was used as a photometric standard. The

scanning speed to obtain one replicate was 62 s. No spectral
changes were detected during the replicate measurements.
The background spectrum was obtained by an internal refer-
ence.
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.6. FTIR spectroscopy

nfrared spectroscopy in mid region was performed on FTIR
pectrometer Bruker IFS-55 (Bruker, Germany) with a single
eflection ATR accessory, with a diamond cell (Golden Gate)
nd a DTGS detector and triangular apodization function.
pectra were recorded at the absorbance mode from 4000 to
00 cm−1 at the resolution of 8 cm−1. Five replicated spectra
128 co-added scans) were collected for every sample pressed
n the ATR crystal. The background spectrum was obtained
gainst the air.

.7. Outer product analysis (OPA)

he outer product matrix for two spectra (vectors) is defined
s all possible product combinations of the vector variables.

he resulting matrix represents all variable’s combinations
etween two domains (homospectral or heterospectral).
he outer product was used to combine the FTIR in the
000–600 cm−1 (848 variables) and NIR in the 1100–2500 nm

ig. 1 – Characteristic NIR (left) and FTIR (right) spectra of cocoa p
nd (d) nitrogen; (e) and (f) moisture.
6 0 1 ( 2 0 0 7 ) 77–86 79

(700 variables) spectral regions [17]. For each sample, the
outer product of these two regions gave a matrix with
(848 × 700 = 593,600 variables). Then, this sample matrix was
unfolded to give a vector with a size of (1 × 593,600). Once this
process is performed for each sample, then the correspondent
vectors are concatenated by row to give a matrix K(n, 593,600),
where n is the number of spectra. This matrix was then used
in PLS1 regression to model the fat, nitrogen, and moisture
contents in cocoa powder samples as a function of the rela-
tionships between both domains. The obtained b vector, which
established the relationship between the K variables and the y
vector, was therefore composed of 593,600 values. In order to
facilitate the interpretation of this vector, it was folded back to
give a B (848 × 700) matrix which highlighted the links between
the FTIR and NIR variables (wavenumber and wavelength).
2.8. Calibration models building framework

In order to build calibration models for the quantification of
fat, nitrogen, and moisture using NIR and FTIR, a Monte Carlo

owder containing different contents of: (a) and (b) fat; (c)
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3.2. Calibration models for NIR

Using the 1100–2500 nm region of the NIR spectra, the PCT-
PLS1 regression method was applied to the cocoa powder
80 a n a l y t i c a c h i m i c a

cross-validation [29] framework was used. Each dataset was
split into a calibration (learning set) and a validation (exter-
nal) set to assess the predictive power of each model. The
splitting process consisted in sorting the fat, nitrogen, and
moisture values and then, randomly, selected 40% of the sam-
ples, where replicates are considered a sample, were used
as validation set. The remaining 60% of the samples, with
replacement, were used as calibration set. This means that
before doing the models building one selects again randomly
(uniform distribution) samples from the 60% samples used in
the calibration set and replicate them to give a set with 100%
samples. The external validation set remains with the same
40% samples. This procedure is used to give an unbiased esti-
mation of the model relative to the size of the initial dataset
which will provide a more robust building of the models.
It was repeated several times (iterations). The dimensional-
ity (number of latent variables) of the calibration model was
assessed by internal cross-validation at each iteration level,
with leave-three-out for NIR dataset and leave-five-out for
FTIR, in accordance to the number of replicates. Then these
models were used to predict the parameters of interest from
the external set, expressed as the relative root mean square
error of prediction (RMSEP). Several data pre-treatment proce-
dures were tested and the optimal ones were selected for each
domain and parameter to quantify.

Since this approach is very computational demanding, the
principal component transform PLS1 (PCT-PLS1) [30] was used
to build the calibration models in order to accelerate the
Monte Carlo cross-validation process. The PCT-PLS1 proce-
dure is based on a full rank eigen decomposition (NIPALS)
of the X matrix before proceeding to the PLS1 regression.
This approach dramatically accelerates the cross-validation
of the calibration models and at the same time being parsi-
monious on computer memory requirements. This is most
noticeable for huge data sets or when many iterations in a
given set of data is need (like Monte Carlo cross-validation).
This procedure preserves all the PLS1 modelling properties,
like regression vectors interpretation, which facilitates the
application of this procedure to build calibration and predic-
tion models.

3. Results and discussion

3.1. Characterisation of cocoa powder samples

The 100 samples of cocoa powders that comprised the dataset
under study had an average composition of 13.51% of fat, 3.77%
of nitrogen, and 3.98% of moisture. The fat content in the
dataset ranged from 2.42 to 22.00% (s = 0.49% w/w), the nitro-
gen from 0.88 to 4.48% (s = 0.02% (w/w)), and moisture from
1.60 to 7.80% (s = 0.19% (w/w)).

The samples can be split into three groups according to
their fat content. The group with high fat content included
37 samples and had an average fat content of 19.3%, rang-
ing from 15.2 to 22.0%; the intermediate fat content group

included 57 samples and had an average fat content of 10.4%,
ranging from 8.6 to 13.9%; and the group with lower fat con-
tent included six samples and had an average fat content of
5.1%, ranging from 2.4 to 7.3%. According to nitrogen content,
a 6 0 1 ( 2 0 0 7 ) 77–86

the samples can be divided into two groups. The group with
higher nitrogen content included 93 samples and had an aver-
age nitrogen content of 3.9%, ranging from 3.4 to 4.5%, and the
group with lower nitrogen content included seven samples,
with an average content of 2.0%, ranging from 0.88 to 2.8%.

Typical NIR and FTIR spectra of cocoa powder samples con-
taining high (20.82%), intermediate (13.78%) and low (3.38%)
content of fat is shown in Fig. 1a and b, respectively. Typical
NIR and FTIR spectra of cocoa powder samples containing,
for the same amount of fat (9%), high (4.30%), intermediate
(2.54%), and low (0.88%) content of nitrogen is shown in Fig. 1c
and d, respectively. Typical NIR and FTIR spectra of cocoa pow-
der samples containing, for the same amount of fat (10%), high
(6.41%), intermediate (4.71%), and low (2.88%) content of nitro-
gen is shown in Fig. 1e and f, respectively. The spectra show
mainly high absorbance bands characteristic for fat, with dif-
ferences observed in several spectral regions. In order to assess
if these spectral variances are suitable to build calibrations
models for fat, nitrogen, and moisture, the PCT-PLS1 regres-
sion procedure was applied to the NIR and FTIR spectra of the
100 samples of cocoa powder dataset.
Fig. 2 – PCT-PLS1 regression model of the NIR second
derivative spectra for the estimation of fat in cocoa powder
samples (three LVs). (a) Relationship plot between observed
vs. predicted amount of fat; (b) b vector profile.
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Table 2 – Wavelength assignments of NIR spectra of
cocoa powder samples [32–34]

Wavelength
(nm)

Assignment

2360 � + ı(CH, CC)
2348 �s + ı(CH2) polysaccharides
2334 � + ı(CH2) fat
2322 � + ı(CH2) fat
2308 �as + ı(CH2) polysaccharides
2040 �as + ı(H2O), very strongly bounded water,

proteins, amines, acids
2292 �(CH) + �(C C)
2274 �(NH) + �(C N)
2078 Protein
1972 �as(NH) + amide II
1938 Second overtone �(C O)
1934 �as + ı(H2O) weakly bounded water, proteins,

aromatics
1884 �as + ı(H2O) very weakly bounded water fat
1744 First overtone �(CH)
1728 First overtone �as(CH2)
1674 First overtone �(CH) aromatics
1444 �as + �s(H2O), non-bounded water
1414 �as + �s(H2O), weakly bounded water, proteins,

aromatics
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Fig. 3 – PCT-PLS1 regression model of the NIR second
derivative spectra for the estimation of nitrogen in cocoa
powder samples (seven LVs). (a) Relationship plot between
�: stretching; �s: symmetric stretching; �as: asymmetric stretching;
ı: rocking.

ataset for the estimation of their fat, nitrogen, and moisture
ontents.

Concerning the fat content, it was found that the opti-
al calibration model was based on the second derivative,

sing Savitzky–Golay [31] procedure with a second degree
olynomial with a 10 points window. Three latent variables

LVs), giving a relative root mean square error of calibration
RMSECV) of 7.0% with a coefficient of determination (R2) of
.96 and a RMSEP of 1.2%, were obtained The relationship
etween observed and predicted values for fat based on this
CT-PLS1 model is shown in Fig. 2a. Furthermore, the cor-
espondent b vector profile (Fig. 2b), shows that the most
mportant bands related with fat variation are located at 1744,
322, 2334, and 2360 nm, which increase as the fat content
aises. According to Table 2, these variations are mainly char-
cterised by the symmetric vibration of C H, C O second
vertone and stretching and rocking vibration of CH2 of fat.
n opposite direction, the bands located at 1728, 2308, and
348 nm decrease as the fat content increases. These frequen-
ies are most related to stretching and rocking vibrations of
H2 of polysaccharides.

Regarding nitrogen, and once more, to have a predictive
ower, the second derivative of the NIR spectra in tandem with
even LVs give the optimal calibration model. The relationship
lot between the observed and predicted nitrogen content is
epicted in Fig. 3a. The relative RMSECV obtained was 1.7%,
ith a R2 of 0.98 and a relative RMSEP of 0.09%. The b vec-

or profile of the calibration model (Fig. 3b) shows the most
mportant wavelengths related to the variability of nitrogen

nd, according to Table 2, one can found the stretching modes
f N H and C N, as well as the wavelength related to pro-
ein (2078 nm), as the ones that are positively related to the
ncrease of the nitrogen content.
observed vs. predicted amount of nitrogen; (b) b vector
profile.

In relation to moisture, it was found that the optimal
model needed six LVs and was based on the second deriva-
tive of NIR spectra. The relationship between the observed
and the predicted values is plotted in Fig. 4a. The relative
RMSECV obtained was 5.2%, with a R2 of 0.94 and a relative
RMSEP of 0.4%. The b vector profile of the calibration model
(Fig. 4b) shows that the most important wavelengths related
to the moisture content are mainly related to the frequen-
cies linked to bounded and unbounded water molecules (cf.
Table 2).

3.3. Calibration models for FTIR

For FTIR it was found, by model testing, that the standard nor-
mal deviates (SNV) data pre-treatment was the one that gave
the most robust results. Using the SNV of the 4000–600 cm−1

region of the FTIR spectra, the PCT-PLS1 regression procedure
was applied to the cocoa powder dataset for the estimation of
their fat, nitrogen, and moisture content. For fat, it was found
that it was possible to build a calibration model with seven
LVs. The relative RMSECV obtained was 10.4% with a R2 of
0.94 and a relative RMSEP of 1.4%. The relationships between

the actual and observed fat values is represented in Fig. 5a,
showing a linear relationship between 2.4 and 22.0% of fat.
The correspondent b vector profile of the calibration model
(Fig. 5b) shows that the most important wavenumbers related
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Fig. 4 – PCT-PLS1 regression model of the NIR second
derivative spectra for the estimation of moisture in cocoa
powder samples (six LVs). (a) Relationship plot between
observed vs. predicted amount of moisture; (b) b vector

Fig. 5 – PCT-PLS1 regression model of the FTIR spectra for
the estimation of fat in cocoa powder samples (seven LVs).

A tentative approach was taken for the quantifica-
tion of the moisture content using PCT-PLS1, but it was
not possible to achieve a model with a robust predictive
power.

Table 3 – Wavenumber assignments of FTIR spectra of
cocoa powder samples [35–37]

Wavenumber (cm−1) Assignment

2924 �as(CH2)
2916 �as(CH2)
2858 �s(CH2)
2850 �s(CH2)
1747 �(C O) ester, acid
1744 �(C O) ester, fat
1647 ı(H2O), amide I (typical 1660)
1574 Amide II (typical 1540), �(CC) aromatic
1516 Amide II (typical 1540), �(CC) aromatic
1466 ı(CH2), fat
1404 �s(COO−)
1365 �s(CH3)
1180 �(CC), �(CN), �(CO)
1176 �(CC), �(CN), �(CO)
1026 �(CC), �(CN), �(CO)
1018 �(CC), �(CN), �(CO)
profile.

to the variability of fat were the bands located at 2916, 2850,
1655, 1469, and 1176 cm−1, which increase as the fat content
increases, and the bands located at 1747, 1365, and 1018 cm−1,
which decreases as the fat content increases. According to
Table 3, the bands that are positively correlated with fat are
those related with CH2 symmetric and asymmetric stretching
and aromatic compounds possibly soluble in fat. The bands
that are negatively correlated with fat are those mainly related
with C N aromatic bonds, most likely from proteins.

Concerning nitrogen, it was found that it was required
seven LVs in order to have predictive power. The relative
RMSECV obtained was 3.9% with a R2 of 0.95 and a relative
RMSEP of 0.14%. The observed versus predicted nitrogen rela-
tionships is described in Fig. 6a, showing a linear relationship
between 0.88 and 4.48% of nitrogen in cocoa powder samples.
The b vector profile of the calibration model (Fig. 6b) shows
that the most important wavenumbers related to the vari-
ability of nitrogen were the bands located at 1647, 1516, and
1176 cm−1, which increase as the nitrogen content increases,
and the bands located at 2924, 2858, 1747, 1574, 1404, and
1026 cm−1, which increase as the nitrogen content decreases.
The former wavenumbers are mainly ascribed to vibrations of

amides I and II as well as stretching modes of aromatic C C
and C N, the latter ones mainly attributed to symmetric and
asymmetric stretching modes of CH2 and C O.
(a) Relationship plot between observed vs. predicted
amount of fat; (b) b vector profile.
�: stretching; �s: symmetric stretching; �as: asymmetric stretching;
ı: rocking.
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Fig. 6 – PCT-PLS1 regression model of the FTIR spectra for
the estimation of nitrogen in cocoa powder samples (seven
LVs). (a) Relationship plot between observed vs. predicted
a
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Fig. 7 – OP-PCT-PLS1: (a) relationship plot between
observed vs. predicted amount of fat; (b) b vector 2D
(spectral average profiles of NIR and FTIR are shown,
respectively, in the top and left sides); (c) b vector profiles at
mount of nitrogen; (b) b vector profile.

.4. Outer product-principal component
ransform-partial least squares regression (OP-PCT-PLS1)

he outer product matrix between NIR and FTIR was built
y the combination of the second derivative of NIR spec-
ra (1100–2500 nm) and the SNV data processed FTIR spectra
4000–600 cm−1). The outer product between the 100 samples
f both domains (NIR and FTIR) gave a matrix with 300 rows

three replicates) and 593,600 columns. This matrix was then
sed to build calibration models by means of PCT-PLS1 using
he Monte Carlo cross-validation approach to determine fat,
itrogen, and moisture contents.

Concerning the modelling of fat content by OP-PCT-PLS1
t was found that five LVs were needed to obtain a predictive
ower with a relative RMSECV of 7.6% and a relative RMSEP of
.2% (cf. Fig. 7a). The folded b vector is shown in Fig. 7b as a 2D
alse colour map. This map allows to characterise the relation-
hips between the frequencies of both domains, with the most
mportant links between variables in the two domains rep-
esented by blue (minimum) and red (maximum) spots. The
ositive relationships are related to those interactions that
haracterise the increase of fat content and, conversely, the

egative ones are anti-related to the fat amount. In order to

acilitate the 2D map analysis, the most interesting FTIR pro-
les are recovered as a function of NIR dimension. Hence, it
as found three important FTIR profiles located at 2919, 2850,
2919, 2850, and 1762 cm−1.

and 1762 cm−1 that is shown in Fig. 7c. The first two bands,
ascribed to asymmetric and symmetric stretching modes of
CH2, are positively related to the 1744, 2322, and 2360 nm,
assigned to the first overtone of CH (stretching) and to stretch-
ing and rocking modes of CH2 and CH groups. The profile of
the band around 1762 cm−1, attributed to stretching mode of
the C O group, is approximately symmetrical to the 2919 and
2850 cm−1 profile bands (Fig. 7c), meaning that they are anti-

correlated and thus, the correspondent NIR bands are also
anti-correlated (cf. Table 4).

For the nitrogen content, the obtained model was more
complex. It was required 11 LVs to model the interactions
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Fig. 8 – OP-PCT-PLS1: (a) relationship plot between
observed vs. predicted amount of nitrogen; (b) b vector 2D
(spectral average profiles of NIR and FTIR are shown,
respectively, in the top and left sides); (c) b vector profiles at

Fig. 9 – OP-PCT-PLS1: (a) relationship plot between
observed vs. predicted amount of moisture; (b) b vector 2D
(spectral average profiles of NIR and FTIR are shown,
1662, 1573, 1400, and 1176 cm−1.

between FTIR and NIR as a function of the nitrogen content
with a cross-validation error (relative RMSECV) of 2.2% and
a relative RMSEP of 0.10%. The relationships between both
domains, as a function of the nitrogen content, are depicted in
the unfolded b vector false colour map (Fig. 8b). From this map
several important FTIR profiles were recovered and plotted in
Fig. 8c, the 1662, 1573, 1400, and 1176 cm−1. These interaction
profiles show important relationships between amides I and
II, and stretching of C C and C N with different stretching

vibration modes of CH2 (cf. Table 4).

Regarding the moisture content, it was possible to find a
suitable calibration model using six LVs with a calibration error
(relative RMSECV) of 5.9% and a relative RMSEP of 0.40% and
respectively, in the top and left sides); (c) b vector profiles at
2919, 2850, 1716, and 1030 cm−1.

hence, to establish a relationship between the NIR and the
FTIR variations as a function of the moisture content. This
result was interesting as it was not possible to calibrate the
FTIR for the moisture content, as seen in the previous section.
Therefore, using the information present in NIR one could, in
turn, extract the variation source concerning moisture con-
tent in the FTIR domain. In fact, the unfolded b vector relating

to moisture is shown in Fig. 9b, and one can see important
inter-relationship regions. The most important interactions
were extracted as profiles and are plotted in Fig. 9c. As one
can see from Fig. 9c and Table 4, the profiles indicated that
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Table 4 – b vector variables—main interactions as a function of fat, nitrogen, and moisture

FTIR (wavenumber, cm−1) NIR (wavelengths, nm)

Fat
2919 and 2850 (�as and �s of CH2) Positive link—1744, 2322, and 2360: first overtone �CH; � and ı of CH2; � and ı of

CH and CC. Negative link—1728, 2308, and 2348: first overtone �as of CH2;
�as + ı(CH2) polysaccharides; �s + ı(CH2) polysaccharides

1762 �(C O) Positive link—1728, 2308, and 2348: first overtone �as of CH2; �as + ı(CH2)
polysaccharides; �s + ı(CH2) polysaccharides. Negative link—1744, 2322, and
2360: first overtone �CH; � and ı of CH2; and � and ı of CH and CC

Nitrogen
1666: amide I Positive link—1892 and 2324: mainly stretching vibration of CH2. Negative

link—1730, 1920, 2312, and 2350: first overtone of �as(CH2), �as typical of proteins,
and �s and �as of CH2

1566: amide II, 1400: �s(COO−) Positive link—1730, 2312, and 2352: first overtone of �as(CH2), �as typical of
proteins, and �s and �as of CH2

1180: �(CC), �(CN), �(CO) Positive link—1892 and 2324: mainly stretching vibration of CH2. Negative
link—1730, 2312, and 2352: first overtone of �as(CH2), �as typical of proteins, and
�s and �as of CH2

Moisture
2919: �as(CH2), 2850: �s(CH2), 1030: �(CC), �(CN), �(CO) Positive link—1906: free –OH (water). Negative link—1430, 1970, and 2028:

�as + �s(H2O), weakly bounded water; �as(NH) + amide II and �as + ı(H2O), very
strongly bounded water

1716: �(C O) Negative link—1430 and 1906: �as + �s(H2O), weakly bounded water and free –OH
(water)

�: stretching; �s: symmetric stretching; �as: asymmetric stretching; ı: rocking.

Table 5 – Regression models statistical summary

LV Relative
RMSECV (%)

R2 Relative
RMSEP (%)

Pre-treatment R.S.D. (%)

Min. Max. Average

NIR
Fat 3 7.0 0.96 1.20 Second derivative 0.10 2.5 0.54
Nitrogen 7 1.7 0.98 0.09 Second derivative 0.05 1.1 0.32
Moisture 6 5.2 0.94 0.40 Second derivative 0.01 1.40 0.43

FTIR
Fat 7 10.4 0.94 1.40 SNV 0.4 26 4.7
Nitrogen 7 3.9 0.95 0.138 SNV 0.3 9.2 1.7

Outer product between NIR and FTIR
S
S
S

t
i
a
c
b

4

T
c
g
i
f
o

Fat 5 7.6 0.96 1.2
Nitrogen 11 2.2 0.96 0.10
Moisture 6 5.9 0.93 0.40

here is a link between symmetric and asymmetric stretch-
ng modes of CH2 and free –OH (water) as well as strong
nd weakly bounded water molecules. This seems to indi-
ate that those relationships are mainly provided by hydrogen
onding.

. Concluding remarks

he results presented in this work show that NIR and FTIR
an be used as quick tools to predict the content of fat, nitro-

en, and moisture in cocoa powder. Furthermore, this work
ntroduced outer product analysis as data fusion technique
or the analysis of cocoa powder samples. It was shown that
uter product can be useful for two main reasons: (i) prediction
econd derivate (NIR) SNV (FTIR) 0.10 16 2.2
econd derivate (NIR) SNV (FTIR) 0.12 3 0.73
econd derivate (NIR) SNV (FTIR) 0.02 12 0.99

of the parameters of interest using the information present
in both spectral domains; (ii) finding relationships between
both domains as a function of the parameters of interest. This
approach allowed characterising frequencies in one domain
based on the information of the other domain. According to
the regression models statistical summary given in Table 5.
The use of the second derivative of NIR is the recommended
procedure to quantify fat, nitrogen, and moisture content in
cocoa powders by infrared spectroscopy.
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