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a b s t r a c t

Excitation–emission matrix fluorescence (EEMF) and total synchronous fluorescence (TSF) spectroscopy
are two conceptually different fluorescence techniques that have been used to map the fluorescence
responses of the fluorophores present in a multifluorophoric mixture. EEMF was introduced four decades
back and most of the fluorimeters have the suitable computer program which allows the acquisition
EEMF spectra. Recently introduced TSF spectroscopy has been shown to possess good application
potential in analytical fluorimetry and has started attracting the attention of analytical chemists. TSF data
structure, however, is intrinsically different from EEMF data structure and a better understanding of
TSF data structure is crucial to utilising its application potential. In the present work, a comprehensive
comparative study between EEMF and TSF spectroscopic data set was performed by taking aqueous
mixtures containing low concentrations of benzo[a]pyrene, chrysene, and pyrene as test case. The EEMF
and TSF data structures were clearly explained by taking pyrene as an example. The effects of Rayleigh
and Raman scattering on the quality of EEMF and TSF data sets were studied. EEMF and TSF data sets of
dilute aqueous mixtures of benzo[a]pyrene, chrysene, and pyrene were subjected to three chemometric
techniques PARAFAC, N-PLS, and MCR-ALS analysis. TSF data set in particular was found to be highly
attuned to MCR-ALS analysis. Obtained results of chemometric analyses on EEMF and TSF data sets show
that TSF data of dilute aqueous mixtures provides more accurate spectral and concentration information
than EEMF data sets. Therefore, TSF spectroscopy could be considered as an alternate to the EEMF for the
analyses of dilute multifluorophoric mixtures.

& 2013 Elsevier B.V. All rights reserved.

1. Introduction

Excitation–emission matrix fluorescence (EEMF), introduced by
Christian and co-worker [1–5], and total synchronous fluorescence
(TSF), introduced by Patra and Mishra [6], are the two conceptually
different fluorescence techniques which have been used for the
analysis of multifluorophoric systems [6–28]. Both EEMF and TSF
contain the fluorescence signatures of all the fluorophores of a
multifluorophoric system in a single three dimensional spectrum.
However, spectral characteristics of a fluorophore in EEMF and TSF
modes are different from each other; it is due to the difference in
the data acquisition process in EEMF and TSF spectroscopy.

Christian and co-worker introduced computerised method for
displaying EEMF spectrum in a single three dimensional graphical
format [1–5]. Rho and Stuart introduced a non-computerised method
for plotting EEMF contour plot [29]. An EEMF spectrum essentially

consists of number of excitation and emission spectra of the
fluorophores collected at various emission and excitation wave-
lengths, respectively. An emission spectrum is acquired by keeping
the excitation monochromator at a fixed wavelength and scanning
the emission monochromator. Similarly, excitation spectrum is
acquired by scanning the excitation monochromator and keeping
the emission monochromator at a fixed wavelength. On the other
hand, a TSF spectrum consists of number of synchronous fluores-
cence (SF) [30,31] spectra of fluorophores collected over a range of
excitation wavelength at various wavelength offsets (Δλs) [6]. A SF
spectrum is collected by simultaneously varying the excitation and
emission monochromator with a constant Δλ over a given excita-
tion wavelength range [30,31]. EEMF spectrum is generally created
by plotting the emission wavelength, excitation wavelength, and
fluorescence intensity along X, Y, and Z-axes, respectively [5,29].
TSF spectrum is created by plotting the excitation wavelength
along X-axis, Δλ along Y-axis, and SF intensity along Z-axis [6,32].
Provided, Beer–Lambert law [33] is obeyed i.e. primary and
secondary inner filter effects [34] are absent and spectral inten-
sities are additive, then fluorescence intensities of a fluorophore in
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EEMF and TSF are given by Eqs. (1) and (2), respectively [35],

IEEMF ðc; λex;λemÞ ¼ KcdEXðλexÞEMðλemÞ ð1Þ

ITSFðc; λex;ΔλÞ ¼ KcdEXðλexÞEMðλexþΔλÞ ð2Þ
where IEEMF and ITSF are the fluorescence intensity in EEMF and TSF
mode, respectively, K is a constant accounting for instrumental
factor, c is concentration of the fluorophore, d is the path length,
EX and EM are the excitation and emission profile, respectively,
λex and λem are the excitation and emission wavelength, respec-
tively, and Δλ¼λem�λex.

In EEMF, each fluorophore of a multifluorophoric mixture has
one excitation and one emission spectral profile and shape of
which is invariant to the changes in the λem and λex, respectively.
Thus, in Eq. (1), EX (λex) for the spectral profile along the emission
mode (i.e. emission spectrum) and EM (λem) for the spectral profile
along the excitation mode (i.e. excitation spectrum) acts as
intensity scaling factor. In TSF spectrum, both shape and intensity
of the spectral profile (i.e. SF signal) of a fluorophore changes with
Δλ; and Eq. (2) clearly shows that this variation in the shape arises
because each SF spectral profile in TSF is a consequence of the
product of two functions EX (λex) and EM (λexþΔλ) which changes

continuously and simultaneously over a given range of λex. Product
of two simultaneously changing functions also make spectral
features in TSF mode much more resolved than in EEMF mode.
As it was discussed above, shape of the SF spectral profile of a
fluorophore changes with Δλ, thus, TSF profile are more distinc-
tive than EEMF profile.

Both EEMF and TSF provide three way data arrays of dimen-
sions, sample� excitation� emission, and sample� excitation�Δλ,
respectively. EEMF and TSF based three way arrays are shown
graphically in Fig. 1; first mode (sample mode) contains the relative
concentration profile of the components, second (excitation) and
third (emission or Δλ) modes contain the spectral profiles. Three
way spectral data sets are classified as trilinear, provided, for each
fluorophores of the mixture shape of the profile along one spectral
mode is invariant to the changes in other spectral mode [35–38].
Thus, EEMF based three way array has the trilinear structure and TSF
based three way array lack the trilinearity. It should be noted that the
trilinear structure of the data set holds only when the Beer–Lambert
law is valid.

In the last two decades, chemometrics has evolved as a potential
tool for the fast and efficient analyses of the large volume of data
sets obtained from various spectroscopic and chromatographic

Fig. 1. Graphical representation of [A] EEMF and [B] TSF based three way arrays of dimension sample� excitation� emission and sample� excitation�offset, respectively.
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techniques [15–20,39–47]. Chemometric techniques involve simul-
taneous analysis of more than one variable at a time; thus, they are
also known as multivariate analysis techniques. Essentially, these
techniques involve mathematical deconvolution of the data sets and
generate the contribution (i.e. concentration) and profiles along
other modes (i.e. spectral or elution profiles etc.) for each compo-
nent of the mixture [48–50]. Principal component analysis (PCA)
[48–51], parallel factor (PARAFAC) analysis [35,38,49,50,52–54],
N-way partial least square (N-PLS) analysis [49,50,55], and multi-
variate curve-resolution alternating least square (MCR-ALS) analysis
[37,49,56–59] are some of the commonly used chemometric
techniques for the analyses of multi way-arrays. PARAFAC is used
for the analysis of three way data sets having trilinear structure
[35–38,50]. N-PLS is another technique which used for the analyses
of three way arrays [49,50,55]; N-PLS is known to work well even if
there are slight deviations from the trilinearity in the data sets
[60,61]. PCA and MCR-ALS methods are used for the analysis of two
dimensional bilinear data sets (i.e. every component has one
spectral profile and spectral intensity is directly proportional to
the concentration) [48–51,56–59]. The two dimensional data sets
from three or higher way arrays are obtained by the data unfolding
procedure [50].

The existences of bilinear and trilinear structures in EEMF data
sets have successfully attuned EEMF to the chemometric techni-
ques [35–38,50]. Combinations of EEMF and chemometric techni-
ques have been used for the analyses of environmental [19,62–65],
pharmaceutical [66–68], and petroleum [39,69,70] samples. On
the other hand, chemometric analyses of TSF data sets or TSF
itself have not become as popular as EEMF. It is mainly due to
three reasons (i) very recent introduction, (ii) most of the present
fluorimeter do not have the proper computer programs which
would enable the direct acquisition of fluorescence data in TSF
mode, and (iii) structure of TSF data set is not clearly understood.

As it was discussed above, TSF based three way arrays,
sample� excitation�Δλ, do not have the trilinear structure; thus,
trilinear decomposition of TSF data set is not possible. However, in
our recent work it was shown that trilinear decomposition of the
TSF data sets can be achieved, provided, TSF data is represented in
EEMF like layout i.e. sample� excitation� (excitationþΔλ) [35].
In another recent work, we have shown that by unfolding the TSF
three way arrays along the first mode (i.e. sample) a bilinear data
set of dimension sample� (excitation�Δλ) can be generated [37].
The unfolded-TSF data set can be easily analysed with bilinear
models such as PCA and MCR-ALS analysis [37]. Thus, by suitably
arraigning the TSF data sets it is possible to apply various
chemometric techniques which are typically used for the analysis
of EEMF data sets.

The present work is intended to compare the quality of the
EEMF and TSF spectroscopic data sets in qualitative and quantita-
tive manner. To the best of our knowledge this is the first work
where a comprehensive comparative study between EEMF and TSF
spectroscopy was carried out. For qualitative comparison, spectral
characteristics of the real EEMF and TSF data sets collected for
dilute aqueous multifluorophoric mixtures consisting of benzo[a]
pyrene, chrysene, and pyrene were analysed. For quantitative
comparison the EEMF and TSF data set of dilute multifluorophoric
mixtures consisting of these three fluorophores were subjected
to three chemometric techniques PARAFAC, N-PLS, and MCR-ALS
analysis. These three chemometric methods have different proper-
ties and they model the data in different ways. Selected three
fluorophores have significant spectral overlap which would make
analysis nontrivial. In addition, these three fluorophores contain
vibrational fine structures in their fluorescence spectra which
would also make curve-resolution relatively difficult. In the case
of mixtures containing all the known fluorophores, we have a
priori information about the number of components required to

perform the chemometric analyses on EEMF and TSF data sets. We
also have true EEMF and TSF spectral and concentration profile of
each fluorophores, thus, with respect to every component of the
mixture it is possible to compare the outcomes of chemometric
analyses on TSF and EEMF data sets with their actual values. It
would also allow us to evaluate the ability of different chemo-
metric methods to extract information (i.e. concentration and
spectral information of each fluorophore) from EEMF and TSF data
sets of dilute multifluorophoric mixtures.

2. Materials and methods

2.1. Chemicals and sample preparation

Three fluorophores benzo[a]pyrene (BaP), chrysene (CY), and
pyrene (PY) were purchased from Sigma-Aldrich. BaP, CY, and PY
have 97%, 98%, and 98% purity, respectively and were used as such
without any further purification. All the three components were
found to have no fluorescent impurities. Separate stock solutions
were prepared for BaP, CY, and PY in analytical grade acetone.
Further dilutions were also done with the acetone. Different
amounts of BaP, CY, and PY were taken from the respective dilute
stock solutions in 29 different vials of 10 ml volume. Acetone was
removed completely and 5 ml of triple distilled water was added
to the residue to make the working solutions. Amounts (ng/ml) of
BaP, CY, and PY in 29 samples are summarised in Table 1. Out of
these 29 samples, first 23 samples were used to make the
calibration set and last 6 samples were used to make the valida-
tion set. Deliberately, in many samples of the calibration and
validation set, concentration of a particular fluorophore was kept
constant and the concentrations of other two fluorophores were
varied. Such variations in the concentration are expected to make

Table 1
Amounts of BaP, CY, and PY in the BaP–CY–PY mixtures; sample numbered 1–23
were used for calibration set and sample numbered 24–29 were used for
validation set.

Sample BaP (ng/ml) CY (ng/ml) PY (ng/ml)

1 3.16 0.00 3.77
2 3.16 1.69 1.88
3 2.08 1.69 3.77
4 2.08 3.39 1.88
5 3.16 1.02 2.64
6 1.25 2.37 3.77
7 2.91 3.39 1.13
8 0.00 0.00 7.54
9 1.04 0.85 5.65

10 1.04 4.08 0.94
11 4.98 0.42 0.47
12 0.52 0.42 6.60
13 5.32 0.00 0.00
14 3.16 3.39 3.77
15 0.00 3.39 3.77
16 3.16 3.39 0.00
17 2.08 3.39 3.77
18 4.24 0.85 0.94
19 0.52 4.93 0.47
20 2.08 1.69 1.88
21 0.00 5.78 0.00
22 3.16 3.39 1.88
23 3.16 1.69 3.77
24 4.16 4.07 2.22
25 4.99 2.03 3.70
26 2.47 3.39 4.44
27 2.91 3.39 2.96
28 4.16 2.71 2.59
29 3.33 2.37 3.70

K. Kumar, A.K. Mishra / Talanta 117 (2013) 209–220 211



the chemometric analyses nontrivial, particularly when the fluor-
ophores have significant spectral overlap. It would actually allow
us to test the quality of EEMF and TSF data sets. It is to be noted
that concentrations of the fluorophores were kept low (of the
order of ng/ml) so that primary and secondary inner filter effect
[34] or any other energy degradation process which may cause the
non-linearity between the fluorescence intensity and the concen-
tration of the fluorophore could be avoided.

2.2. Instrument and data acquisition

Fluorescence experiments were carried out using Fluoromax-4
(Horiba Jobin Yvon) spectrofluorometer having Xenon lamp of
150 W as excitation source. Various instrumental parameters used
for the EEMF and TSF data acquisition for the BaP–CY–PY mixtures
are summarised in Table 2.

2.3. Selection of optimum numbers of factors

Optimum numbers of factors required for the PARAFAC, MCR-
ALS, and N-PLS analyses were selected by subjecting the data sets
to the principal component analysis (PCA) where internal valida-
tion was carried out using leave-one-out cross validation (LOOCV)
approach [37,49]. Number of factors giving minimum root mean
square error of cross validation (RMSECV) [48,49] values in the
PCA was taken as the rank of the data set. In an ideal case,
mathematical rank should be equal to the chemical rank i.e.
number of fluorophores present in the multifluorophoric mixtures.
In addition to PCA, core consistency values [17,35,50,71] were
also analysed for finding the optimum number of factors required
to perform the PARAFAC analysis. The core consistency values
for the PARAFAC model with different factors are calculated using
Eq. (3)

Core consistency¼ 1�
∑F

d ¼ 1∑
F
e ¼ 1∑

F
f ¼ 1ðgdef�tdef Þ2
F

 !
� 100 ð3Þ

where gdef and tdef are the elements of G (calculated) and T
(theoretical) core arrays, respectively, and F is the number of
factors. T contains one along all the superdiagonal positions and
zero at off superdiagonal positions. In ideal case G should resemble
T i.e. core consistency is equal to 100%. Core consistency value less
than 70% indicates over fitting the data [17,35].

2.4. Software used

PARAFAC, N-PLS, and MCR-ALS analyses were carried out using
PLS_Toolbox 5.0.3 written in MATLAB language. Data were plotted
using Origin 8 and MATLAB (R2008b) softwares. The codes (i) for
creating the three way arrays for TSF and EEMF data, (ii) for
representing the TSF in EEMF layout, and (iii) for extracting the TSF

data from EEMF layouts were written in MATLAB language. These
codes are given in Supplementary material.

3. Results and discussion

3.1. Qualitative comparison of EEMF and TSF spectroscopy
characteristic of BaP–CY–PY mixture

EEMF spectra of dilute aqueous solutions of BaP, CY, and PY are
shown in Fig. 2(A); it mainly contains diagonal bands of first order
Rayleigh scattering. First and second order Rayleigh scattering
appears at λex equal to λem and 2� λem, respectively. Fluorescence
responses of none of the three fluorophores were observed in the
EEMF spectrum. Fluorescence of BaP, CY, and PY were masked
due to the highly intense Rayleigh scattering lines. Thus, at the
instrumental level it is difficult to observe the fluorescence of the
dilute mixtures of fluorophores in EEMF mode. It is to be noted
that the selected three fluorophores belong to the class of
molecules having highly rigid molecular framework. The rigidity

Table 2
Instrumental parameter for EEMF and TSF spectroscopy of BaP–CY–PY mixtures.

Instrumental parameter

Excitation/emission band-pass 7/7 nm
Excitation wavelength for EEMF 250–500 nm, step size of 10 nm
Emission wavelength for EEMF 250–550 nm, step size of 2 nm
Excitation wavelength for TSF 250–550 nm, step size of 2 nm
Offsets (Δλ) for TSF 20–100 nm, step size of 10 nm
Integration time 0.01 (s) Fig. 2. [A] EEMF spectra, [B] TSF spectra, and [C] Rayleigh removed EEMF spectra of

BaP, CY, and PY.
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in the molecular framework makes these molecules highly fluor-
escent even at low concentrations compare to other fluorophores
such as amino acids, humic acids, fulvic acids, and porphyrins etc.
found in water or other environmental samples. In order to see
the fluorescence signal of these fluorophores BaP, CY, and PY, it is
essential that Rayleigh scattering is eliminated. It is usually
done after collecting the data by any of these three methods
(i) subtracting the EEMF of blank [72–74], (ii) filling the zero or
missing values in the EEMF regions where λemrλex and λemZ
2� λex, [38,75–78] and (iii) interpolation method [79]. All these
methods have their own limitations in eliminating the Rayleigh
scattering profile from the EEMF spectrum. For example, avail-
ability of a blank is often a problemwith the real life sample. Using
zero or NaN or interpolation method also do not work successfully
in all the cases, because in many systems the scattering lines do
appear very near or on top of the fluorescence signal of some of
the fluorophores of the multifluorophoric mixture. Thus, none of
the available methods can be used to eliminate the Rayleigh
scattering completely from the samples obtained from different
sources. In other words, there is no single foolproof remedy for the
Rayleigh scattering.

On the other hand, wavelength offset (Δλ) a purely instru-
mental parameter allows removal of both first and second order
Rayleigh scattering signals from the TSF spectrum right at the data
acquisition stage. It is done by collecting the fluorescence data
with suitable Δλs so that λem is not equal to λex and 2� λex. TSF
spectra of the same dilute aqueous solutions of BaP, CY, and PY are
shown in Fig. 2(B), where fluorescence of the fluorophores can be
easily observed. It shows by collecting the fluorescence data in
TSF way, it is possible to observe the fluorescence of the fluor-
ophores even at low concentrations (ng ml�1) right at the instru-
mental level. No further steps are needed to eliminate the Rayleigh
scattering.

Raman scattering, another redundant signal which do not
contain any fluorescence information, appear diagonally in both
EEMF and TSF which can also be seen in the TSF and EEMF (Rayleigh
eliminated) contour plots of the BaP, CY, and PY, shown in Fig. 2(B)
and (C), respectively. Raman scattering lines are often deeply buried
in the fluorescence regions. However, the extent to which the
Raman scattering signals are mixed with the fluorescence can differ
in EEMF and TSF spectroscopy. For example, it can be seen from
Fig. 2(B) that Raman scattering due to solvent (water) and fluores-
cence signals of the BaP are well separated in TSF spectra; whereas,
in EEMF spectra (Fig. 2(C)) there is an extensive overlap between
the Raman signals of the solvent and the fluorescence signals of the
BaP. Elimination or minimisation of Raman scattering from the
fluorescence data is not easy at the instrumental level in any of the
two techniques. The only method which can be easily and effi-
ciently employed to minimise the Raman scattering is the blank
subtraction. Though, it is important that some alternate methods (e.
g. mathematical ways) should be discovered to handle the Raman
scattering in both EEMF and TSF spectroscopy.

Another point which needs to be highlighted here is that TSF
data points are relatively more diverse and rich in capturing
the fluorescence information. It is so because in TSF mode both
excitation and emissions wavelength changes simultaneously for a
given SF spectrum at a particularΔλ; thus, each data point contain
both excitation and emission information of a fluorophore. Hence,
even with small volume of TSF data sets it is possible to have
complete fluorescence information of a fluorophore along emis-
sion as well as excitation modes. Whereas for the EEMF data
points, only one wavelength either excitation or emission changes
continuously while the other wavelength remains unchanged
depending on the mode along which data are analysed. Therefore,
in order to have complete fluorescence information, it is necessary
that one should have sufficient data points along both the modes.

Above discussion illustrate that TSF mode makes possible even
for a “novice” to see the fluorescence response of the fluorophores
even at low concentrations at the data acquisition stage itself
without involving any data processing step.

Structure of the EEMF and TSF data sets were briefly discussed in
the introduction part of the current work. However, in the context
of the present study it is necessary that the structures of the EEMF
and TSF data sets are clearly explained taking a real example. For
this purpose, emission and excitation spectra of PY (aqueous
solution) at various excitation and emission wavelengths, respec-
tively, are shown in Fig. 3(A and B). It can be observed that shapes
of the emission and excitation spectral profiles are invariant to
excitation and emission wavelengths, respectively. The indepen-
dence of the two spectral modes gives EEMF based three way arrays
trilinear property. On the other hand, Fig. 3(C) shows that shape of
the SF profile along a given excitation wavelength range changes
with the Δλs; the lack of independence between the two spectral
modes i.e. excitation and Δλs, make the TSF data non-trilinear in
nature.

A bilinear unfolded-EEMF data set can be obtained by unfold-
ing the EEMF three way arrays (i.e. sample� excitation� emission)
along the sample mode. Similarly, TSF based three way array
sample� excitation�Δλ can be unfolded along the sample mode
to generate the bilinear data set of dimension sample� (excita-
tion�Δλ). It is easy to realise that the unfolded-EEMF and
unfolded-TSF data sets have the bilinear character i.e. spectral
profile of each fluorophores remains the same in every sample;
however, they are weighted to different extent by the concentra-
tion. It indicates a three way array such as TSF may lack trilinearity
but it can still have the linearity at the lower dimensions, provided
it is suitably arranged.

In the present work, number of variables in the EEMF and TSF
were set to missing i.e. NaN. These missing values were further
handled using expectation maximisation (EM) technique [78,80,81].

3.2. Chemometric analyses on EEMF and TSF data
of BaP–CY–PY mixtures

EEMF and TSF data sets of dilute aqueous mixtures of BaP–CY–PY
were subjected to the PARAFAC, N-PLS, and MCR-ALS analyses and
their outcomes were analysed to compare the quality of the EEMF
and TSF data sets; conversely, ability of PARAFAC, N-PLS and MCR-
ALS techniques to extract information from EEMF and TSF data sets
were evaluated.

Before subjecting the data sets to the chemometric methods
blank EEMF and blank TSF data were subtracted from EEMF and
TSF data sets, respectively from all the samples to minimise the
scattering (i.e. non-trilinear part) and any other noise present in
the data sets. Blank subtracted EEMF and TSF data sets of dimen-
sions were unfolded along the first mode i.e. sample mode to
obtain two way arrays of dimension 23�3926 and 23�1359,
respectively. The data were mean centred and subjected to PCA for
finding the optimum number of factors required to perform the
chemometric analyses. RMSECV versus number of factors were plotted
for PCA models of EEMF data sets and are shown in Fig. 4(A).
RMSECV value was found to be minimum for one component PCA
model. It can be seen, there is mismatch between the actual and
predicted rank of EEMF data sets. However, we have a priori knowl-
edge of the BaP–CY–PY system, and it is known that there are three
fluorophores in the mixture. Thus, PARAFAC, N-PLS, and MCR-ALS
analyses of EEMF data sets were performed with three factors. On the
other hand, PCA result of TSF data sets, given in Fig. 4(B), shows
RMSECV is minimum for a three component PCAmodel. Mathematical
rank correlates well with the chemical rank of the system; therefore,
there is no ambiguity in the selection of number of components. All
the subsequent chemometric analyses of TSF data were performed
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with the three factors. However, results of core consistency analysis
were also studied while selecting the factors for the PARAFAC analyses
of TSF and EEMF data sets.

3.2.1. PARAFAC analysis of EEMF and TSF data sets
of BaP–CY–PY mixtures
3.2.1.1. PARAFAC analysis of EEMF data set. Blank subtracted EEMF
data set of dimension 23�26�151(sample� excitation� emission)
was subjected to the PARAFAC analysis with the non-negative
constraints on all the three modes. Non-negative constraints were
used because neither spectral intensity nor concentrations of the
fluorophores can be negative, moreover such constraints helps in
arriving at the unique solution. Core consistency values of the
PARAFAC models of 1–5 factors were found to be Z90%. With
addition of an extra factor core consistency value of PARAFAC model
dropped to zero. Since there are only three fluorophores in the
mixtures, PARAFAC analyses of EEMF data were performed with
three factors i.e. one for each fluorophore. It is to be noted that

Fig. 4. [A] PCA on blank subtracted EEMF data set, [B] PCA on blank subtracted TSF
data set, and [C] PCA on blank subtracted EEMF data with zeros in the wavelength
range of λemr(λexþ20) and λemZ(2� λex�20).

Fig. 3. [A] Emission, [B] excitation and [C] SF spectra of pyrene collected at various
excitation, emission, and offsets, respectively.
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neither PCA nor core consistency analysis gave the correct number of
factor required for the PARAFAC analysis. Nevertheless, three factor
PARAFAC model was made which could explain only 33.63% variance
of the spectral data set X. Different pre-processing techniques were
also used along various modes of the data set to see if the model can
capture more information. However, 33.66% was the highest variance
which PARAFAC model could explain. Contribution of first (F1),
second (F2), and third (F3) factor towards explaining the variance
of the data were 12.21%, 10.99%, and 10.46%. The spectral loading
vectors along second and third modes were multiplied together for
all the three factors to generate their EEMF contour plots which are
shown in Fig. 5. As it can be seen there is no resemblance between
the resolved EEMF profiles of F1, F2, and F3 with BaP or CY or PY. In
order to see if the relative concentration profiles along the first mode
can be used for the quantification purpose, the score matrix (i.e.
concentration matrix) containing the relative concentration profile of
the three factors were taken as the independent data set and the
actual concentrations of the BaP, CY, and PY were taken as the
dependent data set for the principal component regression (PCR)
analysis. A full rank PCR model of three factors was made. Linear
regression equations for the actual and predicted concentrations of
BaP, CY, and PYof the PCRmodel are given in Table 3. The slope of the
regression equation for BaP, CY, and PY are very small, it shows that
there are significant errors in the predictions of the concentration of
the fluorophores. In an ideal case slope should be close to one for
each component. The PARAFAC outcomes along all the three modes
are different from the actual profiles i.e. true concentration profiles
and EEMF spectra.

Above results show that PARAFAC could not model the EEMF
data appropriately even though EEMF data of each sample were
subtracted with the blank EEMF to minimise the scattering effects
or in mathematical language elimination or minimisation of the
non-trilinear part of the EEMF data sets.

In order to further minimise the non-trilinear part of the blank
subtracted EEMF data sets; the variables in the wavelength range
where λemr(λexþ20) and λemZ(2� λex�20) were set to missing
i.e. NaN. The extra 20 nm on the right side of first order Rayleigh

scattering line and left side of second order Rayleigh scattering
lines were also kept to missing so that scattering could be
completely eliminated. However, it may cause the loss of fluores-
cence information. EEMF data sets of dimension 23�26�151
with missing values were further subjected to PARAFAC analysis
with non-negative constraints. Core consistency values of the
PARAFAC models of 1–7 factors were calculated and were found
to be greater than 85%. However, PARAFAC model of three factors
having core consistency of 100% were preferred knowing that
there three fluorophores are present in the mixtures. It is also to
be noted that PCA of unfolded-EEMF data sets with missing values
did not converge with any number of factors. PARAFAC model of
three factors explained 69.79% variance of the data set. Thus, by
using NaN in EEMF data sets a more informative PARAFAC model
was obtained. Three factors F1, F2, and F3 explained 43.12%,
13.69%, and 12.98% variance of the total captured variance of the
data sets, respectively. The loading vectors along the second and
third modes were multiplied together and the mathematically
resolved EEMF profiles of F1, F2, and F3 were generated; the
obtained profiles are shown in Fig. 6. EEMF profiles of F1, F2, and
F3 were found to match with CY, BaP, and PY, respectively.
However, the resolved EEMF spectra of BaP and PY were not found
to be very pure. They had quite a few new features (artifacts) in
their resolved spectra which were not present in their actual EEMF
spectral profile. In addition to this, regions of λemr(λexþ20) in the
EEMF of F2 (i.e. BaP) were also found to contain the pattern of
missing values. These artifacts (undesirable features) have appeared
probably due to the wrong approximation for the missing values in
the wavelength range of λemr(λexþ20) and λemZ(2� λex�20) in
EEMF data sets. Some errors might be due to the blank subtraction
used to minimise the scattering or noise from the EEMF data sets. It
should be noted that the blank subtraction generates number of
variables which might have negative values, and PARAFAC was
performed with non-negative constraints on all the three modes,
therefore such constraints may also lead to lack of fit to the data
sets. The artifacts in mathematically resolved spectral profile of
unknown samples may bias the results of qualitative and quantita-
tive analysis.

The score values of F1–F3 were subjected to PCR analysis with
the actual concentrations of BaP, CY, and PY, and a full rank PCR
model was created. The regression equations are summarised in
Table 3. It was found that slope of the regression equations has
improved significantly for CY and PY, whereas it is still low (�0.7)
for the BaP. The obtained PARAFAC model was tested by using the
EEMF data of the six samples of validation set. Dimension of EEMF
data set of the validation set is 6�151�251. Prior to the PARAFAC
analysis, non-trilinear part from these samples were minimised by
blank subtraction and assigning NaN to the variables. The obtained
score values of the F1, F2, and F3 of the validation set were
subjected to the PCR model. Predicted amounts of the CY, BaP, and
PY are summarised in Table 4. Root mean square error of predic-
tion (RMSEP) [48,49] values were also calculated and summarised
in Table 4. By analysing the slope and RMSEP values, it was found

Fig. 5. EEMF spectra of F1–F3 retrieved from the PARAFAC analysis on the blank
subtracted EEMF data of BaP–CY–PY mixtures.

Table 3
Regression equation “Y¼slope�Xþ intercept” relating the actual and predicted amounts of BaP, CY, and PY in calibration set; Y is the predicted amount and X is the actual
amount.

Analysis BaP CY PY

PARAFAC analysis of blank subtracted EEMF data Y¼�0.003�Xþ2.560 Y¼0.389�Xþ1.540 Y¼0.025�Xþ2.460
PAAFAC analysis of blank subtracted EEMF data with missing values (NaN) Y¼0.712�Xþ0.555 Y¼0.914�Xþ0.230 Y¼0.877�Xþ0.261
PARAFAC analysis of blank subtracted TSF data with missing values (NaN) Y¼0.958�Xþ0.080 Y¼0.894�Xþ0.262 Y¼0.863�Xþ0.318
N-PLS analysis of blank subtracted EEMF data with missing values (NaN) Y¼0.779�Xþ0.409 Y¼0.923�Xþ0.201 Y¼0.883�Xþ0.189
N-PLS analysis of blank subtracted TSF data with missing values (NaN) Y¼0.958�Xþ0.087 Y¼0.922�Xþ0.181 Y¼0.877�Xþ0.297
MCR-ALS analysis of blank subtracted unfolded-EEMF data with zeros Y¼0.723�Xþ0.534 Y¼0.903�Xþ0.260 Y¼0.877�Xþ0.205
MCR-ALS analysis of blank subtracted unfolded-TSF data Y¼0.960�Xþ0.082 Y¼0.928�Xþ0.162 Y¼0.872�Xþ0.162
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that model is most robust in predicting the amounts of CY. The
slope of BaP was found to be small (�0.7) which indicates a poor
calibration model; interestingly, its amounts were predicted more
accurately than PY in the validation set. It is also evident from
lower RMSEP value of BaP.

In the next part of the work, TSF data collected for the same set
of the BaP–CY–PY samples were subjected to the PARAFAC analysis
and their outcomes were analysed.

3.2.1.2. PARAFAC analysis of TSF data set. TSF based three way
arrays do not have trilinear structure; therefore, before
subjecting them to PARAFAC analysis, they must be represented
in EEMF like layout which would ensure the required trilinearity
[30]. Thus, blank subtracted TSF data sets of dimension
23�151�9 (sample� excitation�Δλ) were presented in EEMF
layout of dimension 23�151�251 (i.e. sample� excitation�
(excitationþΔλ)¼23�151� (151þ100), 100 is the highest Δλ
with which TSF data were collected). The representation of TSF data
in EEMF layout generates number of variables in the EEMF layout
which do not contain any experimentally acquired information. Such
variables were handled by setting them as NaN. These missing values
were further handled by EM technique. TSF data in EEMF layout with
NaN were subjected to PARAFAC analysis with non-negative

constraints. The core consistency values of PARAFAC models with
different factor were calculated. Core consistency value for 1–3 factor
PARAFAC model were 100%. With addition of extra factor core
consistency value dropped to zero. Hence, three factors were found
to be sufficient for the PARAFAC analysis. It can be seen there is no
ambiguity in the results of PCA and core consistency analysis for the
selection of number of factors required for the PARAFAC analysis.
Three factor PARAFAC model explained �80% variance of the data set;
F1, F2, and F3 individually explained 36.03%, 23.74%, and 19.60%
variances, respectively. Pure EEMF layouts which contain the pure
TSF data of each factor were created bymultiplying the loading vectors
along “excitation” and “excitationþΔλ” modes. From EEMF layout, by
collecting the data diagonally at different offsets between the two
modes, pure SF profiles at different Δλs were obtained. These, SF
profiles were further arranged as a function of increasing offsets and
pure TSF spectra were created for each of the three factors, and are
shown in Fig. 7. TSF profiles of F1, F2, and F3 were found to resemble
with CY, PY, and BaP, respectively. Resolved TSF profiles of all the three
fluorophores are much pure than their resolved EEMF profiles. It is
due to the fact that PARAFAC analysis was performed on the TSF data
in EEMF like layout and from there SF spectra at offsets of interest
were extracted to create the TSF profiles of the fluorophores. Thus, the
chances of the artifact which might appear in the PARAFAC resolved
TSF spectra because of the wrong approximation of missing values in
the EEMF layout are minimised. However, resolved TSF profile of CY is
still slightly distorted compared to its experimentally acquired profile
and it could be due to (i) subtraction of blank used for the
minimisation of the Raman scattering and (ii) the non-negative
constraints imposed on the PARAFAC analysis. Nevertheless, shape of
SF profile varies as a function of Δλ which makes TSF profile more
distinctive for a fluorophore than EEMF profile.

The score values of F1–F3 and the actual amounts of the CY, BaP,
and PY were subjected the PCR analysis to create a full rank PCR
model. Regression equation relating the actual and PCR predicted
amounts of the three fluorophores are summarised in Table 3. Slope
of the regression equations for BaP, CY, and PY were found to be well
within the acceptable limits. The obtained PCR model has the highest
slope of 0.96 for the BaP, whereas in EEMF based PARAFACmodel BaP
had lowest slope of �0.7. For CY and PY the slopes are close 0.91 and
0.84, respectively. Thus, it can be concluded that obtained TSF data
based PARAFAC model is more efficient than EEEMF based PARAFAC
model in resolving the spectral as well as contribution profiles of the
present multifluorophoric mixture. The model was further tested by
using it to predict the amounts of the CY, BaP, and PY in the six
samples of validation set. Blank subtracted TSF data in EEMF layout of
dimension 6�151�251 were subjected to the developed PARAFAC
model. Obtained score values of the three factors were further
subjected to the developed full rank PCR model. Predicted amounts
of the fluorophores are given in Table 4. In majority of the samples
predicted amounts of BaP, CY, and PY are much more close to their
actual amounts. This is also evident from the smaller RMSEP values
(given in Table 4) for all the three components in TSF based model. It
is to be noted that unlike PARAFAC–EEMF combination, TSF data with
PARAFAC facilitated much more accurate quantification of the BaP in
both calibration and validation sets.

Above obtained results clearly show that TSF data sets were
analysed more efficiently than the EEMF data sets using PARAFAC for
the present case of BaP–CY–PY mixtures. EEMF and TSF data of these
mixtures were further subjected to the N-PLS analysis. Unlike
PARAFAC which involves decomposition of the independent data
set without using any information from the dependent data set, N-
PLS decomposes both dependent and independent data sets simul-
taneously and tries to achieve maximum correlation between them.
The main objective of N-PLS analysis is to create calibration model
which could be used for the quantification of various components
present in the mixtures.

Fig. 6. EEMF spectra of F1(CY), F2(BaP), and F3(PY) retrieved from the PARAFAC
analysis on blank subtracted EEMF data with missing values(NaN) in the wave-
length range of λemr(λexþ20) and λemZ(2� λex�20).
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3.2.2. N-PLS analysis of EEMF and TSF data sets of BaP-CY-PY
mixtures
3.2.2.1. N-PLS analysis of EEMF data set. Subtraction of blank EEMF
alone was not found enough to eliminate the Rayleigh scattering (i.e.
non-trilinear part) from the EEMF data sets of BaP–CY–PY mixtures.
Presence of non-trilinear part was also evident from the fact that
PARAFAC failed to model the blank subtracted EEMF data sets
adequately. Thus, N-PLS analyses on blank subtracted EEMF data sets
which still have the non-trilinear part were not performed.
Nevertheless, N-PLS analysis was performed on the blank subtracted
EEMF data sets of dimension 23�151�251 with missing values
(NaN) in the wavelength range of λemr(λexþ20) and λemZ
(2�λex�20), with the actual amounts of the CY, PY, and BaP. The
N-PLS model of three factors were created; one factor per fluorophore.
N-PLS model explained 92.98% and 91.56% variance of the
independent (i.e. spectral) and dependent (i.e. concentration) data
sets, respectively. The regression equation relating the actual and
predicted amounts of the fluorophores are given in Table 3. Slope of
the regression equation for the CY, PY and BaP were found to be
greater than what was obtained from PARAFAC analysis on EEMF data
sets. It shows that N-PLS model is more robust compare to the
PARAFAC model for all the three fluorophores of BaP–CY–PY mixtures.

The obtained N-PLS model was tested using the validation set
of six samples. Predicted amounts and RMSEP values of CY, BaP,
and PY are summarised in Table 4. The RMSEP value of CY was
found to be very small compare to the PY and BaP. Overall results
of the N-PLS analysis on calibration and validation sets show that
the obtained model is robust for all the three components. In the
next part of the work, N-PLS analysis was performed on the TSF
data sets to see if a better calibration model can be obtained.

3.2.2.2. N-PLS analysis of TSF data set. N-PLS analysis on the
blank subtracted TSF data sets in EEMF layout of dimension
23�151�251 with missing values (NaN) was performed with
three factors. It was possible to explain 89.70% variance of the
spectral data set and 96.51% variance of the concentration data
sets. Amount of spectral variance explained by the N-PLS model of

TSF data was relatively smaller than the N-PLS model of EEMF data
set. However, it captured more variance of the dependent data sets
compare to the N-PLS model of EEMF data sets. Regression equa-
tions of the N-PLS model are summarised in Table 3. It can be seen
that the calibration parameters for the CY and PY are similar to
which were obtained from the N-PLS analysis on EEMF data sets.
However, for BaP there was signification improvement in slope from
0.78 (EEMF based N-PLS model) to 0.96. The model was further used
to predict the concentrations of the fluorophores in the six samples
of validation set. The predicted amounts and RMSEP values for CY,
BaP, and PY are summarised in Table 4. Despite good calibration
parameters, for an unknown reason the predicted amounts of CY
were low and it was consistent in all the six samples of the
validation set. However, predictions for the PY and BaP were much
better than the predictions obtained from N-PLS model of EEMF data
sets. Slope of regression equation and RMSEP values indicates that
the N-PLS model of TSF data is relatively more reliable than the N-
PLS model of EEMF data set for the present case of BaP–CY–PY
mixtures.

Similar to PARAFAC, MCR-ALS analysis is another curve resolu-
tion technique which is used to retrieve the pure concentration
and spectral profile of a fluorophore from the multifluorophoric
mixture. In the next part of the current work, the MCR-ALS
analyses were performed on the EEMF and TSF data sets and their
outcomes were analysed and compared with each other.

3.2.3. MCR-ALS analysis of EEMF and TSF data sets of BaP-CY-PY
mixtures
3.2.3.1. MCR-ALS analysis on EEMF data set. Despite the fact that
PCA predicted one as the optimum factor for the chemometric
analysis, MCR-ALS analysis was performed on the blank subtracted
unfolded-EEMF data set of dimension 23�3926 with three factors
with an initial estimate of concentration profile. Non-negative
constrains were imposed on concentration and spectral modes.
Factors F1, F2, and F3 of MCR-ALS model explained 41.95%, 7.40%,

Table 4
Predicted amounts of BaP, CY, and PY in test samples of validation set.

Fluorophores Model Predicted amounts (ng/ml)

Test samples (validation set)

Sample 24 Sample 25 Sample 26 Sample 27 Sample 28 Sample 29 RMSEP (ng/ml)

BaP Model A 3.25 2.87 2.11 2.51 3.14 2.57 1.10
Model B 3.41 3.72 1.76 2.87 3.85 3.69 0.70
Model C 3.03 2.85 3.21 2.28 3.11 2.54 1.19
Model D 3.96 4.34 2.60 3.48 4.35 4.24 0.53
Model E 3.20 2.85 2.28 2.48 3.15 2.55 1.11
Model F 3.63 3.63 1.87 2.82 3.79 3.58 0.67

CY Model A 3.16 1.44 4.50 2.89 2.26 1.79 0.73
Model B 3.17 1.44 3.45 2.94 2.14 1.62 0.61
Model C 3.25 1.45 3.98 2.97 2.26 1.80 0.59
Model D 1.84 0.43 1.55 1.57 1.06 0.59 1.83
Model E 3.19 1.46 4.35 2.92 2.27 1.80 0.68
Model F 3.39 1.91 3.03 3.08 2.35 1.81 0.44

PY Model A 1.82 3.97 �0.15 2.48 2.17 2.82 1.93
Model B 1.79 3.46 1.70 2.55 2.16 3.02 1.19
Model C 1.76 3.99 0.25 2.45 2.21 2.84 1.78
Model D 3.15 4.82 3.71 4.03 3.37 4.30 0.89
Model E 1.77 3.96 0.06 2.45 2.16 2.83 1.85
Model F 1.58 3.02 2.16 2.41 1.97 2.89 1.11

(i) Model A – PAAFAC analysis of blank subtracted EEMF data with missing values (NaN).
(ii) Model B – PARAFAC analysis of blank subtracted TSF data with missing values (NaN).
(iii) Model C – N-PLS analysis of blank subtracted EEMF data with missing values (NaN).
(iv) Model D – N-PLS model on blank subtracted TSF data with missing values (NaN).
(v) Model E – MCR-ALS analysis of blank subtracted unfolded-EEMF data with zeros.
(vi) Model F – MCR-ALS analysis of blank subtracted unfolded-TSF data sets.
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and 44.81% variances of the data sets, respectively. Cumulatively
these three factors captured �94% variance of the data sets.
Loading vectors (i.e. contains spectral information) of F1, F2, and
F3 of dimensions 1�3926 were reshaped to obtain matrices of
dimension 151�26 (emission� excitation). The reshaped data
were further plotted, shown in Fig. 8(A), to obtain the resolved
EEMF spectra of F1–F3. It mainly contains the diagonal band of
Rayleigh scattering. Similar to PARAFAC, MCR-ALS too could not
model the blank subtracted EEMF data sets. In PARAFAC and N-PLS
analysis, Rayleigh scattering signals were eliminated from the
blank subtracted data sets by using the missing values (NaN).
However, MCR-ALS analyses on the EEMF data with NaN were not
found to converge with three or any other number of factors. Thus,
for MCR-ALS analysis Rayleigh scatterings were eliminated by
using the zero values in wavelength range where λemr(λexþ20)
and λemZ(2� λex�20). Use of zero in the fluorescence data is
generally not well accepted mainly due to two reasons (i) it may
lead to the loss of fluorescence information particularly when the
fluorescence of any fluorophore falls on the scattering signals or
lies very close to it and (ii) in a multifluorophoric mixture there
could be some fluorophores which may have fluorescence beyond
second order Rayleigh scattering also. Before proceeding further
PCA analysis was performed on EEMF data to find optimum number

of factors. RMSECV was found to be minimum for a 3 component
PCA model, shown in Fig. 4(C). Thus, there is correlation between
the actual and predicted rank of the data sets. A three factor MCR-
ALS model was created; it explained 90.18% variance of the spectral
data. F1, F2, and F3 explained 29.51%, 13.75%, and 46.93% variances
of the data set. Loading vectors of F1–F3 were reshaped to obtain
their resolved EEMF spectra, shown in Fig. 8(B). EEMF profile of F1,
F2, and F3 were found to resemble with PY, BaP, and CY,
respectively. MCR-ALS resolved EEMF spectra of BaP, CY, and PY
are much pure than the PARAFAC resolved spectra. The score values
of F1–F3 with the actual concentrations of BaP, CY, and PY were
subjected to create the full rank (3 factor) PCR model. Regression
equations relating the actual and predicted amounts of BaP, CY, and
PY are summarised in Table 3. Slope of the regression equations are
�0.9 for CY and PY. Similar to PARAFAC and N-PLS analysis, here
also there is a significant difference between the measured and
predicted amounts of BaP. It is evident from the small slope (�0.7)
of regression equation relating the actual and predicted amounts
of BaP.

Like PARAFAC and N-PLS models, MCR-ALS model was also
tested by the validation set of same six samples. Score values of
these six samples obtained from MCR-ALS analysis were subjected
to PCR model. The predicted amounts and RMSEP values of the
fluorophores are summarised in Table 4. Obtained results show
that MCR-ALS is most robust for CY, followed by PY and BaP.
Nevertheless, MCR-ALS analysis separated the EEMF spectra of
BaP, CY, and PY very efficiently from EEMF data of BaP–CY–PY
mixtures.

3.2.3.2. MCR-ALS analysis of TSF data set. One important thing
which is necessary to be mentioned here is that TSF data sets

Fig. 7. TSF spectra of F1(CY), F2 (BaP), and F3(PY) retrieved from the PARAFAC
analysis on blank subtracted TSF data in EEMF like layout with missing values
(NaN).

Fig. 8. [A] EEMF spectra of F1–F3 obtained from the MCR-ALS analysis of blank
subtracted EEMF data set and [B] EEMF spectra of F1(PY), F2(BaP), and F3(CY)
retrieved from the MCR-ALS analysis on blank subtracted EEMF data containing
zero in the wavelength range of λemr(λexþ20) and λemZ(2� λex�20).
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are most suited for the bilinear analysis techniques such as PCA
and MCR-ALS analysis. It is so because, it does not require any zero
filling or setting variables to the missing for the elimination of
non-trilinear or non-bilinear part. Rayleigh scattering is
eliminated at the data acquisition stage itself and Raman
scattering can easily be minimised by blank subtraction. Thus,
pre-processing or data tampering is minimal in the bilinear
analysis of TSF data sets compared to bilinear analysis of EEMF
data sets.

Blank subtracted unfolded-TSF data set of dimension 23�1359
(sample� (excitation�Δλ)) was subjected to the MCR-ALS analysis
with (i) three factors, and (ii) an initial estimate of concentration
profile, and (iii) non-negative constraints on sample and spectral
modes. MCR-ALS model of three factors explained 93.51% variance
of the spectral data set. These three factors F1, F2, and F3 separately
explained 32.87%, 22.49%, and 38.15% variance of the data sets.
Loading vectors of F1–F3 of dimension 1�1359 were reshaped to
create the TSF data sets of dimension 151�9 (excitation�Δλ). The
resolved TSF contour plots of F1, F2, and F3, shown in Fig. 9,
resembles with BaP, CY, and PY, respectively. It can be seen that all
the three resolved spectra are pure. Unlike PARAFAC resolved TSF
spectra (Fig. 7), MCR-ALS resolved spectral profiles do not have any
distortion and it is true for all the three fluorophores. It is mainly
due to the fact that (i) there were no missing variables (NaN) to be
approximated in the data sets and (ii) MCR-ALS technique is
relatively soft in analysing the data sets. The obtained spectral
profile of BaP, CY and PY proves that TSF spectra of a mixture can be
resolved more efficiently using MCR-ALS analysis than PARAFAC.

The score values of F1–F3 and the actual concentrations of the
fluorophores were subjected to the PCR analysis. The regression
equation relating the actual and predicted amounts are sum-
marised in Table 3. The calibration model was found to be robust
for all the three fluorophores. Model was tested by the same six
samples, which were used throughout the present study. Predicted
amounts and RMSEP values of the BaP, CY, and PY in validation set
are summarised in Table 4. The results were found to be well
within the acceptable limits for all the three components.

It is to be noted that in all the three models of EEMF data i.e.
PARAFAC, N-PLS and MCR-ALS, amounts of BaP were not predicted
much accurately. It is due to the fact that in EEMF spectra of BaP,
shown in Fig. 2(B), Raman scattering of water is severely over-
lapped with the fluorescence of BaP. On the hand, in the TSF
spectra of BaP, shown in Fig. 2(C), water Raman signals are away
from the wavelength range over which the BaP shows maximum
fluorescence. This separation of Raman signals from the BaP
fluorescence in TSF mode is the reason for more accurate estima-
tion of BaP with the TSF data than with EEMF data in all the three
models. It shows that even if Raman scattering signals (which lack
bilinearity and trilinearity) can be minimised or eliminated by
blank subtraction but it can still cause lack of linearity between

the fluorescence intensity and the concentration of a fluorophore
which has direct affect on the outcomes of chemometric methods.
Thus, in quite a few cases non-linearity caused by Raman scatter-
ing effects can be minimised by collecting the fluorescence data in
TSF spectroscopy mode.

In the present case of BaP–CY–PY mixtures, TSF was found to
provide better qualitative information than the EEMF spectro-
scopy. In addition, the resolved spectra and concentration profiles
of BaP, CY, and PY obtained from the chemometric analyses of TSF
data sets were more accurate than the resolved spectra and
concentration profile obtained from the chemometric analysis of
EEMF data sets. The obtained results show that TSF is a potential
alternate to the EEMF spectroscopy, particularly when someone
has to analyse dilute samples where concentration of the fluor-
ophores are of the order of ng/ml or less than that.

4. Conclusions

In the present work, a comprehensive comparative study for the
EEMF and TSF spectroscopic data set was performed by taking dilute
aqueous multifluorophoric mixtures of BaP–CY–PY. The Rayleigh
scattering, a non-trilinear part of EEMF data sets is generally
eliminated using blank subtraction, zero or missing values, or inter-
polation methods; each of these methods have their own limitations.
There is no single well accepted recipe for the elimination of Rayleigh
scattering from EEMF data sets. On the other hand, Δλ, a purely
instrumental parameter in TSF spectroscopy, enables the removal of
Rayleigh scattering from the TSF data right at the data acquisition
step. It was also found that extent of mixing of Raman scattering
signals with fluorescence may vary in EEMF and TSF spectroscopy.

EEMF and TSF data sets for the dilute aqueous mixtures of BaP–
CY–PY were subjected to three chemometric techniques PARAFAC,
N-PLS, and MCR-ALS and their outcomes were analysed to com-
pare the quality of the EEMF and TSF data sets. In chemometric
analysis it is essential that actual (i.e. number of fluorophores
present in the mixtures) and mathematical rank should be same.
In the present case of BaP–CY–PY mixtures, mathematical rank of
EEMF data set was found to differ from the actual rank; whereas,
there was no such ambiguity in the selection of optimum number
of factors for the chemometric analyses of TSF data sets. The
spectral and concentration profiles of BaP, CY, and PY which were
retrieved using the PARAFAC analysis on the TSF data were more
close to their actual profiles than that obtained from the PARAFAC
analysis of EEMF data. It was due to the fact that PARAFAC analysis
was performed on TSF data in EEMF like layout and from there SF
spectra at offsets of interest were extracted, therefore, the artifact
which could appear in the PARAFAC resolved TSF spectra because
of the wrong approximation of missing values in the EEMF layout
were minimised. In addition, N-PLS model of TSF data was found
to be more accurate than the N-PLS model of EEMF data in
predicting the amounts of BaP, CY, and PY in majority of the
BaP–CY–PY mixtures. TSF data sets of dilute multifluorophoric
mixtures was found to have significant advantage over EEMF data,
particularly, when they are analysed using the bilinear analysis
techniques such as MCR-ALS. It is because TSF data sets do not
require any mathematical data pre-treatment to eliminate non-
bilinear part from the data sets. It was also found that PARAFAC,
N-PLS, and MCR-ALS models of TSF data gave almost quantitative
estimation of BaP, whereas, PARAPAC, N-PLS, and MCR-ALS model
of EEMF data sets made poor estimation of BaP. It was due to the
fact that in EEMF, Raman scattering and BaP fluorescence were
severely overlapped, whereas, in TSF spectroscopy, Raman scatter-
ing and BaP fluorescence were well separated. The presence of
Raman scattering signals (non-bilinear or non-trilinear) which are
highly intense in the dilute aqueous mixtures of BaP–CY–PY

Fig. 9. TSF spectra of F1(BaP), F2(CY), and F3(PY) retrieved from the MCR-ALS
analysis on blank subtracted TSF data sets.
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causes the lack of linearity between the fluorescence intensity and
the concentration of fluorophores which cannot be removed or
minimised by blank subtraction. This lack of linearity for BaP is
more in EEMF whereas it is minimal in TSF spectroscopy. Thus, for
quite a few fluorophores it is possible that influence of Raman
scattering on the fluorescence can be minimised at the instrumental
level by collecting the fluorescence data in TSF spectroscopy mode.
The obtained results of PARAFAC, N-PLS, and MCR-ALS analyses
clearly shows that for the dilute multifluorophoric mixtures TSF
data provides more quantitative and qualitative information than
EEMF data sets. In summary, TSF is a potential alternate to the EEMF
spectroscopy, in particular, for the analysis of dilute aqueous
solutions.
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