Food Anal. Methods (2012) 5:1205-1213
DOI 10.1007/s12161-011-9359-1

Classification of Intact Cereal Flours by Front-Face
Synchronous Fluorescence Spectroscopy

Ivana Zekovi¢ - Lea Lenhardt - Tatjana Dramicanin -
Miroslav D. Dramiéanin

Received: 15 July 2011 /Accepted: 22 December 2011 /Published online:

© Springer Science+Business Media, LLC 2012

Abstract Synchronous fluorescence spectroscopy, a tech-
nique that measures both the absorption and the emission
properties of a sample in a single measurement, was used for
the analysis and classification of intact cereal flours (wheat,
corn, rye, buckwheat, rice, and barley). Total synchronous
fluorescence spectra recorded in constant wavelength mode
show clear differences in the emission spectra of different
flours due to variances in intrinsic fluorophore concentra-
tions and their microenvironments. Principal component
analysis, cluster analysis, and partial least squares discrim-
inant analysis are used to assess the ability of synchronous
fluorescence measurements to differentiate and classify in-
tact samples of different flour types. The flour specimens
were obtained directly from a market in Belgrade and had
different expiration dates to provide a more representative
set of samples. The results of the current analysis suggest
that chemometric methods applied on synchronous fluores-
cence data can discriminate and classify flour types and that
the best results are achieved using a combination of syn-
chronous fluorescence measurements at synchronous inter-
vals of 7 and 20 nm. The quality of results, the high speed of
measurements, and the avoidance of extensive sample prep-
aration make synchronous fluorescence spectroscopy a
promising technique for cereal research.
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Introduction

Rapid and sensitive analytical technologies for food analysis
are needed to respond to the growing public interest in food
quality and safety. To make these technologies widely avail-
able, they should be relatively inexpensive, easily adapted to
on-line monitoring, nondestructive, and, if possible, should
not require highly skilled operators. In this context, fluores-
cence spectroscopy constitutes an interesting sensor tech-
nology because several functionally important fluorescent
substances are inherent to food systems. These fluorophores
include proteins, vitamins, secondary metabolites, toxins,
and various types of flavoring compounds and pigments.
Fluorescence spectroscopy is able to determine various
properties of foods without the use of chemicals and time-
consuming sample preparation (Andersen and Mortensen
2008). The potential of fluorescence for use in food research
has increased in recent years with the wider application of
chemometrics and with technical and optical advances in
spectrofluorometry.

Fluorescence spectroscopy offers several inherent advan-
tages for the characterization of food products compared
with other spectrophotometric techniques. Fluorometric
measurements are 100-1,000 times more sensitive than
other methods (Strasburg and Ludescher 1995) and relative-
ly rapid. The fluorescence intensity and spectrum of a mol-
ecule often depend strongly on that molecule’s environment.
Environmental sensitivity means that fluorescence is able to
characterize conformational changes, such as those attribut-
able to the thermal, solvent, or surface denaturation of
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proteins, as well as the interactions of proteins with other
food components (Karoui et al. 2006).

Traditional fluorescence techniques, which rely on single
measurements of either emission or excitation spectra, are
often inadequate for the analysis of complex systems. In such
cases, excitation—emission matrices or total synchronous fluo-
rescence (TSF) techniques may improve the analytic potential
of fluorescence measurements (Sikorska et al. 2005).

The synchronous fluorescence (SF) method involves si-
multaneously scanning both emission and excitation wave-
lengths while keeping constant the interval between
wavelengths, A) (constant wavelength mode), or between
frequencies, Av (constant energy mode). The resulting
spectra are dependent on both the absorption and the emis-
sion properties of the investigated sample and therefore
possess more features and give more information relative
to traditional measurements (Vo-Dinh 1982). Synchronous
scanning generates spectra with decreased bandwidths, re-
ducing in this way the extent of overlap in the spectra of
mixtures of fluorescent compounds. Moreover, SF spectra
obtained with a small AX show an effective lowering of
bandwidth resulting in spectral simplification and a conse-
quent reduction in spectral overlap (Rubio et al. 1986).
Additional sensitivity enhancement may be obtained by
combining SF spectroscopy with derivative spectroscopy
(Patra and Mishra 2002; Hur et al. 2010).

Fluorescence measurements are usually carried out using
transmission or reflectance techniques. The transmission tech-
nique is employed for detecting solution fluorescence, while
reflectance techniques have been used primarily for examin-
ing the front-surface fluorescence of turbid suspensions or
solid materials (Liangand and Lin 2000). This technique
measures the fluorescence emitted only from the sample sur-
face, reducing the influence of nonfluorescent disturbances.

Fluorescence spectroscopy is a very practical technology
currently in use in the environmental and agricultural field
(Zaccone et al. 2009; Cocozza et al. 2011), as well as in the
food production one. In particular, total fluorescence and
synchronous scanning fluorescence techniques have been
used to characterize different food products (Sadecka and
Tothova 2007) such as commercially available vegetable
oils (Sikorska et al. 2005), to detect quality changes in dairy
products (Andersen and Mortensen 2008), and to investigate
different dairy products such as milk (Kulmyrzaev et al.
2005), cheese (Herbert et al. 2000; Karoui et al. 2007a),
and yogurt (Becker et al. 2003; Christensen et al. 2005).
This technique is also useful for the determination of the
level of lipid oxidation in foods such as fish and meat
(Aubourg 1999; Wold et al. 2002), as well as to classify
the botanical and/or geographic origins of honey samples
(Karoui et al. 2007b).

Cereals are grown in greater quantities and provide
more food energy worldwide than any other type of crop
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(Zaccone et al. 2010). In some developing countries,
cereal constitutes the majority of daily sustenance. Ce-
real flour is one of the most important foods in many
cultures and is the defining ingredient in most breads
and pastries. Early applications of fluorescence spectros-
copy in cereal food analysis were directed toward the
prediction and classification of botanical tissue compo-
nents of complex wheat flour (Jensen et al. 1982) and
rye flour (Kissmeyer-Nielsen et al. 1985) samples. The
front-face fluorescence of intact samples was investigat-
ed by Zandomeneghi (1999). Using this measurement
geometry, fluorescence spectroscopy can discriminate
between different species of cereals (Lakowicz 1983).
In addition, this technique has been used to determine
the relative xanthophyll contents in flours obtained from
four breads and five durum wheats (Zandomeneghi et al.
2000), as well as for the measurement of riboflavin in
cereal flours (Zandomeneghi et al. 2003). Kamut brand
wheat from soft and hard wheat in flours, pasta, and
semolina was also differentiated by front-face fluores-
cence spectroscopy (Karoui et al. 2006). According to
published studies, the principal contributions to cereal
flour fluorescence are from amino acids, riboflavin, vita-
mins, and carotenoids (Christensen et al. 2006).

The objective of this work was to investigate the potential
of front-face SF spectroscopy coupled with statistical tools
for use as a rapid and low-cost technique for the character-
ization and classification of cereal flours. To make the
survey as general as possible, cereal flours (wheat, corn,
rye, buckwheat, rice, and barley) were obtained directly
from supermarket shelves, from various producers and with
different expiration dates. Taking into account the fact that
the appropriate selection of synchronous intervals is of high
importance for application of synchronous spectroscopy in
multicomponent samples (Patra and Mishra 2002), we
aimed to find the optimal synchronous intervals for cereal
flour classification using standard statistical methods [i.e.,
principal component analysis (PCA), cluster analysis, and
partial least square discriminant analysis (PLS-DA)]. The
presented study, to best of our knowledge, is the first inves-
tigation of the application of synchronous fluorescence
spectroscopy in cereal flour research.

Material and Methods
Fluorescence Spectroscopy

Fluorescence measurements were performed in synchronous
scanning mode (constant wavelength) on a Fluorolog-3
Model FL3-221 spectrofluorometer (Horiba JobinYvon) uti-
lizing a 450-W Xenon lamp as the excitation source and an
R928 PMT as the detector. Both excitation and emission
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monochromators used double gratings with dispersions of
2.1 nm/mm (1,200 grooves/mm), blazed at 330 nm for
excitation and 500 nm for emission. The front-face acces-
sory (Horiba JobinYvon) provided measurements with 22.5°
reflection geometry. Total synchronous fluorescence spectra
were recorded in the excitation range from 280 to 580 nm
and for synchronous wavelength intervals from 5 to 180 nm.
All slits were set at 1 nm, and the acquisition time per one
data point was 0.2 s. Spectra were adjusted to compensate
for source intensity changes using the signal from a built-in
reference photodiode detector.

A total of 39 samples of cereal flours, from different
producers and with different times until their expiration
dates, were taken from markets and measured using front-
face synchronous fluorescence spectroscopy. Various types
of cereal flours, including wheat (11 samples), corn (9
samples), rye (6 samples), buckwheat (5 samples), rice (4
samples), and barley (4 samples), were examined. Flour
specimens are prepared in a pellet form by gentle pressing.

Statistical Analysis

Exploratory data analysis and classification were performed
using principal component analysis, cluster analysis, and
partial least square discriminant analysis. All calculations
were executed using the Solo (Eigenvector) software
package.

PCA is an unsupervised statistical method that transforms
a number of possibly correlated variables into a smaller
number of uncorrelated variables called principal compo-
nents. Each principal component is a linear combination of
the original variables, and the principal components are
orthogonal to each other, so there is no redundant informa-
tion. The idea behind this method is to represent in an
approximate manner a cluster of individuals in a smaller
dimensional subspace. To do so, it projects the cluster onto a
subspace in such a way that the inertia of the projection is
maximal. The first principal component accounts for as
much of the variability in the data as possible, and each
succeeding component accounts for as much of the remain-
ing variability as possible.

Cluster analysis is a method for unsupervised learning
that does not require any prior knowledge about the group
membership of the data set. This method uses distances
between samples to build clusters and assumes that samples
that are close to each other belong to the same group.
Distances between the samples can be defined in many
ways: for example, Euclidian distance, Mahalanobis dis-
tance, Minkowski distance, Manhattan distance, and distan-
ces based on PCA scores. Samples in one cluster are
assumed to be similar to each other, and samples from
different cluster are assumed to be less similar; therefore,
every sample is first assumed to be an independent cluster,

and then each cluster is connected to the next nearest sam-
ple. This process is repeated until all of the clusters are
connected. The results of cluster analysis are then presented
as a connection dendrogram. Using this approach, one can
see how well the samples will group and investigate which
groups are more similar and which are more unique.

PLS-DA is a variant of partial least square regression
method often used for multivariate calibration, but it can
also be used for classification. The output of this method is a
threshold for every group that separates one group from all
of the others. New data sets or cross-validation can be used
for the evaluation of this model. Here, we used the venetian
blinds cross-validation method, which selects every s™ sam-
ple from the data set, repeats that s times, and makes s data
splits.

Results and Discussion
Synchronous Fluorescence Spectra of Cereal Flours

Total SF spectra for different types of cereal flours are
presented in the form of contour maps in Fig. 1. Emission
patterns reflect the specificity of intrinsic fluorophores and
their microenvironments in flours. Each contour map is a
unique representation of the flour class, i.e., a fluorescence
“fingerprint,” with only subtle variances between flours
within the same class, and therefore may be used for chemo-
metric flour classification and analysis purposes (Christen-
sen et al. 2006). Even though these patterns look very
similar, with exception of pattern obtained with rice sample,
they differ in emission band center positions and band
intensities. These emission differences arise due to different
fluorophore concentrations and molecular environments in
flours of different botanical origins.

Although TSF spectra record all of the fluorescence
emission data for the chosen spectral interval and therefore
include all spectral features relevant for classification, the
application of this technique to routine analysis is not con-
venient due to long measurement times and difficulties in
producing user-friendly instrumentation for measurements
at various synchronous intervals. For these reasons, syn-
chronous spectra were taken at a single synchronous interval
and used as data resources for further analysis. Figure 2
shows the wavelength dependence of fluorescence emis-
sions of various types of cereal flours taken with using a
synchronous interval of 10 nm as a typical example of
synchronous spectra that could be further used for statistical
analysis.

In addition to normalization automatically done by the
instrument, all synchronous spectra were normalized to
have maximum emission intensities of 100 (Ramanujam
et al. 1996; Dramicanin et al. 2005; Ebenezar et al.
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Fig. 2 Selected synchronous fluorescence spectra of various cereal
flour samples taken at 10-nm synchronous intervals
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variations in instrument throughput, this procedure is
capable to remove influence of different morphologies
of samples and possible variations in the sizes of illu-
minated surfaces. This is important for possible remote
sensing applications where samples of different sizes
and morphologies should be analyzed. The downside
of the procedure is that fewer data are available for
statistical analysis.

The difference between the SF spectra of different
flours can be clearly observed from three emission band
centers (A;, A\, and A3) and intensities (/;, I,, and I3).
While the origins of these bands are not important for
the process of statistical analysis and flour type classi-
fication, it is worth mentioning that the most intense
band is due to tryptophan emission, the second band
comes mainly from ferulic acid and in some part from
other p-hydroxycinnamic acids such as coumaric and
caffeic acid (Zandomeneghi et al. 2000; Christensen et
al. 2006; Karoui and Dufour 2008). The third band is
largely due to the presence of riboflavin (Zandomeneghi
et al. 2003) with interference of lutein and xantophyll
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emissions (Zandomeneghi et al. 2000; Christensen et al.
2006; Karoui and Dufour 2008). Additional fluorescence
emission is observed in spectra of rice samples at exci-
tation wavelength of about 480 nm. However, this fea-
ture cannot be exploited for classification purposes since
other flours show minimal emission around this wavelength.
Therefore, in classification process, data from emission at this
wavelength would enable easy classification of rice flour
samples, but on the cost of classification overlap of other flour
types. It is worth pointing out the big differences between rice
and other cereals in both TSF and SF spectra (in terms of
intensity and complexity). Also, one can observe significant
shifts of A, in corn with respect to other cereals and the same
behavior of )\, in buckwheat. All these differences ease dis-
crimination between cereal flours.

In addition to differences in fluorescence between flours
of different botanical origin, the variation of fluorescence

properties is also present between samples of the same
groups. These “in-group” variances take place due to differ-
ences in cereal grains, milling processes, flour moisture, etc.
Table 1 lists mean values and standard deviations of fluo-
rescence emission band centers and intensities measured at
synchronous intervals of 5, 7, 10, and 20 nm calculated for
each investigated flour type. One can easily notice that mean
values of parameters differ between sample groups, but the
in-group variance prevents their direct usage for classifica-
tion. However, chemometric methods are capable to exploit
very subtle parameter variances for successful classification,
as for example as shown by Karoui et al. (2006) in case of
the kamut brand detection by classical emission spectrosco-
py. One should also note that differences of band center
positions between flour groups are expressed differently
when changing synchronous interval in measurements. In
case of tryptophan band position (first emission band), this

Table 1 In-group variances of fluorescence emission band centers and intensities measured at synchronous intervals of 5, 7, 10, and 20 nm

AN=5 nm A1 (nm) Ao (nm)

Mean SD Mean SD
Corn 293.9 1.1 383.7 2.2
Wheat 306.1 1 383.7 5.2
Buckwheat 303.8 1.1 357.4 1.7
Rye 302 33 381.3 1.5
Rice 303 1.6 393.5 5
Barley 302.5 3.8 377 2.3
AX=T nm A1 (nm) A2 (nm)

Mean SD Mean SD
Corn 295.9 1.1 382.8 2.7
Wheat 307 0 379.7 33
Buckwheat 305.8 1.1 359.4 0.9
Rye 305 0 381.7 33
Rice 304 1.2 391.5 1
Barley 305 0 378.5 4.4
AX=10 nm A1 (nm) Ay (nm)

Mean SD Mean SD
Corn 298 0 383.1 32
Wheat 308.5 0.9 380.2 2.8
Buckwheat 306.8 1.1 362.4 43
Rye 305.7 1.5 379.7 2.3
Rice 305.5 1.9 391.5 1
Barley 306.5 1 378.5 3.8
AN=20 nm Ay (nm) Ay (nm)

Mean SD Mean SD
Corn 308.9 1.8 388.2 1.9
Wheat 314.4 0.8 384 2.2
Buckwheat 3124 0.9 372 2.8
Rye 311.3 1.0 385.3 1.6
Rice 312 0 392.5 1
Barley 312 0 384.5 3

A3 (nm) I, (a.b.) L (a.b.)

Mean SD Mean SD Mean SD
455.7 2.2 44.1 7.8 12.1 1.9
442.5 0.9 14.3 4.7 13.1 6.5
455.4 0.9 24.5 4.9 23.2 6.5
443 2.8 24.9 33 19.7 3.8
455 0 111.5 42.8 114 57.3
439 1.6 20.7 4.6 17.8 5.5

A3 (nm) I (a.b.) Iz (a.b.)

Mean SD Mean SD Mean SD
457 0 32.0 7.7 7.5 3.7
441.9 1.9 7 1.5 4.4 1.3
457 0 14.2 6.6 13.9 8.7
457 0 17.3 5.0 11.0 3.5
457 0 73.3 15.5 60.5 22.1
439 0 12.0 1.8 8.5 1.2

A; (nm) L (ab.) L (ab.)

Mean SD Mean SD Mean SD
459.6 0.9 27.4 6.7 2.9 1.1
442.7 1.6 6.2 1.7 33 1.4
457.6 8.8 9.7 4.2 9.0 6.4
445 2.4 12.8 4.0 7.2 2.8
460 0 58.0 12.6 41.0 17.3
440.5 1 8.7 1.0 5.1 0.6

A3 (nm) I (a.b.) L (a.b.)

Mean SD Mean SD Mean SD
470 0 30.6 7.5 1.8 0.6
441.1 2.4 6.1 1.5 1.9 0.8
454.4 33 6.6 2.8 4.7 3.0
439.7 0.8 11.4 32 42 1.5
453.5 9 44.0 7.1 22.7 7.8
440 0 7.8 0.7 2.8 0.2
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difference changes from 5.5 nm for AA=20 nm to 12.2 nm
for AA=5 nm. In each case boundary values come from
corn (lower) and wheat (upper) flours. Similar trend is
present with center position of the second emission band.
The band position difference changes from 20.5 nm for
AX=20 nm to 36.1 nm for AA=5 nm, and here, boundary
values come from buckwheat (lower) and rice (upper)
flours. An opposite trend is present with the third band. In
this case maximal difference in band position is decreasing
from 20 nm for AA=20 nm to 16.7 nm for AA=5 nm,
where the lower bound is from barley flour and upper bond
from corn flour emission.

Data Preprocessing

Before performing any analysis on the data set, the data
were preprocessed to ensure data quality and to improve the
efficiency and ease of further analysis. Here, preprocessing
involved data mean centering and scaling. Mean centering
alters the values of matrix columns (A, A, A3, I, and 5) in
such a way that the mean values of these columns become
zero (shifted by column mean value), but the distances
between the parameters remain the same. Scaling of the data
was performed because of the large discrepancy between
parameters intensities (see Table 1). Scaling gives the same
statistical weight to all of the parameters, and the standard
deviation of these values is then set to one. Scaling is
performed by dividing every parameter in the column
(which has already been mean centered) by that column’s
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standard deviation. The preprocessing method, which
includes both mean centering and scaling of the data, is
often referred to as data autoscaling.

Flour Analysis and Classification Based on Preprocessed
Synchronous Fluorescence Data

To examine the ability of synchronous fluorescence analysis
to discriminate between different types of cereal flours and
to find the best synchronous interval for flour classification,
several chemometric methods were applied. The ability to
discriminate between flour types was best for synchronous
spectra using low values for the synchronous interval, and
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Fig. 4 PCA score plots of different flour classes based on combination
of preprocessed synchronous fluorescence data for AA=7 and 20 nm
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the results of statistical analysis for each method are sum-
marized below for synchronous values of 5, 7, 10, and
20 nm.

Principal component analysis is applied to selected spec-
tral components, \;, Ay, A3, I, and /3, using synchronous
spectra obtained with synchronous intervals of 5, 7, 10, or

| 1 1
4 6 8 10 12 14 16 18 20

Variance Weighted Distance Between Cluster Centers

20 nm. The goal was to investigate the variance between the
various types of flour, to determine whether the groups
showed different spectral characteristics from each other
and to visualize the data.

Figure 3 shows four PCA score plots of different flour
classes based on preprocessed synchronous fluorescence

Table 2 Partial least squares

discriminant calibration and Error Barley Buckwheat Corn Rice Rye Wheat
cross-validation errors

AX=5 nm Cal. 0.153 0 0 0 0.255 0.018
(6)% 0.153 0 0 0.014 0.338 0.036

AX=T7 nm Cal. 0.166 0 0 0.014 0.618 0.071
(6)% 0.166 0 0 0.027 0.603 0.071

AX=10 nm Cal. 0.2 0 0 0 0.257 0.092
(6)% 0.2 0.125 0 0.014 0.242 0.134

AX=20 nm Cal. 0.092 0 0 0 0.083 0.058
(6)% 0.092 0.013 0 0 0.111 0.092

AX=5and 7 nm Cal. 0 0 0 0 0 0.036
(6)% 0.125 0 0 0 0.029 0.036

AA=5 and 10 nm Cal. 0.027 0 0 0 0.284 0.036
(6)% 0.194 0 0 0 0.593 0.036

AX=5 and 20 nm Cal. 0.039 0 0 0 0.069 0.058
CcvV 0.164 0 0 0 0.25 0.058

AX=7 and 10 nm Cal. 0.013 0 0 0 0 0.017
(6)% 0.179 0 0 0 0.028 0.076

AX=7 and 20 nm Cal. 0 0 0 0 0 0.108
(6)% 0.125 0 0 0 0 0.125

AX=10 and 20 nm Cal. 0.039 0 0 0 0.097 0.092
(6)% 0.151 0.113 0 0 0.1 0.092
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data for AA\=5, 7, 10, and 20 nm. One can see that groups
did show differences in spectral characteristics but that some
overlap is also present. On plots for AA=5 and 10 nm,
barley, wheat, and rye show some overlap, while other
groups are visibly separated. Better separation between
groups is observed in plots for AA=7 and 20 nm. In these
plots, rye does not overlap with barley or wheat, and wheat
likewise does not overlap with barley and rye. The result
suggests that data from single SF spectra are not sufficient
for quality classification of flours even though clear distinc-
tion between some groups is present. In particular, rice, corn
and buckwheat are clearly separable with each synchronous
interval A\, while wheat, rye, and barley overlap.

Based on these findings, we decided to use data from two
SF spectra measured with AA=7 and 20 nm to achieve
better separation of groups. Figure 4 shows results of PCA
applied to those ten parameters (\;, Ay, A3, I, and /5 from
the both spectra), and it can be unmistakably observed that
complete separation between groups was achieved, with the
highest separation for rice and corn.

To observe the degree of separation between the groups,
we performed cluster analysis using Ward's method, which
joins clusters in such a way that the within cluster variance
is minimized. Figure 5 presents the results of a cluster
analysis for the combined parameters of AA=7 and
20 nm. It can be observed that distances between the groups
are significant. Wheat and barley are closer than the other
pairs of groups but are still well separated.

The results of the PCA and cluster analyses suggest that it
is possible to build a classification model using data from
SFS. For this purpose, we utilized the PLS-DA method. Ten
classification models were made using parameters for A\=
5,7, 10, and 20 nm, and combinations of AA=5 and 7, 5
and 10, 5 and 20, 7 and 10, 7 and 20, and 10 and 20 nm.
Table 2 summarizes the calibration and cross-validation
errors of these models. One can see that the classification
error based on parameters for synchronous intervals of 7 and
20 nm was the smallest of the models. For this model, 100%
correct classification rates were obtained for calibration and
cross-validation (Cal.=0, CV=0) for four of the flour type
groups (buckwheat, corn, rice, and rye). Correct classifica-
tion rates for the wheat and barley are somewhat lower,
89.2% and 87.5%, and 100% and 87.5%, respectively, for
the calibration and cross-validation, but still similar to the
best result obtained by Karoui et al. (2006) for flour and
semolina classification with conventional fluorescence spec-
troscopy (86.7% and 87.9%).

Conclusions

Fluorescence spectroscopy is a very practical technology cur-
rently in use in many areas of agriculture and food production.
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When used for food discrimination, classification, and inves-
tigation of authenticity, it relies on the fluorescence detection
of intrinsic fluorophore composition differences and changes
in the microenvironments of these fluorophores. In this con-
text, synchronous fluorescence spectroscopy may be highly
beneficial because it characterizes both the absorption and
emission properties of the investigated sample, thus providing
more supportive data for chemometrics from single spectrum
measurements.

Here, our results showed that cereal flours could be
discriminated and classified using data obtained with front-
face synchronous fluorescence measurements. These meas-
urements were performed on flours obtained directly from
market shelves, with different expiration dates and with no
sample preparation. With the experimental setup used in this
work, the measurement of one synchronous spectrum took
less than 1 min. Discrimination and classification were
possible for low synchronous intervals of 20 nm or less,
and the best results were achieved with a combination of
synchronous fluorescence measurements using 7 and 20 nm
synchronous intervals.

Even though the fluorescence data obtained here were
collected using a standard laboratory device, the data nor-
malization and classification procedure facilitates the appli-
cation of this method to portable and handheld fluorescence
measurement devices. In addition, Liu et al. (2007) recently
developed a synchronous fluorescence imaging system that
will greatly expand the applicability of synchronous scan-
ning methods.

The sample set investigated in this work served to dem-
onstrate the power and applicability of the presented meth-
od. More precise estimations of discrimination and
classification errors may be obtained with larger sample
sets. However, the current results suggest that synchronous
fluorescence measurements have strong potential for further
application in flour analysis and also to be basis for more
complex investigations such as, for example, characteriza-
tion of cereal flour mixtures.
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