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food supply chains. The demand for high quality and safety
in food production calls for high standards in quality and
process control, which in turn requires sensitive and rapid
analytical technologies: sampling methods, sensors, and data
analysis. In this context, fluorescence spectroscopy consti-
tutes an interesting sensor technology, since several function-
ally important fluorescent substances are inherent to food
systems including proteins, vitamins, secondary metabolites,
pigments, toxins, and flavoring compounds.

Fluorescence spectroscopy is widely used in biological
sciences due to its high sensitivity and specificity. The main
research and applications in the field are usually carried out
using specific fluorescence probes developed for selected
problems, and the data analysis is often linear regression
using a single wavelength. Typically, the feasibility of such
analyses requires as a prerequisite extraction, chromatogra-
phy, chemical labeling, or other sample separation steps prior
to the fluorescence measurement. An alternative approach,
which is the one covered by this review, is to measure the
intrinsic fluorescence (autofluorescence) of the intact biologi-
cal sample. Autofluorescence of intact biological samples is
normally influenced by numerous analytes, and hence, num-
erous overlapping spectra make up the recorded signals.
However, such an approach may increase the speed of analy-
sis considerably and facilitates nondestructive analyses. The
nondestructive mode of analysis is of fundamental scientific
importance, because it enhances the exploratory dimension
to the measurements, allowing for more complex relation-
ships such as the effects of the sample matrix to be assessed.

Intact foods are usually complex physical and chemical
systems which in most cases include several intrinsic fluoro-
phores and other phenomena which influence the recorded
fluorescence signals. To handle the complex fluorescence
signals obtained when analyzing intact food systems, chemo-
metrics in the form of multivariate and multiway data

Public interest in food quality and production has increased analysis can be applied. The multivariate approach has
in recent decades. This increase is related to changes in eatingroven beneficial in analysis of nonselective signals and
habits, consumer behavior, and the industrialization of the specifically with respect to handling of interferents and as a
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diagnostic tool for detection of deviating samples (outliérs).
Scientifically significant is the possibility of uniquely de-
composing the complex signals from a series of 2D excita-
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In this review we aim to provide a comprehensive over-
view of scientific activity concerning multivariate autofluo- complementary (to near-infrared) fingerprinting information
rescence of intact food systems. The review is written with of process streams and reactions. The focus will be on the
a special view of the current paradigm shift in industrial multivariate mathematical approaches that are required to
quality control by the introduction of process analytical extract information from the complex signatures that are often
technology where fluorescence sensors may provide valuablehe result of measuring autofluorescence of intact food
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systems. After a brief introduction to the basic principles of
fluorescence spectroscopy with focus on the phenomena af-
fecting the intrinsic fluorescence of intact biological samples,
the most relevant chemometric tools used in the evaluation
of fluorescence data will be described. Subsequently, ex-
amples of current applications of autofluorescence measure-
ments in different fields of food analysis will be given.

2. Fluorescence Spectroscopy

2.1. Basic Principles

Fluorescence (the name originates from the fluorescent
mineral fluorspar) refers to cold light emission (lumines- |
cence) by electron transfer in the singlet state when molecules 300 350 400 450
are excited by photons. The electromagnetic phenomenon
fluorescencds a three-stage process that occurs in certain

molecules Ca_lle(ﬂuo_rophoresnr ﬂuoresce.m dye%First, the Figure 1. Fluorescence landscape (EEM) of 2M tryptophan
fluorophore is excited to an electronic singlet state by i, water. The excitation (vertical) and emission (horizontal) spectral
absorption of an external photolwt,). Second, the excited  profiles are indicated with the surrounding curves.

state undergoes conformational changes and interacts with

the molecular environment in a number of different ways, contrast to absorption spectroscopy, allows for emission
including vibrational relaxation, quenching, and energy photons to be detected against a low background, combined
transfer. Third, a photorh{.,) is emitted at a longer wave-  with efficient detectors in the visual range makes fluores-
length, while the fluorophore returns to its ground state. The cence spectroscopy a very sensitive analytical method with

difference in energy or wavelength between the absorbedpossibilities to measure down to parts per billion levels.
and the emitted photon is called the Stokes shift. The

fIgor_escencexcitationandemissiomfIight typically appears 2.2, Fluorophores in Food

within nanoseconds and is independent of temperature. A , i .

similar, but slower luminescence phenomenon is phos- F00d contains a wide range of naturally occurring fluo-
phorescence in which the photon goes through an inter- rescent _c_ompounds which are |mp0rpant for the nutr|t|\_/e,
mediate excited triplet state where the afterglow lasts longer ©©MPositional, and technological quality. A comprehensive

than microseconds and which is temperature-dependent/@Vview of naturally occurring fluorescent compounds was
The molecular structure and environment is decisive for made by Wolfbeis in 1985.The review included several

whether a compound is fluorescent. Fluorescence is oftenfood-relevant fluorescent compounds such as aromatic amino

exhibited by organic compounds with rigid molecular @cids, vitamins and cofactors, nucleic acids, porphyrins,
skeletons, usually polyaromatic hydrocarbons and hetero-flavonoids, coumarins, alkaloids, and myco- and aflatoxins.
cycles. The less vibrational and motional freedom in the 1N€ archetypal application of fluorescence in analysis of food
molecule, the greater the possibility that the difference in IS the detection of aflatoxins in figsThe aflatoxins are

energy between the excited singlet state and the groundstrongly fluorescent and will by excitation at 360 nm exhibit

electronic state is sufficiently large that deactivation by strong bright green-yellow fluorescence emission. This is the

fluorescence will occur reason some greengrocers have blue light in their display
Fluorescence is unique among spectroscopic techniquesfsr];_i"’es'tI Web-based food fi i q
because it is inherently multidimensional. A fluorophore ecently, a Web-based food fiuorescence library was mace

needs a SpeCifiC level of energy to be eXCited, and the available at www.models.kvl.dk (September 2005) with the

subsequent emission energy corresponds to the differencdluorescence charact_erlsncs of a variety of intact food

between the excited and ground electronic singlet states. EactfampleS as well as a list of food-relevant single fluorophores.
electronic state has several associated vibrational levels,n Table 1 and Figure 2 the fluorescence spectral properties
which implies that excitation does not occur at only one ©f these selected fluorophores are presented.

single wavelength, but rather over a distribution of wave-
lengths corresponding to several vibrational transitions. While
the deactivation of the excited state only occurs from the

Excitation (nm)

Emission (nm)

Table 1. List of 11 Food-Relevant Fluorophores and Their
Fluorescent Propertie$

vibrational ground level, emission also occurs at several Auorophore ixc't(?]tr'g)” f”“?ﬁ'rﬁ;]
wavelengths as it may reach different vibrational levels in P max max
the electronic ground state. The result is that all fluorophores ~ Phenylalanine 258 284
have independent and specific spectral excitation and emis- :{rotsc')”f]an 222?) %%27
sion profiles characterizing their unique fluorescent proper- vi)t/gmi'?l A (retinol) 346 480
ties. These profiles can be measured as excitation and vitamin B, (riboflavin) 270 (382, 448) 518
emission spectra or as a complete excitatiemission matrix vitamin Bg (pyridoxin) 328 393
(EEM), also known as fluorescence landscapes. The fluo- Vitamin E (-tocopherol) 298 326
rescence spectra and the landscape of the aromatic amino 2%:'?“ %Aé i%%
acid tr_yptophan.are dep_lqtclad in Figure 1. chiorophylla 128 663
Besides the high specificity of fluorescence spectroscopy, hematoporphyrin 396 614

the Stokes shift is fundamental to the sensitivity of the

a
fluorescence measurements. The Stokes shift, which, in Data from the FoodFluor Database at www.models.kvl.dk.
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Figure 2. Fluorescence landscape map indicating the spectral properties of the selected 11 food-relevant fluorophores listed in Table 1.
The presented contour plot makes up the sum of the normalized fluorescence landscapes of each of the 11 fluorophores.
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Figure 3. Diagram with an overview of factors affecting the fluorescence signal from complex samples.

2.3. Factors Affecting Fluorescence the concentration, and the molecular environment of fluo-

] rophores plus scatter phenomena will be briefly discussed
An overview of factors that can affect the fluorescence in the following.

emission signals is given in Figure 3. Several phenomena )

related to the nature of the food sample as well as the 2-3.1. Quenching

concentration and the local molecular environment of the  Fluorescence quenching refers to any process which
inherent fluorophores will influence the fluorescence signal decreases the fluorescence intensity of a safgplgeactiva-
obtainable from biological samples. The effect of quenching, tion of the excited molecule by either intra- or intermolecular
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interactions' Quenching is either static or dynamic. Static il
quenching occurs when formation of the excited state is
inhibited due to a ground-state complex formation in which
the fluorophore forms nonfluorescent complexes with a
guencher molecule. Dynamic or collisional quenching refers
to the process when a quencher interferes with (deactivates)
the behavior of the excited state after its formation. The
excited molecule will be deactivated by contact with other
molecules or by intra- or intermolecular interactions. Higher
temperatures increase collisional quenching due to the
increased velocities of the molecules. Resonance energy 0.2 ]
transfer can also be considered as a kind of dynamic oAl \\
quenching. Resonance energy transfer occurs when the ‘ ‘ . . ‘ .
emission spectrum of a fluorophore overlaps with the S0 30 s40 360 ss0 400 420  4ko
absorption spectrum of an acceptor molecule. The energy Emission (nm)

transfer does not involve emission of light, but rather a direct Figure 4. Normalized fluorescence emission spectra (excitation
interaction betwgen the dpnqr and acceptO( molecule, leadin%gyeleng'jth 295 nm) ofua solution of milk prgteins in water:
to a full or partial deactivation of the excited fluorophore g jactalbumin,-lactobglobulin, and casein. Concentrations cor-

(donor). respond to approximate tryptophan concentrations of® 1.
Casein is from bovine milk and a mixture @f, 5-, -, andk-casein.

TN — -lact.
\\ A - p-lact,
ssas casein

0.5

0.4

0.3

Fluorescence intensity, a.u.

2.3.2. Concentration
yield of fluorescence emission. Temperature primarily affects

The intensity of fluorescence depends on the concentratlon,ﬂuorescence through its impact on dynamic quenching.

the molar absorptivity, and the quantum vyield of the
fluorophore. Under ideal conditions in solutions with optical 2 3 4 Scatter

density below 0.05 AU, the fluorescence intensity is ) ) o )
approximately linearly proportional to the concentration of ~ Scaftering and reflection of the incident light has a

the fluorophore, according to substantial effect on fluorescence measurements, with respect
to both the optical depth of the sampling and the obtained
I, = 2.3p, ecl (1) fluorescence signal. The most important parts of the scattered
) (0]

light can be divided into elastic Rayleigh scatter and inelastic
, i ) , Raman scatter. For Rayleigh scatter, the wavelengths of the
wherels is the fluorescence intensity the quantum yield,  gcattered light are the same as those of the incident light,
l» the intensity of the incident light the molar absorptivity,  anq in principle this type of scatter should not interfere with
¢ the molar concentration of the fluorophore, atlde optical fluorescence emission, as these spectral areas can be
depth (or path length of the cell) of the sample. The isregarded when analyzing the fluorescence landscape. This
fluorescence signals are ideally addmye in mixtures; i.e., the ig jllustrated in Figure 1, where only emission wavelengths
overall fluorescence signal of a given sample can be pigher than 10 nm above the excitation wavelength are
expressed as the sum of the fluorescence contribution fromjnqj,ded. However, when working with instrumental setups
each of the inherent fluorophores. However, in complex it |arge bandwidths, Rayleigh scatter can constitute a
mixtures such as intact food samples, the fluorescence mayg;gnificant interference to fluorescence emission from fluo-
not be additive due to quenching phenomena and interactions.gphores with small Stokes shifts. Raman scatter is related
with the molecular environment of the fluorophore. to vibrational states of the bulk substances in the sample
and reflects a constant energy loss. Raman scatter can in
many cases be neglected because of its weak contribution
The polarity of the local environment of a fluorophore to the fluoresc_ence signal. Alternatively,.corrections of the
influences the emission of especially polar fluorophores. In fluorescence signal can be performed either by subtracting
more polar environments, fluorophores in the excited state the Pure solvent/background scatter contribution or by
will relax to a lower vibrational energy state before emission, SPecifically addressing the scatter in the modeling of the
resulting in emission at lower energies, i.e., longer wave- fluorescence data?
lengths. Shifts in emission spectra of fluorophores can be . .
obsgerved when comparing id(fntical quorophoFr)es in different 2-4 Practical Issues Related to Sampling of Intact
solvents or as residues in different macromolecules. Figure ™00
4 illustrates such an example, comparing the emission spectra |n an ideal sample system for fluorescence measurements,
of tryptophan from three different milk protein fractions. The several conditions need to be fulfilled: (i) The concentration
observed emission is shifted according to the position and range of the fluorophores must be at the appropriate level to
exposure (to the surroundings) of the tryptophan residues inpe approximately linearly related to the fluorescence inten-
the proteins. Clearly, the emission peak of the least structuredsity. (i) The fluorescence signals from each of the inherent
protein, in this case casein, is shifted more toward longer fluorophores must be independent of each other. (iii) The
wavelengths, indicating the most exposed in the surroundingsignal contributions from interferents such as absorbing
polar environment (water). species and quenching phenomena must be insignificant
Also pH and temperature strongly affect the fluorescence compared to the fluorescence signal. Such conditaars
signal. With dissociation or protonation caused by pH not be fulfiled in most intact food samples where the
changes, the rates of nonradiative processes competing wittconcentration ranges of the inherent fluorophores are not
fluorescence can be altered and thereby affect the quantumadjustable and several absorbing and quenching species

2.3.3. Molecular Environment
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concurrently exist. Instead the complex fluorescence pattern
from intact food systems can be approached pragmatically

Undiluted

and considered as a spectral fingerprint of the sample based 600

on its fluorescence characteristics as well as its absorbing et

and quenching abilitiesUsing this approach, classifications

and indirect correlations to quality parameters can be =

assessed. a) e
E

For opaque intact food systems fluorescence will normally
be measured using front-face illumination and, for example,
a 60 or near-180 (optical probes) fluorescence collection
to avoid specular reflection. When measuring autofluores-
cence of opaque intact food systems, primarily the surface |
is measured and most of the incident light will be absorbed A A AL, o e fion
near the surface of the sample; i.e., a short optical depth is Diluted 1:4
obtained. This is essential for obtaining a linear relationship
between fluorescence intensity and analyte concentration,
according to eq 1. However, when measuring in front-face
mode, the amount of scattered and reflected light reaching
the detector will increase due to a higher level of reflection
from the surface of the sample. The most important thing to b)
bear in mind when measuring autofluorescence of opaque
intact food systems is that it is a surface measurement.
Whether the surface is viscous (honey), layered (fruits), or
fibrous (meat) does not really matter, as long as one remem-
bers that the measurement only represents the surface. It is 500 580
thus critical to investigate whether the sample surface is re- i
presentative for the quality attribute that is desired measured.

The literature is scarce on the important samjalpparatus
interface in fluorescence spectroscopy for opaque anisotropic
samples. However, it is our experience that orientation of
heterogeneous and anisotropic food systems with respect to
the measurement geometry is normally negligible and that
instrumental uncertainty and sampling uncertainty can be
accounted for. There is no need a priori to consider
anisotropic (heterogeneous) systems difficult to sample.
Sampling uncertainty is a matter of representativity and
reproducibility, and it can be tested and validated using
multivariate principles (independent test set validation and A Ao w0
replicate analysis).

As mentioned in the Introduction, this review is written
with a view of the current paradigm shift in industrial quality
control by the introduction of process analytical technology.
In the full implementation of this approach, fluorescence
sensors need to measure directly on the process line or in
the batch process and sampling representativity will be only
dependent on the classical sampling issues such as the
required mass reduction of the dynamic process flow passing
the sensor optics. It is noteworthy that industrial on-line
fluorescence sensors are highly feasible, as the wavelengths
of the visual illumination and the fluorescence signals with
practically no loss can be transmitted over long distances T e e e e e
using quartz fibers, making several measuring points possible

. . . . Figure 5. Fluorescence landscapes of a dilution series of beer
using a single spectrometer. On-line measurements includ Carlsberg lager) samples: undiluted (a), diluted 5 (b), 10 (c), and

optical sensors in contact with the process streams or placeso (d) times (d). Fluorescence measurements were recorded in
inside batch reactors as well as diverted side streams passinguartz cuvettes with right-angle sampling geometry on a Perkin-
through the measurement apparatus. In the latter case, proEImer LS50B instrument with settings according to the FoodFluor

vided that sampling representativity is adequate, destructivedatabase at www.models.kvl.dk. Contour plots were normalized
sample handling such as flow injection dilution is possible. according to the maximum intensity (white) of the undiluted sample.

This would certainly be the case if the food system to be (if possible) is an option. However, it should be kept in mind
measured is a transparent or semitransparent liquid, in whichthat the dilution may change the concentration of other
case the most common way to record fluorescence isin 90 relevant fluorescent species below or close to the detection
geometry using a flow cell or a standard cuvette. Since the limit and that dilution may change interactions of the intact
concentration of fluorophores in transparent food systemsfood matrix. In Figure 5, the fluorescence landscape of a
might not be at an optimal level, dilution of the food sample beer sample at different dilution levels illustrates that

-
o
=3

Excitation (nm)

Diluted 1:3

3
—
Excitation (nm)

Diluted 1:49

Excitation (nm)

L
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different fluorophores are expressed differently at different a single wavelength intensity. Such areas are much less
dilution levels in a nontrivial fashion. For the undiluted beer, influenced by moderate peak shifts than single wavelengths.
fluorescence emission from excitation at 4@D0 nm is Additionally, robustness is also obtained from the general
dominating, which is probably due to polyphenolic com- noise reduction obtained from using the above-mentioned
poundg and riboflavin!® Upon dilution with water, the  areas.

fluorescence pattern of the beer completely changes until it

is diluted 50 times, from which level the fluorescence pattern 3.3. Multivariate Analysis of Fluorescence Data

stabilizes and depends linearly on the dilution. When the
sample is diluted 10 times, the distinct fluorescence from
tryptophan dominatel.Such conditions are inherent to
fluorescence analysis and thus inevitable when working with
intact food samples.

Multivariate data analysis of fluorescence data can be
approached in two different ways: (1) Analysis of fluores-
cence data arranged in data matrices. Typically, each row
in the data matrix holds the data for one sample and each
column corresponds to a specific excitatigmission wave-
length combination. (2) Multiway analysis of data with

3. Data Analysis variables in more than one dimension. Typically, every
sample is a matrix (EEM), and gathering several matrices
3.1. Fluorescence Data Structure from several samples leads to a three-way box of data which

Fluorescence is inherently multidimensional, because theis called a three-way array.

fluorescence emission process contains a wealth of indepen- Traditional multivariate analysis of fluorescence data is
dent information that is related to the fluorophore and its usually performed on a series of either emission or excitation
surroundings. Multidimensional fluorescence signals recordedspectra contained in a matrix. Sometimes even whole sets
from a sample can conveniently be presented as a matrix ofof EEMs are rearranged into a matrix and analyzed with
fluorescence intensities as a function of excitation and multivariate analysis. The most common data analytical
emission wavelengths such as the fluorescence landscap@pproaches are PCA, used for exploring, visualizing, and
presented in the contour plot in Figure 1. The fluorescence Mining the data, and PLS regression, used for building
landscape or excitatieremission matrix of each fluorophore ~quantitative models, e.g., for predicting specific concentra-
can ideally be described as a function of a concentration- tions from the measured spectra. The application of multi-
dependent factony, and its excitationb(iex), and emission, variate datq analysis in _the evaluatiqn of fluqrescence
c(em), characteristics. Thus, the overall fluorescence EEM Spectroscopic data was first proposed in 1982 in a study
can be described according to eq 2, whers used to describing the botanical constituents of wheat in wheat
milling fractions!” PLS regression was successfully used to

n correlate emission spectra from intrinsic fluorescence of

EEM =) o; x bj(4e) X G(Aen) (2) wheat milling fractions to the concentration of different

= botanical constituents in the flour, probably on the basis of

) the fluorescence signal from ferulic acid, tryptophan, and
enumerate the fluorophores andis the total number of riboflavin.

fluorescent species present in the sample. An important

assumption _is that the excitation and emissio_n spectra are3 4, Multiway Analysis of Fluorescence Data

chemically independent of one another. Given several ) . L .
samples with different concentrations of the fluorophores, Multiway data analysis refers to multivariate data analysis
eq 2 can under ideal conditions be extended with an performed on data arrays which are three-way or even higher

additional dimension to become trilinear. way as opposed to two-way data. In the case of fluorescence
spectroscopy, three-way data analysis can be applied, for
3.2. Chemometrics instance, when the fluorescence intensity as a function of

samples, excitation wavelengths, and emission wavelengths
Complex problems need multiple variables to be ad- is presented in a three-way data array. An example of a
equately described. Spectroscopic data contain a large amounultiway model for decomposition of a trilinear data array
of highly correlated data from neighboring wavelengths. is parallel factor analysis (PARAFACY® The principle
Multivariate data analytical tools such as principal compo- behind PARAFAC decomposition is to minimize the sum

nent analysis (PCA)'? and partial least squares (PLS) of squares of the residua, as indicated in eq 3, based on
regressiof have proven to be powerful methods for

mathematical extraction of the dominant latent data struc- F

tures of such collinear spectroscopic data. The use of Xik = Zaﬁbjfckf + e (3)
multivariate techniques to explore and analyze the fluores- =

cence signals from complex samples can be considered part

of the field of chemometrics, founded by Bruce Kowaléki  a least-squares algorithm. The elemegptepresents the data
and Svante Wol in the early 19708 Chemometrics has  for samplé in variableg andk of the two different variable
been defined as the “chemical discipline that uses mathemat-dimensions. The three-way data array is thus decomposed
ics, statistics and formal logic (a) to design or select optimal into a set of sample scores;, loadings for the emission
experimental procedures; (b) to provide maximum relevant mode by, and loadings for the excitation modg;, The rank
chemical information by analyzing chemical data; and (c) of the PARAFAC model is given by the number of factors,
to obtain knowledge about chemical systerfflultivariate F, needed to describe the systematic variation in the data
so-called latent variable methods are intrinsically more array. A graphical presentation of the decomposition is shown
robust, for instance, toward peak shifts than univariate in Figure 6, where the three-way data arkais decomposed
methods, because such multivariate methods use areas undénto scores and loadings, b, andc, using two factors (or
whole curves (called scores in chemometrics) rather than justPARAFAC components), leaving the unmodeled parkKof
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Cy b, /C b, explored on simulated fluorescence data and fluorescence

measurements on model solutions. Later, multiway analysis

X = + + E was applied on biological samples to resolve the fluorescent
- \ \ - components in spinach chloroplasts and green #gael

plant pigment complexes.

An example of a PARAFAC decomposition of fluores-
cence data obtained from an intact food system is shown in
in the residual arrayE, which ideally only contains  Figure 7, based on a series of fluorescence landscapes of
unsystematic noise. yogurt samples measured throughout a storage experithent.

The decomposition of three-way data gives a mathemati- The obtained fluorescence signal is decomposed into three
cally unique solution for a given number of components. factors, or PARAFAC components, that describe each of the
Thus, there are no mathematical ambiguities in the solution fluorescence phenomena present in the yogurt samples.
except trivial scale and order issues. Therefore, if the Scrutiny of the excitation and emission spectra of each of
PARAFAC model is also a description of the chemically the resolved components can then be used for identification
meaningful structure, the parameters of the model will have and understanding of the present fluorophores, which are
a chemical interpretation. Specifically, each PARAFAC suggested to be riboflavin, tryptophan, and an oxidation
component will be an estimate of the contribution from one product. As the PARAFAC method is only well suited for
fluorophore, and this estimate is given by a score vector “ideal” problems, it is fairly common to observe that one
containing the relative concentrations, an emission loading unidentified component could be a conglomerate or a
being an estimate of the emission spectrum and an excitationdistributed class of substances of more complex nature. In
loading being an estimate of the excitation spectrum. Thus, such cases, further identification can be pursued in more
the PARAFAC model can be used for a unique decomposi- traditional manners.
tion of the fluorescence data from a complex sample setinto  When working with intact food samples, the conditions
a number of PARAFAC components corresponding to the may not be ideal to obtain perfectly trilinear data with respect
number of fluorophores present in the samples. The to concentration levels and possible quenching effects, as
PARAFAC analysis thereby facilitates the analysis of indicated by the fact that the obtained and resolved fluores-
fluorescence measurements of complex biological samples,cence signal from riboflavin (the first factor) in this case
especially in exploratory situations when the fluorescence only seems to have two excitation peaks (at around 370 and
phenomena of the samples a priori are unknown. In the data450 nm). In pure solutions, strong absorption from riboflavin
analysis, the relative concentration of each of the presentwill also appear at around 270 nm (cf. Table 1 and Figure
fluorophores in the mixture can be determined, and the 2), which is not evident in the yogurt study, probably due to
excitation and emission loadings can be used for identifica- competition with the strong absorption of this light by
tion of the fluorophores. tryptophan.

Several other algorithms have been suggested for decom-
position of trilinear data, as recently compared and reviewed 4 Food Studies
by Tomasi and Bro in 200%.

The advantages of recording and analyzing fluorescence As an introduction to autofluorescence from intact food
landscapes in the investigation of a sample with multiple systems, a few examples of food fluorescence are shown in
fluorescent components was introduced by Weber in 2961 Figure 8, where tentative chemical assignments can also be
and further explored and developed by Warner and co- made. For the milk sample, the observed dominating
workers at the University of Washington in the late 1970%. fluorescence for excitation wavelengths below 300 nm can
In a series of papers, they demonstrated the principles ofbe assigned to protein fluorescence, and the fluorescence
utilizing the experimental emissierexcitation matrix in emission around 520 nm to riboflavih®® The fluorescence
gquantitative analysis of multicomponent samples for deter- signal with excitation/emission maxima around 325/425 nm
mining the number and spectra of the emitting components has previously been assigned to vitamid’Ahe remaining
in the sample. Ho et & 28 and others from the same peak around 360/440 nm corresponds in wavelengths to
research groi 3! continued this work and developed a so- previous literature assignments for dairy products of oxida-
called rank annihilation factor analysis of fluorometric data tion products’* a Maillard producg and NADH3® Tryp-
to obtain a decomposition similar to eq 3. In these first tophan fluorescence also seems dominant for the wheat flour
studies, the multiway approach was only applied and sample, from which also a broad peak emission from 400 to

Figure 6. Principles of a PARAFAC decomposition of a three-
way data arrayX, into two factors ofa, b, andc loading vectors.

uoljeyoxs

~ emission

Figure 7. PARAFAC decomposition of fluorescence landscapes from yogurt samples into three factors. Curves in the vertical direction
depict the loading vector for each of the factors; curves in the horizontal direction show the emission loading profiles. The three contour
plots express the product of the excitation and emission loadings; fluorescence is only measured below the dotted line. Data were taken
from ref 34.
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4.1. Meat

Studies on applications of autofluorescence from meat
have primarily been focused on measurements of collagen
in connective and adipose tissues, but protein fluorescence
and suggestions for some fluorescent oxidation compounds
have also been reported.

Autofluorescence for analysis of meat was first proposed
in 1986 in a paterit suggesting a method for quality control
of meat and fish products based on their intrinsic fluorescence
characteristics. The method was based on excitation at 340
nm and the fact that bone, cartilage, connective tissues, and
meat possess different fluorescent properties. Only weak
fluorescence signals are obtained for pure meat at this

excitation wavelength, whereas the nondesired substances
(fat, bone, cartilage, and connective tissue) all give a
considerable fluorescence emission signal. The emission
spectra for these compounds are different in shape, but they
all have a peak with a maximum at 390 nm and a shoulder
peak with emission at 455 nm (bone, cartilage, and connec-
tive tissue) or 475 nm (fat), which can probably be assigned
to different types of collagen and NADH.

Since 1987 Swatland has written a series of papers on
different aspects of the autofluorescence of meklis work
was focused on measuring collagen and elastin fluorescence
from the connective tissues in meat using excitation at 365
nm. The obtained autofluorescence signals of various meat
samples were correlated to several sensory-related quality
parameters such as gristle content in #éekin content and
processing characteristics of poultry meat sitfrand turkey
meat?>46and palatability’” chewinesg? and toughneg8 of
beef. All these correlations can be considered as indirect
analyses due to the fact that these quality parameters are
related to the amount and distribution of connective and
adipose tissue in the meat. Swatland has also investigated
technical aspects of the fluorescence measurements and
instrumentation (backscatter, reflectance, direction of light),
Figure 8. Fluorescence landscapes of autofluorescence recordedi€ading to the development of on-line meat probes based on
directly from intact food samples: (a) milk (1.5% fat), (b) wheat fiber optic§% 53 with simultaneous measurements of reflec-
flour, and (c) extravirgin olive oil taken from the FoodFluor tance3* Most of these studies were carried out with a
database at www.models.kvl.dk. Front-face fluorescence measureyynjyariate data analytical approach; univariate regression
ments were recorded in quartz cuvettes with §mpling geometry 1 4e|s were calculated between the desired quality param-
on a Perkin-Elmer LS50B instrument. Contour plots were normal- .
ized according to the maximum intensity (white). eters and single Wavelengths or extracted fluprescence peak

features. However, multiple linear regression of a few

500 nm, upon excitation around 350 nm, is observed. This parameters was applied using a stepwise selection proce-
is in agreement with a previous stflpn the autofluores-  dure;®4° pointing toward a more multivariate approach.
cence of cereal flours. The autofluorescence of neat olive Egelandsdal, Wold, and co-workers later applied the
oil expresses a completely different fluorescence pattern bilinear methods PCA and PLS in evaluation of autofluo-
dominated by fluorescence emission in the visible spectral rescence emission spectra of meat obtained from selected
range. The most intense emission is observed just below 700excitation wavelengths in the UV region between 300 and
nm, corresponding to the fluorescent properties of chloro- 400 nm. In their work, fluorescence emission spectra
phyllic compounds according to Table 1. assigned to various types of collagen in meat products were

Particularly in the past decade, the number of application found to correlate with tensile properti®#tendernesss and
studies of autofluorescence and chemometrics in analysis ofwater-holding capacity, and recommended for quantifica-
intact food has increased. The following review of these tion of connective tissue and collag&?® Fluorescence
application studies will be divided into subgroups according emission spectra assigned to fluorescent oxidation products
to the food products meat, fish, dairy products, edible oils, have been found to correlate with lipid oxidati®f' and
cereals, sugar, and fruit and vegetables. The categories wereancidity?> of meat. Moreover, tryptophan fluorescence
chosen to compare studies of similar products, and the (excitation 290 nm) has been correlated to the texture of meat
division was also based on the number of published studiesemulsions and sausa§g% and meat tenderne$s.Also
in each of the fields. Table 2 gives an overview of the studies autofluorescence images reflecting the collagen fluorescence
in each application area, including literature references have been used for quantification of the intramuscular fat
separated according to assigned fluorophores. Some of thecontent and connective tissue in B8&f as well as for
assignments are questionable and will be discussed in themapping of the lipid oxidation in chicken me&tAs an
text. example of a more peculiar meat application, the presence

—
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Table 2. Overview of the Literature Survey on Autofluorescence Studies of Intact Food

fluorophore meat fish dairy products edible oils cereals beer sugar fruit and veg.
Dufour, 19972008776
Birlouez-Aragon, 1998
Herbert, 1999-20007:86
Lopez, 20018
Skjervold, 2008’ Mazerolles, 200%? Jensen, 1982 Apperson, 20023 Norgaard, 19955126
amino acids Mgller, 2003° Dufour, 20033 Leclere, 200% Kissmeyer-Nielsen, 198% Sikorska, 2004 Munck, 1998
Allais, 200346364 Christensen, 20035349 Zandomeneghi, 1999 Christensen, 2065 Bro, 1999%°
Becker, 200% Jensen, 2004° Baunsgaard, 20001127:13+133
Karoui, 2003-582:83.88-92 Ruoff, 200528
Kulmyrzaev, 200580
Garimelle Purna, 2005
Jensen, 1986
Swatland, 198720032 54134.135
collagen Egelandsdal, 19962005556:59 Jensen, 1986
Wold, 1999866 Andersen, 2003
Brgndum, 2000
Skjervold, 2008
Engelsen, 1997 Franck, 19694
Kyriakid is, 20007 Schreiber, 19785
Pedersen, 2062 Yamada, 1996°
chlorophyll Pedersen, 2002 Wold, 200585 Diaz, 20038 Song, 19977
Guimet, 2004?2136 Cohen, 19988
Sikorska, 2004 5100101 Moshou, 200%*
Zandomeneghi, 200% Bron, 20041°
Codrea, 2004°
Jensen, 1982
ferulic acid Kissmeyer-Nielsen, 198%

Symons, 19916105108
Ram, 2004%°

Maillard products

Birlouez-Aragon, 1998
Léclere, 20033

Baunsgaard, 20001127:13+133

NADH

Jensen, 1986
Brgndum, 2000

Jensen, 1986
Dufour, 20033

Kulmyrzaev, 200%

Sikorska, 200%

oxidation products

Wold, 2000-259.62.68
Mgiller, 2003°
Olsen, 200%

Christensen, 200353495
Becker, 200%

Engelsen, 1997
Sikorska, 2004 500.101
Guimet, 200422136

Jensen, 2004°

polyphenols

Sikorska, 2004 500101
Zandomeneghi, 200%

Apperson, 20023
Christensen, 2065

Baunsgaard, 20001127:13+133
Ruoff, 200528

pyridoxine (vitamin Bg)

Sikorska, 200%

retinol (vitamin A)

Dufour, 1997-2008785
Herbert, 20088
Christensef?

Karoui, 2003-5%8-92
Kulmyrzaev, 200%

riboflavin (vitamin B )

Wold, 2002°
Christensen, 206%
Becker, 200%
Mortensen, 2003

Zandomeneghi, 200%

Zandomeneghi, 200% Sikorska, 200%#

Jensen, 2004°

tocopherol (vitamin E)

Kyriakidis, 20067
Guimet, 2004?2136
Sikorska, 2004 5100.101
Zandomeneghi, 200%

others (iso-a-acids)

Takhar, 19951
Tomlinson, 19952
Apperson, 20023
Sikorska, 2004
Christensen, 2065
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of autofluorescence of dietary phorphyrins has been sug-similar approach was applied to study molecular interactions
gested for detection of fecal contamination in mi&at. during milk coagulatiori”-’® Several different coagulation

All the described multivariate fluorescence studies of meat Systems were studied, and the fluorescence approach includ-
used bilinear models to evaluate single-emission spectra. Théng multivariate evaluation allowed the investigation of the
only multiway study of autofluorescence of meat reported network structure and molecular interactions. Within the area
so far was on dry-cured Parma ham, which was monitored of cheese ripenin§®®a similar approach was used for the
throughout processing and agiffgA PARAFAC decom- study of soft and semihard cheeses; the studies concluded
position of the recorded fluorescence landscapes revealedhat fluorescence spectroscopy is suitable to provide relevant
the presence of five fluorophores, of which tryptophan was information related to the cheese protein structure, which
assigned to be the dominating one. The remaining four was used to discriminate each ripening stage. In addition,
components were more difficult to assign; one was suggestedselected spectral characteristics of ripened cheeses linked to
to arise from the salting, and two others were related to the initial chemical composition and the initial protein
oxidation products. The PARAFAC component with excita- network structure were detected at the early stage of ripening.
tion/emission maxima at 370/470 nm accounted for the Front-face fluorescence spectroscopy was also suggested as
second largest fluorescence contribution, and could perhapsa rapid method for screening of process cheese functional-
be assigned to collagen or NADH in agreement with previous ity;® in the presented study functionality was represented

meat studies. by the meltability as measured by dynamic stress rheometry.
Application of classification methods on fluorescence spectra
4.2. Fish recorded on Emmental chee%&8from different European

i geographic origins was shown to give correct classification
Already in 1985 fluorescence measurements were pro-results for approximately 75% of the samples in the first
posed as a method for detecting bones in fish fifléts. mentioned study and around 45% in the latter.
Autofluorescence of fish was later reported in the form of . . _
In a number of studies of dairy products, vitamin A

collagen fluorescence found in cod and salmon using an ; g .

excitation wavelength of 332 nf.Fluorescence images ﬂuo_re.'_scence has been recorded using excitation spectra with

from this study revealed a significant inner filter effect in €MISsion at 410 nm. However, no chemical validation (i.e.,
gpure substance measurements) of the assignment of the

the salmon flesh probably caused by strong absorption o fluorescence sianal has been made. The emission wavelenath
the emitted fluorescence light by red pigments such as u '9 y ISsion wav )

astaxanthin. Front-face fluorescence has also been suggesteteed Seems rather low compared with the fluorescence profile
for assessment of the freshness of fishNormalized of pure solutions of vitamin & with an emission maximum

fluorescence emission spectra using excitation Wavelengthsat 480 nm according to Table 1. Nevertheless, the assignment

of 260 nm (assigned to aromatic amino acids) and 336 nm is not questioned in the papers, anq.the quorgscenqe signal
(assigned to NADH) were evaluated by PCA and suggestedhas been related to phase transition of triglycerides in

= A .
to be used for discrimination between different storage times cheese: Wh'le Incorrect assignment of fluor_escence may
for whiting and mackerel fillets. not be crucial when seeking indirect correlations to quality

: parameters such as rheological characteristics and classifica-
of '?i'g‘ﬁ'g‘:lzﬁc_rn:sptfs&:afgl'ggctgrglug;ﬁiz%e?gfegggséﬁesﬁons, it may prevent further interpretation of the chemical
fluoro ho.res resent in the oil samples of which one was system under investigation. A combination of the proposed
assi r?e d1to CI’F1)|OI’O hvil. The obtaine% co’m lex quorescenceVitamin A fluorescence and tryptophan fluorescence has been
fingegrprints of the ?‘is)rq 6ils were shown topcorrelate (indi- applied in several studies of cheese. The common fluores-
rectly) to the dioxin content in the fish oil, and the method cence signal was found to correlate with the cheese type as

. o .~ _well as with the structure of soft chee®ethe rheological
\t,ivc?r? suggested as a screening method for dioxin contamina 1, racteristics of various cheese8 8% and classification

of cheese and milk according to origit®2

4.3. Dairy Products Rapid fluorometric methods have been investigated for
estimation of the heat treatment of milk based on the intrinsic
Fluorescence studies of dairy products reported in the fluorescence of milk. A combination of fluorescence assigned
literature are dominated by fluorescence assigned to tryp-to tryptophan (emission spectra using the excitation wave-
tophan, vitamin A, and riboflavin, but fluorescent oxidation length at 295 nm) and vitamin A (excitation spectra recording
and process-derived products have also been describedemission at 410 nm) was applied in a front-face fluorescence
Recently, chlorophyllic compounds were found in dairy study of milk3” Classifications based on PCA of the fluor-
products using fluorescence emission spectra from 400 toescence spectra clearly separated the milk samples according
750 nm obtained by illumination with excitation light of 380 to heating and homogenization. Another study used the
nm.® Emission peaks between 600 and 700 nm were relation between the excitation/emission peaks at 290/340
observed and tentatively validated as chlorophyland and 350/440 nm, assigned to fluorescence from tryptophan
hematoporphyrin. and advanced Maillard products, respectively, for a clas-
In several studies of dairy products, fluorescence emissionsification according to heat treatment based on measurements
spectra of tryptophan (normalized according to peak area)of water-soluble milk fraction® The same method was
have been investigated as an indicator of the protein structureshown to correlate with lysine degradation in milk during
in dairy products. Minor shifts in the emission profile heating, although with an adjustment of the peak selection
evaluated with multivariate data analysis have been relatedto 330/420 nm for the proposed fluorescent Maillard
to different locations and the environment of the tryptophan products®® Front-face fluorescence emission has also been
residues in the protein. Front-face fluorescence emissionused for monitoring intact milk samples using excitation
spectra upon excitation at 290 nm were correlated to sensorywavelengths of 250 and 360 nm assigned to fluorescence of
texture and used for discrimination of the cheese tjpk. aromatic amino acids and NADH/FADH, respectivélyl.he
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suggested NADH/FADH fluorescence was shown to cor- In olive oil, autofluorescence has been investigated for
relate with heat treatment indicators using principal compo- determination of chlorophylls and pheophyt#®artial least-
nent regression models. squares regression models were applied on single-excitation,
Riboflavin is considered to be a marker of photooxidation single-emission, and synchronous spectra, which were shown
in dairy products, and autofluorescence assigned to riboflavinto be highly correlated to the content of the different pigments
has been used to describe light-induced changes in dairy(r? > 0.99). Excitation spectra obtained for emission at 662
products. Front-face fluorescence emission spectra have beenm were found to be the optimal for the data at hand, which
recorded from Jarlsberg cheese, sour cream, and creaninakes sense compared to the fluorescence properties of
cheese upon excitation at 380 AP he fluorescence spectra  chlorophyll a listed in Table 1. Further exploration of the
revealed a significant reduction in fluorescence intensity at autofluorescence of olive oils showed that the obtained
525 nm and a corresponding increase around-4tE® nm fluorescence signals could likely be assigned to tocopherol,
upon the expected light-induced oxidation of the samples. polyphenols, riboflavin, and chlorophyllic compounds. This
The result was ascribed to photodegradation of riboflavin, was concluded in a study also comparing front-face and right-
leading to a fluorescent product. Oxidation of Havarti cheese angle sampling geometf§.It was suggested that fluores-
has also been monitored on the basis of fluorescencecence spectra obtained with the traditional setup (right-angle
excitation/emission peaks at 370/530 and 430/530 nm, fluorescence) contain considerable artifacts and deformations
ascribed to riboflavif? Autofluorescence in analysis of due to self-absorption phenomena, even if the spectra are
yogurt confirmed the previous findings by relating storage corrected for inner filter effects, while front-face fluorescence
conditions to the fluorescence signal obtained for emission spectra were much less affected by self-absorption.
around 530 nn3® Furthermore, a high direct correlation to Recently, studies have been published characterizing
riboflavin content (2 = 0.98) was found, verifying the  complete autofluorescence landscapes with excitation wave-
dependency. lengths of 256-450 nm and emission recorded up to 700
Multiway studies of autofluorescence landscapes of dairy nm of a wide range of edible oils. Fluorescence from various
products are so far described in two studi€e®, where diluted and undiluted oils was investigated, and the obtained
PARAFAC was applied to evaluate the fluorescence land- signals were assigned to tocopherol and pigments of the
scapes of processed cheese and yogurt, respectively, as ehlorophyll group'® Furthermore, fluorescence signals were
function of storage. In the study of cheeses, fluorescencesuggested to originate from polyphenols, and fluorescence
landscapes with excitation wavelengths from 240 to 360 nm appearing with excitation around 350 nm and emission
and emission wavelengths of 27875 nm were recorded. between 400 and 500 nm was shown to arise from thermal
The fluorescence landscapes of the cheese samples werexidation. Inner filter effects were clearly evident in the
decomposed into four different PARAFAC components undiluted oils, as seen by the fact that the tocopherol was
assigned to tryptophan, vitamin A, and a nonidentified hardly detectable in the neat oils as opposed to the diluted
oxidation product. Two of the resolved PARAFAC compo- 0ils, whereas the fluorescence signals from the polyphenolic
nents yielded only slightly different excitation profiles, but and thermally induced compounds were considerably di-
they both resembled the fluorescence properties of tryptophanminished upon dilution. Similar fluorescence landscapes have
with very similar emission loadings with maxima at 347 and also been used for classification of edible 8#s.The
339 nm. Both components were assigned to tryptophan,landscape approach was compared to synchronous scanning
representing two different populations of tryptophan residues. fluorescence spectroscopy to characterize and differentiate
In general, only the emission profile and not the excitation edible oils, including soybean, sunflower, rapeseed, peanut,
maxima should be affected by different local environments olive, grape seed, linseed, and corn oils. Both methods
according to fluorescence theory. However, inner filter provided good discrimination between the oil classes with a
effects, which can alter the observed excitation profile and low classification error based on the nonparametrical
the poor resolution of the excitation wavelength in the study, nearest-neighbors method and linear discriminant analysis.
can justify the assignment. An alternative explanation could Guimet et al. in 20042 applied PARAFAC to evaluate
be that it was tyrosine residues that were responsible for thecomplete fluorescence landscapes of olive oils. The decom-
absorption in the PARAFAC component with the lowest position of the olive oil fluorescence revealed the presence
excitation maximum and that the energy was subsequentlyof four different fluorophores, of which the major one was
transferred to tryptophan by resonance energy trafdfer.  assigned to chlorophyll. Two of the derived fluorophores
the latter case, the second PARAFAC component shouldwere assumed to be oxidation products with excitation

correctly have been assigned to tyrosine. maxima around 350 nm in agreement with previous findings
and verified by the fact that they were practically absent in
4.4. Edible Oils the virgin olive oils, as opposed to the refined oils. The last

. . . . . PARAFAC component in the study with an excitation/

Frying oil deterioration has been measured with fluores- gission maximum around 350/525 nm was erroneously
cence emission spectra using five selected excitation wave-,ggigned to tocopherol with reference to the earlier study of
lengths from_ 395 to 530 nm and evaluated with mu_ltlvarlaf[e olive oils®” However, as previously mentioned, this com-
data analysis. The results showed high correlations with honent does not agree with the fluorescence characteristics
quality parameters describing the deteriorafioim another of tocopherol found in the literatufé.
study, fluorescence emission spectra from several common
vegetable oils were obtained upon illumination by 360%m. 4.5. Cereals
The fluorescence signal was (partly) assigned to tocopherol ™"
and chlorophyllic compounds, despite the fact that the Since the early 1980s fluorescence spectroscopy in com-
proposed tocopherol fluorescence emission at 525 nmbination with PLS regression was used for prediction and
certainly does not match the fluorescence properties of pureclassification of botanical tissue components of complex
o-tocopheroP* wheat flout” and rye flout®® samples. The classification
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was based on excitation at 275, 350, and 450 nm, yielding of the nonparametricd nearest-neighbors method and linear
fluorescence emission maxima at 335, 420, and 520 nm,discriminant analysis, it was possible to discriminate between
respectively. The fluorescence was assigned to aromaticthe replicate measurements. The paper did not show if it was
amino acids (excitation 275 nm) and ferulic acid (excita- possible to group different categories of beers, e.g., light,
tion 350 nm). The fluorescence peak at 450/520 nm was dark, ale, and lager. The obtained fluorescence signals from
not originally assigned, but probably originates from ribo- the beer were suggested to originate from aromatic amino
flavin, as later verified in a study of wheat flour fluorescence, acids, NADH, riboflavin, and vitamin 8

where a standard addition technique was used for validation

of this assignmerni?* The ferulic acid and riboflavin 4.7. Fruit and Vegetables

fluorescence was later applied in several studies monitoring

wheat flour refinement and milling efficiency using fluo- ~ For several decades chlorophyll fluorescence has been
rescence imaginif> 1% and autofluorescence was recently considered an intrinsic probe for the photosynthesis in
suggested for classification of wheat cultivééZandome- ~ Plants****Thus, chlorophyll fluorescence has been sug-

neghi in 199¢° investigated the intrinsic fluorescence of gested as a tool for evaluating the heat tolerance of tropical
cereal flour more thoroughly and optimized the conditions fruits,"*® changes in apples during maturation, ripening, and
for recording front-face fluorescence from intact samples. senescence/the quality of apple juice during processit,

He found three major fluorescence peaks present in the flourand the ripening of papaya fruit; among many others. The
samples similar to the ones previously described; one wasmentioned studies all evaluate the fluorescence measurements
assigned to amino acids and another one to riboflé¢ifihe by the calculation of various fluorescence indices or ratios
signals previously assigned to ferulic acid were not assigned@nd by univariate comparison of these to the quality
in this study, but suggested to originate from vitamin E or Parameters. However, few studies have undertaken a mul-
Bs. Fluorescence landscapes of oatmeal samples have als§variate approach in, for example, classification of apples
been recorded in an attempt to monitor oxidative chaifes. With fluorescence imagirig and prediction of three levels
The obtained fluorescence signals were comparable to thedf mealiness in apples using fluorescence kinetics and
findings in flour samples and assigned to tryptophan, different mathematical ql_ass_lfle%%l. In the first of these
riboflavin, and an unidentified oxidation product. Is was also Studies an apple classification method that employed a
shown that the fluorescence signals could be correlated tohierarchy of two neural networks was developed. The system
the hexanal concentration in oatmeal and that during storage'€ached 95% accuracy using a test material classified by an
time the signals decreased especially in the excitation €xpert for “bad” and “good” apples.

wavelength range around 450 nm. Chlorophyll, which gives rise to fluorescence found in
plants, can be considered of special interest as an indicator
4.6. Beer substance due to the fact that the chlorophyll can be found

. in food products during processing and in several steps
In 1995 a patent suggested using autofluorescence as ahroughout the food chain, as seen from the presence of

novel and rapid method for monitoring the bitterness in chlorophyll found in fluorescence studies of dairy prodifcts
beer;** and the approach was pursued in a recent study. and vegetablé® as well as fish oif*

Bitterness in beer is primarily determined by the amount of 114 autofluorescence of apple juice has also been explored,

iso--acids, which originate from the hops. Fluorescence was 4, the hasis of excitation at 265 and 315 HAThe obtained
suggested for quantification of these (presumably) fluorescentq o rescence emission spectra were evaluated using the PCA

bitter acids, which normally appear in concentrations around ;4 p1.S models to classify the juices according to variety

10-40 ppm i_n beer'. AN alternative appfoach toward bitter- g4 1g relate the measurements to the maturity of the apples.
ness determination in beer using europium-induced delayed

fluorescence to detect the amount of @@cids in beer 4.8. Suaar
was later proposed by Tomlinson et al. in 1995This Y
technique requires a sample preparation, namely, addition Several examples of the application of fluorescence and
of europium, to separate it from the background fluores- chemometrics in the analysis of sugar have been published
cence through a gate time delay. The sample preparation stegvithin the past decade, and the application area has served
makes the approach more cumbersome compared to meaas a pioneering platform for applying multiway models to
suring autofluorescence of intact beer, yet the method is autofluorescence landscapés.Fluorescence analyses of
much faster than the traditional bitterness determination of sugar and sugar solutions are all based on measuring the
beer that involves an extraction step. The topic is of impurities in the sugar, since sucrose itself does not possess
commercial interest, since the traditional method today is the ability to fluoresce. The foundation for applying fluo-
carried_out as a routine quality control analysis in all modern rescence in the analysis of sugar was discovered many years
breweries. ago, as the purity of sugar samples already in the 1940s was
A more thorough description of the intrinsic fluorescence evaluated on the basis of an inspection of the fluorescence
in beer was reported by Apperson et al. in 2682&uggesting arising upon illumination with ultraviolet ligh2® This kind
that the complex fluorescence characteristics of beer ariseof quality control was further investigated and approached
from amino acids, complex polyphenols, and &@cids. more scientifically in 1995 when the fluorescence of crystal-
Similar fluorescence was observed in another stuldgy- line beet sugar and beet sugar juices was recorded and
ever, the fluorescence contribution from the bitter acids did evaluated with chemometrié®:*26The fluorescence emis-
not appear obvious upon inspection of the signals. In a recentsion spectra upon excitation of 230, 240, 290, and 330 nm
study of fluorescence landscapes of bé€alassification of were concatenated and multivariate models used to explore
eight individual beers was evaluated on the basis of their the data. The fluorescence signals dominated by the aromatic
intrinsic fluorescence characteristics. The classification was amino acids were used for classification of the sugars
performed by measuring each beer 12 times, and by the useaccording to the production site and for prediction of several
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quality and process parameters. The findings were laterbecause industrial on-line fluorescence sensors are highly
verified on sugar solutioAsand sugar crystafg’ feasible, as the wavelengths of the visual illumination and
Front-face fluorescence spectroscopy was also recentlythe fluorescence signals with practically no loss can be
proposed for authentication analysis of the botanical origin transmitted over long distances using quartz fibers, making
of honey*?® Fluorescence emission spectra for excitations several measuring points possible using a single spectrometer.
at 250, 290, and 373 nm were in combination with excitation Then why are there practically no on-line applications, except
spectra for emission at 450 nm recorded and evaluated usinga few examples in batch fermentors? There is no doubt that
PCA scores for a linear discriminant analysis classifying the the ongoing technological progress can deal with the chal-
honeys according to floral origin. lenges of standardization (the fluorescence signal is not
More thorough investigations of impurities in various sugar recorded relative to an incident light beam as in absorbance
juices were carried out when multivay chemometrics was spectroscopy) and configuration of future fluorescence sen-
applied in the evaluation of fluorescence landscapes of sors. We believe that the main challenge for a more useful
sugart'?° PARAFAC revealed four fluorophores that were implementation of multivariate autofluorescence in PAT is
responsible for the main fluorescence of beet sugar solutionsrelated to its high sensitivity, i.e., that minute changes in
Two of the components were assigned to tyrosine and the raw materials can change the signals dramatically and
tryptophan originating from the beet, on the basis of their thus will require real-time or floating multivariate recalibra-
derived fluorescent properties. PARAFAC was also applied tion schemes.
specifically on fluorescence landscapes of raw cane $tfgar Fluorescence has been known for over 300 years and is
and solid beet sugaf! It was shown that classification  still gaining momentum in biology, biotechnology, biochem-
according to production site and correlation to important istry, chemistry, and physics, but thus far it has not been
sugar quality parameters such as color, ash,ceathino N extensively used as an on-line sensor in the food industry.
was possible by measuring directly on the crystalline With mathematical chromatographiy the form of multiway
samples. The results obtained were comparable to resultsanalysis of fluorescence landscapes, the two-dimensional
obtained on water-diluted samples. Further investigations of nature of fluorescence data is utilized to improve the
the underlying fluorescence phenomena in various sugar andselectivity of fluorescence analyses and to expand the
sugar juice samples were carried out by comparing the potential applications to complex chemical systems such as
decomposed fluorescence components to a chromatographiéood samples.
separation of sugar solutioh®:13 The fluorescence was
suggested to arise from colorant polymers formed in Maillard 6, Acknowledgments
reactions during the sugar processing and a polyphenolic

compound in addition to the more straightforward assign-  We are grateful to Professor Lars Munck for his pioneering

ments of tyrosine and tryptophan. spirit in introducing autofluorescence as an exploratory
analytical tool. Gilda Kischinovsky is acknowledged for
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