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Abstract
Excitation-emission matrix fluorescence spectroscopy is simple and sensitive techniques that generate the composite fluores-
cence fingerprints. EEMF can be used for the identification and quantification of the fluorophores without involving any pre-
separation step provided a suitable data analysis approach is applied. In the present work, non-negative factor (NNF) assisted
partial least square (PLS) analysis is used for the analysis of EEMF data sets acquired for the dilute aqueous mixtures of
fluorophores. The proposed approach allows automatic selection of the optimum number of factors for NNF analysis by
incorporating the Akaike information criterion. The proposed approach also incorporates the spectral correlation analysis for
the automatic identification of the NNF retrieved EEMF spectral profiles. The NNF retrieved contribution values along with their
real concentration values are subjected to PLS analysis to develop a calibration model. The proposed approach was successfully
tested using EEMF data acquired for the dilute aqueous mixtures of Catechol, Hydroquinone, Indole, Tryptophan and Tyrosine.
The results were evaluated using the various statistical parameters and each of them found to well within the expected limits. In
summary, NNF assisted PLS analysis of EEMF technique allows automatized analysis of the multifluorophoric mixtures with
minimum user inputs.
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Introduction

Excitation-emission matrix fluorescence (EEMF) spectrosco-
py is a simple, sensitive and fast analytical technique [1–5].
An EEMF spectrum is a collection of emission and excitation
spectra collected at varying excitation and emission wave-
lengths, respectively. EEMF technique can be used to create
fingerprints of the fluorescent molecules (i.e. fluorophores).
The fingerprints can be used to create the database and sub-
sequently might be used for the identification of the
fluorophores in the samples of unknown compositions.
EEMF technique has found its application in the fields of
petrochemicals, agricultural, pharmaceutical, and clinical

fields [1–11]. The fluorescence intensity of a fluorophore in
the EEMF spectroscopy can be described using the Eq. 1

I λex;λemð Þ ¼ kClEex λexð ÞEem λemð Þ ð1Þ

In the above equation, I(λex, λem) is the intensity of a
fluorophore in EEMF mode, Eex is the excitation profile, Eem
is the emission profile, C is the concentration, l is the path
length, λex is the excitation wavelength, λem is the emission
wavelength and K is the constant related to instrumental con-
figuration. The above equation is valid as long as the Beer-
Lambert law is obeyed [4, 5]. The above equation suggests
that one can extract the excitation spectrum from EEMF spec-
trum by collecting the fluorescence intensity at varying exci-
tation wavelength and constant emission wavelength.
Similarly, one can extract the emission spectrum by collecting
the fluorescence intensity at varying emission wavelength and
constant excitation wavelength. Moreover, EEMF data has a
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trilinear structure that mainly arises due to the fact shape of the
excitation and emission spectrum for each fluorophore is in-
variant to the change in the emission and excitation wave-
lengths, respectively [4, 5, 12, 13]. The adherence of
trilinearity in EEMF spectroscopic data set makes them truly
compatible with each of the available chemometric tech-
niques. The compatibility has been successfully explored to
develop efficient analytical methods for analyzing different
kind of multifluorophoric mixtures. Several of such applica-
tions could be seen in the recent review article by Kumar et al
[4].

Non-negative factor (NNF) analysis is a chemometric tech-
nique that essentially carries matrix factorization of a given
data set with the user specified number of factors [14–18].
NNF based factorization of the given data set X of dimension
I × J (sample ×variable) with F factors can be summarized
using the Eq. 2.

X ij ¼ ∑F
f¼1Wif Hfj ð2Þ

In the above equation, Xij is the element of the matrix X,Wif

is the element of the matrix W of dimension (I × F) and Hfj is
the element of the matrix H of dimension (F × J). The matrix
W contains the concentration profiles and the matrix H con-
tains the spectral profiles for each of the user specified factors.
It can be seen that NNF analysis can be a useful technique to
extract the pure spectrum and the corresponding concentration
values for each of fluorophores in multifluorophoric mixtures.

Partial least square (PLS) analysis is one of the most com-
monly used technique to develop a calibration model [19–23].
PLS algorithm reduces the dimension of the predictor data set
by finding few uncorrelated components that not only cap-
tures the maximum variation of the predictor data set but also
maximizes the correlation between the predictor and predicted
data matrices. PLS algorithm serve as a useful tool for the
developing a robust calibration model that allows simulta-
neous quantification of several analytes [4, 19–23] without
involving any pre-separation step.

From the above discussion, it is clear that EEMF
generate the composite fluorescence fingerprints for the
multifluorophoric mixtures that are weighted by the concen-
tration of the fluorophores. With the help of suitable chemo-
metric approach, the composite fluorescence fingerprints can
be separated and individual fingerprints could further be easily
processed towards establishing their identity with the help of a
database. The concentration related information for each
fluorophores buried in the EEMF data sets can be used to
develop a calibration model for their quantification. Often,
the identification of the fluorophore is time consuming and
computationally challenging task. To address this, present
work proposes a computational approach by combining
NNF with PLS algorithm analysis for the analysis of EEMF
spectral data sets that enables identification and quantification

of the fluorophores present in multifluorophoric mixtures with
minimum user inputs. In the proposed approach, EEMF spec-
tral data sets are first subjected to NNF technique to retrieve
pure EEMF spectral profiles. In the next step, using a distance
metric approach the best match for the retrieved pure EEMF
spectral from the database is obtained so that their identity can
be confirmed. The NNF retrieved concentration related infor-
mation are subjected to PLS analysis to develop a robust cal-
ibration model for making their accurate and precise estima-
tions. To carry out the present work, EEMF spectral data sets
acquired for the dilute aqueous mixtures of five fluorophores
of biological relevance Catechol, Hydroquinone, Indole,
Tryptophan and Tyrosine are taken as the test case. The se-
lected fluorophores has significant spectral overlap in EEMF
spectra.

Theory

Non-negative Factor (NNF) Analysis

NNFmodel can be fitted on a given data set using the iterative
algorithm [14–18] summarized using the Eqs. 3–5.

Hnþ1 ¼ Hn Wnð ÞTX
Wnð ÞTWnHn

ð3Þ

Wnþ1 ¼ Wn X Hnþ1
� �T

WnHnþ1 Hnþ1
� �T ð4Þ

L W ;Hð Þ ¼ X−WHk k2F ð5Þ

In the above equation n is the iteration number, for n = 1,W
and H are initialized with non-negative numbers. TheWn and
Hn contains the updated values for theWandHmatrices at the
nth iteration respectively. A series of iterations are carried out
until the loss function L(W,H) given in Eq. 5 is minimized.

Akaike Information Criterion (AIC) for Finding
the Optimum Number of Factor

In the Akaike information criterion (AIC) [24–27] based ap-
proach for finding the optimum number of factor, NNF model
is fitted with using the different number of factors (K). The set
of factors that minimizes AIC value is considered as the opti-
mum. The AIC (K) value is calculated for each of these
models using the Eq. 6

AIC Kð Þ ¼ −∑I ; JX I ; Jð Þlog ∑K
k¼1W I ; kð ÞH k; Jð Þ� � ð6Þ
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The AIC criteria provides an unambiguous approach for
selecting the optimum number of factors for carrying out the
chemometric analysis.

Material and Methods

A calibration and validation set is created by selecting 32
dilute samples containing Catechol, Hydroquinone, Indole,
Resorcinol, Tryptophan and Tyrosine in different proportions.
The calibration set consist of 26 samples labeled as S1-S26
and the validation set consist of 6 samples labeled as V1-V6.
The concentrations of these five fluorophores in each of these
samples are reported in Table 1. The EEMF data sets
for these samples are collected using the Varian Eclipse

spectrofluorimeter. The excitation and emission wave-
lengths are varied in the range of 230–320 nm and
230–500 nm in steps of 5 and 2 nm, respectively.
Both excitation and emission slit widths were kept at
5 nm. The scan rate were set to 1920 nm/min and
PMT detector voltage were set to 600 V, respectively.
For detailed discussion about the sample preparation
and data acquisition one can refer to the work reported
by Bro and co-workers [28, 29]. The optical density
(OD) values of these samples were less than 0.87 sug-
gesting there were no interferences due to the inner filter ef-
fects and the analyzed samples obey the Beer-Lambert law
(i.e. fluorescence intensities of the fluorophores are directly
proportional to their concentration).

Table 1 Concentration of fluorophores in calibration and validation set samples

Sample Catechol×10−4 M Hydroquinone×10−4 M Indole×10−4 M Tryptophan×10−4 M Tyrosine×10−4 M

S1 0.870 0.112 0.026 0.074 0

S2 0.435 0.028 0 0.009 0.121

S3 0 0.056 0.006 0.019 0.031

S4 0.870 0 0.051 0.074 0.121

S5 0.870 0.224 0.006 0 0.061

S6 0.218 0 0.006 0.037 0.061

S7 0.870 0.112 0.026 0 0.030

S8 0 0.224 0.006 0.037 0.015

S9 0.435 0.224 0 0.074 0.121

S10 0 0.056 0.013 0.019 0.121

S11 0.109 0.224 0.051 0 0.030

S12 0.432 0.029 0 0.010 0.123

S13 0 0.057 0.006 0.019 0.031

S14 0.863 0 0.050 0.077 0.123

S15 0.863 0.115 0.025 0 0.030

S16 0.108 0 0.012 0.010 0.015

S17 0 0.23 0.006 0.038 0.015

S18 0.216 0.029 0.025 0 0.061

S19 0.432 0.23 0 0.077 0.123

S20 0.432 0.115 0.012 0.038 0

S21 0 0.058 0.012 0.019 0.123

S22 0.108 0.029 0 0.077 0.015

S23 0.216 0.057 0.050 0.019 0

S24 0.432 0.115 0.050 0.038 0

S25 0.108 0 0.015 0.010 0.061

S26 0 0.230 0 0.077 0.061

V1 0.109 0 0.013 0.009 0.015

V2 0.218 0.028 0.026 0 0.060

V3 0.435 0.112 0.013 0.037 0

V4 0.109 0.028 0 0.074 0.015

V5 0.216 0 0.006 0.038 0.061

V6 0 0.057 0.025 0.010 0.031
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Results and Discussion

EEMF Characteristic of Dilute Aqueous Mixtures
of Selected Fluorophores

EEMF spectral profiles of the sample S1 is shown in Fig. 1a. It
can be observed that apart from the significantly overlapped
fluorescence of the fluorophores there are two intense diago-
nal bands originating due to 1st and 2nd order Rayleigh scat-
tering signals. These bands, clearly marked in Fig. 1a, are
quite intense and do not contain any fluorescence related in-
formation and must be eliminated from EEMF data sets with a
suitable approach before processing them with NNF tech-
nique. In the present work, both 1st and 2nd order Rayleigh
bands from EEMF spectral data set is eliminated using a home
based computational routine that substitute all the variables
appearing in the spectral range spanned over (i) λem ≤ λex +
10 and (ii) λem ≥ 2* λex-10 with zero. In order to ensure that
both the scattering bands are completely eliminated from
EEMF, variables within the range of 10 nm right side of the

1st order Rayleigh scattering and left side of the 2nd order
Rayleigh scattering bands are also set to zero. Raman scatter-
ing is another redundant signal that do not contain any fluo-
rescence information and are often deeply buried in the fluo-
rescence regions and difficult to correct. In the present work,
the issue of Raman scattering is minimized using blank sub-
traction. The Rayleigh and Raman scattering corrected EEMF
spectrum of S1 is shown in Fig. 1b. The scattering corrected
EEMF data sets can safely be used for further analysis.

Data Arrangement

EEMF data sets for these 26 samples arranged in a three-way
array of dimension 26 × 136 × 19 (Sample × Emission-
wavelength × Excitation-wavelength) are suitably unfolded to
generate a twoway array 26 × 2584 (Sample × (Emission-wave-
length × Excitation-wavelength)) for the NNF analysis. The
outputs of NNF retrieved spectral profiles are further rearranged
to generate EEMF spectral profiles. The data rearrangement is
carried out using the home written computational routine.

Fig. 1 a Raw EEMF spectra and
b Processed EEMF spectra of
sample S1. The preprocessing
involves elimination of Rayleigh
and Raman scattering signals. 1st
and 2nd order Rayleigh scattering
signals are eliminated using a
computational routine and Raman
scattering signals are mitigated
using the blank subtraction
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Akaike Information Criterion (AIC) Analysis
for Finding the Optimum Number of Factor

EEMF data set of dimension 26× 2584 is subjected to AIC
assisted NNF algorithm. The AIC (K) value is calculated for
NNF model developed with different number of factors (K).
The obtained AIC (K) values are plotted against K, the obtain-
ed curve is shown in Fig. 2. It can clearly be seen that NNF
model developed with five factors provides the minimumAIC
value. Thus, it must be preferred selected over other models
developed with different set of components. The suggested
number of components is in fine agreement with the number
of fluorescent molecules present in the dilute aqueous
mixtures.

NNF Analysis on EEMF Data Sets

NNF model of five factors (one for each fluorophore) devel-
oped on rearranged EEMF data sets of dimension 26 × 2584
are found to make more than 90% fit of the data set. Each of
the five factors labeled as Fac1, Fa2, Fac3, Fac4 and Fac5
individually make a fit of 21.5%, 19.3%, 18.5%, 17.6%, and

16.6% respectively. The number of iterations and time elapsed
before the convergence for NNF algorithm is found to be 3211
and 141 s. The retrieved two-dimensional EEMF spectral data
for Fac1-Fac5 are shown in Fig. 3. In order to establish the
identity between the retrieved spectral profiles of Fac1-Fac5
and the experimentally acquired pure spectral profiles of the
Catechol, Hydroquinone, Indole, Resorcinol, Tryptophan and
Tyrosine a parameter called spectral correlation (SC) is intro-
duced. The parameter is essentially based on the Pearson cor-
relation and it can be calculated using the Eq. 7

SC ¼
∑ J

j¼1 hjk−hk
� �

xjr−xr
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ J

j¼1 hjk−hk
� �2

r ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ J

j¼1 hjk−xr
� �2

r ð7Þ

In the above equation, hk and xr are the K
th NNF retrieved

and rth experimentally acquired spectral profiles. It is to be
noted that both experimentally and NNF retrieved spectral
data sets are normalized to unit area. Using the calculated
SC values, a color-coded plot, shown in Fig. 4, is developed
to find the best match between the Fac1-Fac5 and five

Fig. 2 AIC (K) versus factor (K)
plot. The curve clearly suggest
that NNF model with five factor
component is optimum to analyze
EEMF data sets acquired for di-
lute aqueous mixtures of
Catechol, Hydroquinone, Indole,
Tryptophan and Tyrosine

Fig. 3 NNF retrieved spectral
data sets of Fac1-Fac5. The
spectral data sets of each of these
factors can be reshaped and
subjected to further analysis

J Fluoresc (2019) 29:1183–1190 1187



fluorophores. It is found that best matches for the Fac1, Fac2,
Fac3, Fac4 and Fac5 are Catechol, Hydroquinone, Indole,
Tryptophan and Tyrosine, respectively. The experimental
and NNF retrieved EEMF spectral profiles are shown in
Fig. 5. The obtained results clearly show that there is perfect

match between the experimental and NNF retrieved EEMF
spectral profiles of each of the five fluorophores. The obtained
results clearly suggest that NNFmodel allows successful iden-
tification of the fluorophores in an automatized manner.
Having identified the fluorophores their NNF retrieved

Fig. 4 Spectral correlation (SC)
value based indemnification
chart, it clearly shows that best
matches for Fac1, Fac2, Fac3 and
Fac4 are Catechol,
Hydroquinone, Indole,
Tryptophan, Tyrosine are
respectively

Fig. 5 NNF and experimentally acquired EEMF spectral profiles
Catechol (Fac1), Hydroquinone (Fac2), Indole (Fac3), Tryptophan
(Fac4) and Tyrosine (Fac5). It can be seen that there is close

correspondence between the experimentally acquired and NNF retrieved
EEMF spectral profiles for each of the five fluorophores
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contribution values along with their real concentration values
are subjected to PLS modeling with five factors one for each
fluorophore. The developed PLS model is found to capture
99% variances of the predictor and predictand data sets. The
root mean square of calibration (RMSEC) values [19] are
found to be less than 2% for each of the five fluorophores.
The precise RMSEC values are summarized in Table 2. The
regression equation correlating the actual and predicted con-
centrations are summarized in Table 2. The square of the cor-
relation coefficients (R2) values [19], reported in Table 2, are
found to be close to unity. Each of these statistical parameters
clearly suggests that PLS model make precise quantification
of the fluorophores in all the samples.

In order to validate the developed procedure a validation
set of six samples are used. The experimentally acquired
EEMF data sets of these six samples 6 × 136 × 19 are reshaped
as a two dimensional data sets 6 × 2584 and are further
projected in the space spanned by the pure spectral profiles
of Fac1-Fac5. The projection of validation set is summarized
in Eq. 8.

Hval ¼ Wvalð ÞTY
Wvalð ÞTWval

where Wval ¼ Y Hcalð ÞT
Hcal Hcalð ÞT ; ð8Þ

In the above equation, Y is the validation EEMF data set.
The matrix Hval contains the spectral data and the matrixWval

contains the contribution values for each of the five factors.
Thematrix Hcal is the spectral profile of each of the five factors
of the calibration set. Using the spectral correlation map, iden-
tity of each of the five fluorophores is established. The contri-
bution values i.e.Wval are subjected to the PLS model already
developed for the calibration set. The prediction of the con-
centrations of the fluorophores of each of the six samples of
validation set is found to be in close agreement with their
actual concentrations. The root square error of prediction

(RMSEP) values [19] for each of the five fluorophores are
found to be less than 2%, precise values are reported in
Table 2, suggests that developed model can make precise
and accurate prediction even for the validation set samples.
Thus, obtained results clearly suggest that PLS assisted NNF
analysis of EEMF spectral data sets can provide an identifica-
tion and quantification of the fluorophores in automatized
manner.

Conclusion

The present work provides an analytical procedure by com-
bining NNF assisted PLS analysis with EEMF technique for
the identification and quantification of the fluorophores in an
automatized manner with minimum user inputs. The utility of
the proposed approach is successfully validated using the di-
lute aqueous mixtures of five fluorophores Catechol,
Hydroquinone, Indole, Tryptophan and Tyrosine. The results
of the proposed approach are successfully evaluated using
various statistical parameters (RMSEC, RSMSEP and R2)
each of them found to well within the desired limits.
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