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Abstract Fourier transform Raman spectroscopy and che-
mometric tools have been used for exploratory analysis of
pure corn and cassava starch samples and mixtures of both
starches, as well as for the quantification of amylose
content in corn and cassava starch samples. The exploratory
analysis using principal component analysis shows that two
natural groups of similar samples can be obtained, accord-
ing to the amylose content, and consequently the botanical
origins. The Raman band at 480 cm−1, assigned to the ring
vibration of starches, has the major contribution to the
separation of the corn and cassava starch samples. This
region was used as a marker to identify the presence of
starch in different samples, as well as to characterize
amylose and amylopectin. Two calibration models were
developed based on partial least squares regression involv-
ing pure corn and cassava, and a third model with both
starch samples was also built; the results were compared
with the results of the standard colorimetric method. The

samples were separated into two groups of calibration and
validation by employing the Kennard-Stone algorithm and
the optimum number of latent variables was chosen by the
root mean square error of cross-validation obtained from
the calibration set by internal validation (leave one out).
The performance of each model was evaluated by the root
mean square errors of calibration and prediction, and the
results obtained indicate that Fourier transform Raman
spectroscopy can be used for rapid determination of
apparent amylose in starch samples with prediction errors
similar to those of the standard method.
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Introduction

Starch is a biopolymer with a very complex structure,
formed by glycosidic linkages between glucose units, and
presenting functional properties which make the polymer
very helpful for the paper industry, the textile industry, and
mainly the food industry. The ratio between amylose and
amylopectin is fundamental in determining the functional
properties of different starches, and this ratio depends on
the botanical source, from cereals such as corn, wheat, and
rice, or from root plants such as potato or tapioca [1]. This
polysaccharide exists as grains whose format and size
depend on the botanical source, and is basically composed
of two macromolecules: amylose and amylopectin. Amy-
lose is a molecule which is essentially linear, formed by
D-glucose residues linked by α(1–4) bonds in a helicoidal
structure; inside the helix it contains hydrogen atoms,
which characterizes amylose as a hydrophobic species. This
hydrophobic characteristic is very important in the biolo-
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gical medium, and allows the complexation with free fatty
acids, and also with alcohols or iodine. On the other
hand, amylopectin is a highly branched polymer formed by
D-glucose units linked in an α(1–4) fashion, and containing
only 5–6% α(1–6) bonds in the structure [2].

The food industry is the greatest consumer of starch,
where it is used mainly because of the viscosity, gelation
power, adhesion, and retrogradation trend, among other
properties, which are influenced mainly by the amylose to
amylopectin ratio [3]. Amylose is one of the components
responsible for the grain structure, and its quantification is
very important to understand starch behavior. The amylose
content is commonly measured by methods which involve
iodine reaction, such as potentiometric, amperometric, and
spectrophotometric methods, all of them involving the
starch-iodine complex [4].

Most of the physical-chemical characteristics and proper-
ties of starch can be explained by the amylose content; this
fact supports the need for analytical techniques which are
fast and efficient for use in routine analysis for industry,
reducing time and reagent consumption. The multivariate
methods associated with vibrational spectroscopic techni-
ques, such as IR spectroscopy and Raman spectroscopy,
have been shown to be very good tools in the quality
control analysis of the food industry, since the methods are
efficient and have good credibility on the basis of the
results [5, 6].

Raman spectroscopy offers some advantages for the
characterization of food products when compared with IR
spectroscopy. For instance, it is not destructive, does not
require sample preparation, which takes time and consumes
reagents, can determine more than one component at the
same time, and water does not interfere in the analysis.
The use of Raman spectroscopy has been described for
the successful characterization of several natural products,
such as cacao seeds [7], guarana extracts [8], and honey [9].
The use of Raman spectroscopy together chemometric
analysis has also been applied to the determination of several
products, such as the nutritional parameters of milk and
children’s foods [10], the degree of unsaturation of vegetal
oils [11], and the adulteration of honey samples [12].

The literature shows the application of spectroscopic
techniques used in the analysis of starch. Fechner et al. [13]
investigated the retrogradation of untreated wild-type
starches (potato, corn, and wheat) by employing Raman
spectroscopy; Zhbankov et al. [14] characterized some
medical polysaccharides, including amylose and amylopec-
tin, by Fourier transform (FT) IR (FTIR) and FT-Raman
spectroscopies, whereas Schuster et al. [15] presented a
novel approach to monitor starch hydrolysis by FT-Raman
spectroscopy. Spectroscopic techniques and chemometric
methods have also been applied to the study of starch. Kizil
et al. [16] applied FTIR and FT-Raman methods, as well as

discriminant analysis, for the rapid characterization and
classification of selected irradiated starch samples. Dupuy
et al. [17] described the use of Raman spectroscopy to
identify modified starches regarding their origin and type of
modification, by using principal component analysis
(PCA). Sohn et al. [18] employed FT-Raman and near-IR
reflectance spectroscopy to compare calibration models for
determination of rice cooking quality parameters such as
apparent amylose and protein. It is important to note that
none of these previous investigations were made using the
analysis of amylose content in corn and cassava native
starches.

The use of chemometric tools has shown several
possibilities of analysis for the processing and interpretation
of the analytical data which was not possible before for
complex samples, mainly based on the exploratory analysis
and development of regression models, also known as
multivariate calibration. The exploratory analysis based on
the PCA allows the transformation of complex analytical
data to obtain an easier visualization of the more important
and relevant information. The main purpose of exploratory
analysis is to learn from the data about the relationships
between variables and samples. The multivariate analysis
involves the simultaneous determination of several different
parameters to quantify some other variable which is
interesting for the characterization of the system, offering
the possibility of data analysis of spectra containing
superposed signals and the simultaneous determination of
several constituents. Partial least squares (PLS) regression
is the most used method in the literature for the develop-
ment of multivariate calibration models [19], based on the
correlation of the spectroscopic information with the
investigated property, in our case the analyte concentration.

In this work, we present the vibrational characterization
of native starch samples of different botanical sources (corn
and cassava) and the exploratory analysis using PCA for
these samples, as well as the development of multivariate
calibration models to quantify the amylose content in starch
samples by employing the PLS algorithm. The main
purpose of this investigation is to demonstrate that Raman
spectroscopy can be used for the quality control of native
starches by the food industry.

Experimental

Samples

Samples of corn and cassava powder native starches were
provided by Gemacom Comércio e Serviços (Juiz de Fora,
MG, Brazil). For the analysis by Raman spectroscopy, the
samples underwent no pretreatment and were used as
received. The mixtures of corn and cassava starches were
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prepared by physical mixing in proportions ranging from
10 to 50% w/w. For the exploratory analysis, 34 samples of
corn starch, 17 samples of cassava starch, and 13 samples
of the mixtures were used. For the spectrophotometric
amylose determination in starch samples, amylose and
amylopectin (purchased from Sigma) were used as calibra-
tion standards in ratios of 0, 10, 20, 30, 40, and 50% w/w.
Twenty-three samples of corn and 17 of cassava starches
were used for the amylose content determination by the
colorimetric method. All these samples were used for the
construction of the PLS models for determination of
amylose content, employing the Raman spectra data
(Raman intensity).

Determination of amylose content

The amylose contents (% w/w) from 40 samples of native
starches were determined by the spectrophotometric stan-
dard method (ISO 6647) [20]. A total of 100 mg of starch
granules was homogenized with 1 ml of 95% ethanol and
9 mL of 1 M NaOH. The sample was heated for 10 min in a
boiling-water bath to gelatinize the starch. After cooling, it
was transferred into a volumetric flask and the volume was
made up to 100 mL with water. Then 1 mL of 1 M acetic
acid and 2 mL of iodine solution (0.2% I2, 2% KI) were
added to a 5-mL aliquot. The solution was made up to
100 mL with water and allowed to stand for 10 min.
Spectrophotometric quantification was performed at
620 nm, with a Shimadzu model UVPC 1601 spectropho-
tometer, using the multipoint working curve method with
two repetitions and quartz cells of 10-mm path length. Two
determinations were made on separate test portions taken
from the same sample in each of the replicates. The
apparent amylose content was calculated using an equation
obtained from the standard curve using purified amylose
and amylopectin extracted from potato tubers. The values
of amylose obtained have to match the dependent variables
used later for the construction and validation of the model
calibration.

Raman instrumentation

Raman spectra of native starch samples were obtained with
a Bruker RFS 100 FT-Raman spectrometer equipped with a
germanium detector using liquid nitrogen as the coolant,
and with 1,064-nm excitation from a Nd:YAG laser. A few
milligrams of the sample were placed into a small
aluminum sample cup, the laser light with a power of
100 mW was introduced and focused on the sample, and
the scattered radiation was collected at 180°. For each
spectrum an average of 1,024 scans were performed at a
resolution of 4 cm−1, over the 3,500–400-cm−1 range. A
three-term Blackman-Harris apodization function and a

zero filling factor of 2 were used. The OPUS 6.0 (Bruker
Optik, Ettlingen, Germany) software program was used for
Raman data acquisition. All the spectra were obtained in
duplicate to avoid any doubt about the intensity or the
wavenumber of the vibrational bands observed in the
spectra. The software package GRAMS/AI 7.02 (Thermo
Galactic, USA) was used for import/export data of Bruker
OPUS File Format Convert Driver for ASCII-XY. The
intensities for each wavenumber obtained from the Raman
spectra correspond to the independent variables used for the
construction and validation of models.

Chemometric analysis

The Raman spectra were obtained manipulated using a
MATLAB 6.5 environment. For all PCA and PLS analyses
the data were preprocessed using the mean center; the
smoothed second-order derivative (Savitzky-Golay algo-
rithm with 15 points and a second-order polynomial
function) [21] was used to minimize problems due to
baseline shifts of different starch samples. Other prepro-
cessing data treatments were tested, but the second-order
derivative was the method which best described the set,
giving the best results in the PCA and PLS analyses. For
the calibration models using PLS, the samples were
separated into two groups by employing the Kennard-
Stone algorithm [22], and the optimum number of latent
variables was chosen by the root mean square error of
cross-validation (RMSECV) obtained from the calibration
set by internal validation (leave one out). Anomalous
samples were discarded by the leverage and residue
analysis; the occurrence of such samples among the
calibration samples can produce models with a low
capability of prevision and, when present in the validation
samples, can influence the validation results, leading to
results which are indicative that the model is not adequate.
The performance of the models was evaluated by the root
mean square error of calibration (RMSEC) and the root
mean square error of prediction (RMSEP).

Results and discussion

Vibrational spectra of the corn and cassava starch samples

Figure 1 shows typical Raman spectra for the starch
samples of corn and cassava; the main vibrational bands
are listed in Table 1 together with their respective tentative
assignments, based on comparison with literature data [23–
26]. The region at 2,900 cm−1 is related to the symmetrical
and antisymmetrical CH stretching; despite the intensity of
such bands, the use of them is not so straightforward since
most of organic compounds present such bands. There are
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only small differences in the spectral range between 2,800
and 3,000 cm−1 observed in the Raman spectra of corn and
cassava starches; according to Kizil et al. [16], the intensity
changes in this range can be mainly attributed to the
variations in the amount of amylose and amylopectin

present in starches. On the other hand, the region between
1,500 and 1,200 cm−1 is rich in structural information; the
Raman spectra of carbohydrates present several vibrational
features in this region. Most of the bands are due to coupled
vibrations involving hydrogen atoms; for instance, one can
see a feature at 1,461 cm−1, which corresponds to CH, CH2,
and COH deformations. In the region between 1,380 and
1,400 cm−1 one can observe the coupling of the CCH and
COH deformation modes, whereas in the region between
1,340 and 1,200 cm−1 bands containing the contributions of
several vibrational modes are observed, such as CO and CC
stretching and CCH, COH, and CCH deformations.
According to Berzerdjeb et al. [23], the region between
1,200 and 800 cm−1 is very characteristic of the CO and CC
stretching and COC deformation modes, referring to the
glycosidic bond; this region is also known as the fingerprint
or anomeric region, and is very often cited in literature by
other investigators, such as Nikonenko et al. [27], Yang and
Zhang [28], Baranska et al. [29], Thygesen et al. [30], and
Vandenabeele et al. [31]. In the anomeric region one can
see the distinction between the α and β configurations of
the polysaccharide molecules. The vibrations originating
from α-1,4 glycosidic linkages can be observed as strong
Raman bands in the 920–960-cm−1 region, and thus the
band observed at 940 cm−1 was assigned to the amylose
α-1,4 glycosidic linkage. In the FT-Raman spectra of native
starches, very subtle changes of the glycosidic α-1,6
linkage band can also be observed, and it can be assigned
to the presence of amylopectin [16], since the band at 920–
960 cm−1 appears with a small change in intensity, when
compared with the pure amylose band. Vibrations in the
800–400-cm−1 region are in general due to CCO and CCC
deformations, and in this region one can see very strong
coupling which is related to the glycosidic ring skeletal
deformations.

The very intense Raman band at 475–485 cm−1 has been
used as a marker to identify the presence of starch in
different samples, as well as to characterize amylose and
amylopectin, the polysaccharides which are the constituents
of starch [16]. The literature has plenty of discussions about
the vibrational spectra of starches in this region. For
instance, Veij et al. [32] assigned the band at 477 cm−1 to
the presence of starch in pharmaceutical formulations,
where starch is used as an excipient. Fechner et al. [13]
showed small differences in the range between 400 and
640 cm−1 between some native starches. Gussen et al. [25]
discussed the band shift observed in the Raman spectra of
amylose and amylopectin, such as the backbone vibrational
band around 477 cm−1 and the bands at 410, 769, and
1,382 cm−1. Baranska et al. [29] assigned the band at
478 cm−1 to the presence of starch in the Raman spectrum
of carrot, by using a Raman mapping technique to
investigate the distribution of starch, and Vandenabeele et

Fig. 1 Fourier transform (FT) Raman spectra of corn starch (A) and
cassava starch (B) samples excited at 1,064 nm

Table 1 Raman wavenumbers and their respective tentative assign-
ments based on literature data [23–26]

Wavenumber (cm−1) Assignment

2,911 vs ν(C-H)

1,461 s δ(CH)+δ(CH2)+δ(C-O-H)

1,396 s δ(C-C-H)

1,380 s δ(C-O-H)

1,340 s ν(C-O); δ(C-O-H)

1,263 m δ(C-C-H)+δ(O-C-H)+δ(C-O-H)

1,207 w ν(C-C)+ν(C-O)

1,127 s ν (C-O)+ν(C-C)+δ(C-O-H)

1,109 s ν(C-C)+ν(C-O)+δ(C-O-H)

1,083 s ν(C-O)+ν(C-C)+δ(C-O-H)

1,053 s ν(C-O)+ν(C-C)+δ(C-O-H)

941 s δ(C-O-C)+δ(C-O-H)+ν(C-O)

868 s δ(C-C-H)+δ(C-O-C)

769 w δ(C-C-O)

718 w δ(C-C-O)

615 w δ(C-C-O)

577 w δ(C-C-O)+τ(C-O)

524 w δ(C-C-O)+τ(C-O)

478 vs δ(C-C-C)+τ(C-O)

441 w δ(C-C-O)+δ(C-C-C)

410 w δ(C-C-O)+δ(C-C-C)

vs very strong, s strong, m medium, w weak
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al. [31] used the band at 477 cm−1 as a marker to
distinguish between starch and gum. As discussed before,
bands in the 475–485-cm−1 region are related to the amount
of amylose and amylopectin present in the starch samples;
changes in band intensity or position are indicative of
different amylose or amylopectin concentrations in the
samples investigated.

Sample classification

Chemometric multivariate analysis, based on PCA, was
applied to the FT-Raman spectra of starches, to evaluate the
ability to differentiate the botanical type (corn and cassava).
In Fig. 2 one can see the scores of the PCA models for pure
corn and cassava starches, and for the mixture of both
starches. The first PCA model was built with 34 samples of
corn starch and 17 samples of cassava starch. Three outlier
samples were removed from the model; two of them belong
to the cassava set, where one had a Raman spectrum with a

very high signal-to-noise ratio, and the other had a Raman
spectrum with a different amylose content. The third
sample removed belonged to the corn starch set, being a
sample with amylose content lower than that of the others.
The difference in amylose content depends mainly on the
botanical origin, but can also be related to the growth state
of the plant as well as the method of extraction [2].
Figure 2a shows the separation of samples into different
groups, where the first two principal components described
99.4% of data variance. It was possible to investigate the
interrelations among the samples on the basis of the score
plots of the two principal components; for instance, the
starches can be classified into two clusters, which are
grouped according to the their botanical origins, where it is
possible to observe that the first principal component
(98.7% of variance explained) is responsible for the
separation between the starch samples. The variables which
are mainly responsible for this differentiation can be
observed by projecting the loadings for each variable of
the first principal component and for the small contribution
of the second principal component, as presented at Fig. 3.
The spectral range from 500 to 450 cm−1 has the highest
loadings and the most important variables for group
separation; this spectral region involves the deformation
modes of the C-C bond as well as the C-O bond torsion,
and is correlated with different amylose contents in
starches. The bands at 870, 950, and 1,460 cm−1 also have
a contribution in the first principal component. The second
principal component (Fig. 3b) shows the contribution of the
2,900-cm−1 region, but also the contribution for the bands
at 477, 870, 950, and 1,340 cm−1. Figure 4 shows the
second-derivative spectra of corn and cassava samples,
showing clearly the same main Raman wavenumbers which
are also important for the discrimination of starches
samples, for instance, the ones at 940 and 477 cm−1, both
related to the glycosidic bond and δ(C-C-C)+τ(C-O),
respectively. Figure 4 also shows the second-derivative
spectra are in a good agreement with the PCA loading plot.
The samples investigated have a lower amylose content in
cassava than in corn, implying the data are on the negative
side of the first principal component scores, whereas the
corn samples are on the positive side because they have
higher levels of amylose.

A new data set was inserted into the model to verify its
separation capacity, built using Raman spectra of mixtures
of corn and cassava starches in ratios ranging from 10 to
50% (w/w). The projection of the first two principal
components (Fig. 2b) showed the formation of three
clusters, with the new, third group being the mixture of
corn and cassava starches. The recognition of the
botanical origin of starch is very important because it
enables the discovery of fraud, caused by improper
mixing of starch products from different origins. Analy-

Fig. 2 a Score plot of the first principal component (PC1) versus the
second principal component (PC2) of the corn and cassava starch
samples. b Score plot of PC1 versus PC2 of the corn starch, cassava
starch, and mixtures of starch samples (see “Experimental”)
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sis of Fig. 2 also shows the botanical origin can also be
used to identify the groups; this is a very important
finding, mainly for the development of the multivariate
calibration models.

Models for amylose content determination

PLS is the method usually employed for multivariate
calibration. All the relevant information contained in the
Raman spectra were concentrated in a few latent variables,
which were optimized to produce the best correlation with
the desired property to be determined, in our case the
amylose content in starch samples. The PLS model using
23 corn starch samples was constructed with the data
obtained from the Raman intensity (variable X) and the
amylose content (variable Y); the data were arranged in
matrix form, 15 samples were used for the calibration set
and eight samples for the validation set. The number of
latent variables to be used in this model was chosen by
leave-one-out cross-validation, resulting in the choice of
four latent variables and an RMSECV of 2.14%; the high

RMSECV can be explained by the presence of the sample
with 18% w/w amylose. Analysis of the chart leverage
(Fig. S1) clearly shows that it has a high leverage and low
residue, which implies the sample is important for the
regression model and cannot be considered an anomalous
sample (an outlier). The regression analysis (Fig. 5) shows
the correlation between the values determined by the
reference analysis method and the values predicted by
Raman spectroscopy; the correlation coefficient obtained
was 0.978. The results obtained from PLS and the criteria
of the validation method, based on the relative error and the
RMSEP, are shown in Table 2. The accuracy of the model
can be evaluated by the RMSEC and the RMSEP; for the
model built these are 0.17 and 1.15% w/w, respectively, and
the prevision relative errors are lower than 6%, which is
very similar to the standard method, showing that Raman
spectroscopy can be applied for quantification of amylose
in samples of corn starch.

For the cassava starch samples a model containing 17
samples (11 samples were used for the calibration set and
six for the validation set, Fig. 6) was built. Samples which
have high leverage and high residue are considered outlier
samples; in the calibration data one anomalous sample was
observed (Fig. S2). This sample had a Raman spectrum
with a very high signal-to-noise ratio when compared with
other sample spectra, which seems to be the origin of
the problem. To obtain the best number of latent variables,
the leave-one-out cross-validation procedure was used. The
best PLS regression results were obtained using Raman
spectra with a model containing six latent variables, an
RMSECV of 3.20%. The high RMSECV can be explained
by the presence of a sample with high leverage; this sample
can be classified as informative, since it has amylose
content lower than the others (approximately 12%, com-

Fig. 3 a Loading plot of PC1 versus Raman shift. b Loading plot of
PC2 versus Raman shift

Fig. 4 Second-derivative spectra of corn starch (A) and cassava starch
(B) samples
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pared with the approximately 20% average content). In the
case of a linear model this same sample can provide
additional information for the calibration set, which implies
an improvement to the model; for instance, the sample has
no negative influence on the cassava model. All these
observations can be proved by the calculation of the
RMSEC, the RMSEP, and the relative errors. The PLS
calibration model constructed was used to determine the
amylose content in other cassava starch samples. Figure 6
shows a plot of the amylose content predicted by the PLS
model, using the Raman data, versus the values determined
by the reference analysis method, which gives a correlation
coefficient of 0.953 and an RMSEC of 0.33%, whereas the
predictions for the verification samples of validation are
indicative that the results are quite acceptable, RMSEP of
1.50% (w/w). Table 2 summarizes the prediction capabilities
of the PLS model built for cassava starches and their relative
error values.

Comparison of the two models clearly shows the model
for corn starch samples has a better regression and
prediction than the model for cassava samples; this fact
can only be explained in terms of the larger number of corn

Table 2 Results for the validation set modeled with partial least
squares (PLS) regression for starch samples

Model Colorimetric results
(%, w/w)

PLS model
(%, w/w)

Relative
error (%)

Corn 27.90±0.30 26.23 −5.86
27.90±0.98 27.36 −1.94
27.71±0.20 28.31 2.18

25.86±0.41 27.35 5.78

26.77±0.57 26.53 −0.87
28.11±0.50 27.18 −5.46
28.11±0.32 26.62 −5.29
26.52±0.04 28.89 1.40

Cassava 21.38±0.04 21.17 −0.93
21.14±0.09 19.97 −5.51
22.72±0.01 21.37 −5.92
23.74±0.08 22.29 −6.09
19.01±0.27 19.51 2.64

18.95±0.98 19.00 0.30

Corn and
cassava

23.74±0.08 21.92 −7.64

27.90±0.98 28.36 1.66

27.71±0.20 28.12 1.47

28.15±0.32 28.08 −0.24
26.77±0.57 26.09 −2.54
28.76±0.17 27.85 −3.15
28.11±0.50 27.22 −3.16
25.34±0.34 28.14 11.06

26.52±0.04 27.42 3.38

32.04±0.12 30.57 −4.58
30.41±0.13 29.54 −2.87
30.42±0.24 28.70 −5.64

Fig. 5 Reference values versus FT-Raman predictions of the amylose
content in corn starch. Circles calibration samples, triangles validation
samples

Fig. 6 Reference values versus FT-Raman predictions of the amylose
content in cassava starch. Circles calibration samples, triangles
validation samples

Fig. 7 Reference values versus FT-Raman predictions of the amylose
content in the corn and cassava starches. Circles calibration samples,
triangles validation samples
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starch samples contained in the model, when compared
with number of cassava samples, which contributes to a
better set of results.

A model using samples of both corn and cassava
starches was also developed; this model was possible
owing to the observation in the exploratory analysis, where
the first principal component (98.7% of variance explained)
is mainly responsible for the separation between the starch
samples, and also this separation is related to the amylose
content in these samples. For PLS modeling, the data
matrix was divided into two data sets, one of calibration
and one of validation, which ensures that there are samples
of corn and cassava starches in the two data sets (validation
and calibration). The optimum model dimension was
determined by the minimum RMSECV (3.40%) for the
calibration samples, and the latent variables were extracted
by the leave one sample out at a time cross-validation
method, resulting in the choice of six latent variables. The
plot of the values predicted by the PLS model against the
values measured by the colorimetric method in Fig. 7
shows the very good performance of the PLS model,
with a correlation coefficient of 0.924, demonstrating
good agreement between the data obtained from the
conventional method and those predicted by the PLS
model. The RMSEC and RMSEP obtained for the PLS
model were 0.70 and 1.30%w/w, respectively. Table 2 shows
the results from the PLS model and the relative errors
obtained in the predictions using both corn and cassava
samples; the small relative errors indicate that Raman
spectroscopy can be applied to the analysis of new starch
samples not used in the PLS model developed, and also the
possibility of using this regression model for samples of
corn and cassava starches, thus obtaining results which are
very similar to the those of models built separately.

Conclusions

FT-Raman spectroscopy has been successfully applied in
the classification and determination of amylose content in
corn and cassava starch samples. The advantages of using
Raman spectroscopy are very clear: samples do not need to
undergo pretreatment, so resulting in a shorter time of
analysis, and the technique is not destructive, which avoids
the use of other chemicals.

Analysis of the scores of the principal components
revealed a division into two different groups of starches,
separated according to their amylose content and thus to the
botanical source. The analysis of the loadings pointed out
the region of the spectrum that contributes to this
separation, and the band at approximately 480 cm−1,
regarding the ring vibration and related to the amylose
content in starch, showed a higher loading.

The models developed for the quantification of amylose
content have shown that the use of Raman spectroscopy,
together with multivariate calibration regression based on
PLS, allows the quantification of amylose in starch samples
with prediction errors similar to those of the standard
method (colorimetry).

The results clearly show that Raman spectroscopy and
chemometrics can be used to identify differences between
corn and cassava starches, as well as between mixtures of
both starches (cassava and corn).
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