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Abstract
In the present work, it is shown that quantitative estimation efficiency of the partial least square (PLS) calibration model can be
significantly improved by pre-processing the EEMF with discrete wavelet transform (DWT) analysis. The application of DWT
essentially reduces the volume of data sets retaining all the analytically relevant information that subsequently helps in estab-
lishing a better correlation between the spectral and concentration data matrices. The utility of the proposed approach is
successfully validated by analyzing the dilute aqueous mixtures of four fluorophores having significant spectral overlap with
each other. The analytical procedure developed in the present study could be useful for analyzing the environmental, agricultural,
and biological samples containing the fluorescent molecules at low concentration levels.
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Fluorophores

Introduction

Over the years, the technological developments have provided
the desired sensitivity and selectivity to themodern fluorimeters
that essentiality has made it possible to analyze the mixtures of
fluorophores in a simple and swift manner. Excitation-emission
matrix fluorescence (EEMF) spectroscopy is the most com-
monly used fluorescence technique [1–5]. EEMF has been suc-
cessfully used for analyzing the samples of biological, clinical,
pharmaceutical, petrochemicals and environmental origin
[1–5]. The popularity of EEMF technique as an analytical tool
can be attributed to the following two reason (i) most of the
fluorimeters have the required software that allows the acquisi-
tion of the EEMF spectrum without much inputs form the user
and (ii) it allows capturing the fluorescence response of all the
fluorophores in a single spectrum [1–5]. EEMF spectrum es-
sentially consists of emission and excitation spectra acquired at

different excitation and emission wavelengths, respectively.
EEMF technique serve as a useful tool to Bfingerprint^ the
fluorescent molecules in a reliable manner.

It is true that with the recent advancement in the spectro-
fluorometric technology the acquisition of EEMF spectral
profiles have become much easier. However, the analyses of
large volume of EEMF data sets remain a computational and
interpretive challenge. To make meaningful interpretation in a
swift manner, over the years several chemometric approaches
have been successfully used. Partial least square (PLS) algo-
rithm [6–10] is one of the most commonly used chemometric
technique that has been used with EEMF to develop a reliable
and robust calibrationmodel for quantifying the analytes with-
out involving any pre-separation step. The PLS algorithm
search for the significant factors that describes the maximum
variance of the spectral datasets and maximizes the correlation
between the spectral and concentration information of the
fluorophores. The PLS modeling requires that set of (i) spec-
tral variables and (ii) latent variables be optimized. The opti-
mizations of these two parameters are interrelated, as a result,
it becomes a time consuming and conceptually and computa-
tionally challenging task. The optimization is mainly targeted
towards minimizing the error of prediction for the
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concentrations of fluorophores in both calibration and valida-
tion set samples. The optimization of the latent variables can
be simplified to great extent provided optimum set of analyt-
ically useful spectral variables can be selected with a suitable
variable selection approach.

The optimization of the spectral variables and subsequent
latent variables selection towards developing a robust calibration
model becomes difficult with the increase in the number of spec-
tral variables. To deal with this, over the years, a number of
variable selection approaches that helps in finding the set of
analytically useful spectral variables have been introduced in
the area of the chemometrics. However, with the usage of these
techniques their limitations have also been experienced that
limits their application to a great extent. For example, the ap-
proaches such as variable influence on projection (VIP) method,
PLS-Beta method and selectivity ratio (SR) method are found to
have limited applications [11–14]. It is mainly so because these
methods carries independent evaluation of each variables to-
wards fitting the PLS modeling whereas the spectral data sets
are highly correlated. The Genetic Algorithm (GA) [14–23] that
is essentially inspired from Darwin theory of Bsurvival of the
fittest^ attempts to find the set of most informative spectral var-
iables that can safely be processed for developing the robust PLS
calibration model. However, the application of GA is found to
suffer on the practical grounds because it involves a heavy load
of calculation. It mainly arises because successful application of
GA demands optimization of several parameters such as (i)
Population size, (ii) Maximum generation, (iii) Mutation rate,
(iv) Window width, (v) Convergence, (vi) Initial terms and (vii)
Cross-over term [14–23]. Thus, it can be realised that an ap-
proach that significantly reduces the computational burden and
allows swift selection of the analytically useful variables is desir-
able as a pre-processing step to speed up the analysis.

Over the years, wavelet analysis has found its application in
the fields of analytical and bio-analytical chemistry [24–40].
Wavelets can be expressed as oscillating waves that has the zero
moments [24–40]. Wavelet analysis essentially allows the trans-
formation of a signal from one domain to other [24–40]. For
example, wavelet analysis can efficiently represent a signal from
time domain to frequency domain. Wavelet analysis has an ad-
vantage that it ensures that processed signals are localised in both
time and frequency scales [24–40]. Wavelet transformation can
mainly be carried out with two different approaches (i) discrete
wavelet transformation (DWT) and (ii) continuouswavelet trans-
formation (CWT) analysis [24–40]. The DWT analysis is pre-
ferred over the CWT because most of the instruments including
the fluorimeters generate the data sets that are discrete in nature.
DWT has been successfully used to analyse the chromatograph-
ic, spectroscopic and mass-spectrometric data sets acquired for
different kind of samples [41–45]. DWTanalysis with a suitable
mother wavelet (i.e. basis function) decomposes a signal or spec-
trum at different levels into its high and low frequency compo-
nent. High frequency component essentially captures the noise

component of the signal and low frequency component captures
the spectral features of the signal. With each level of decompo-
sition, DWT analysis involves reduction of the number of data
points by half without losing any analytical information. Thus, it
can be realised that application of DWT on EEMF spectral data
sets with a suitable mother wavelet can significantly reduce the
volume of data sets and this will subsequently reduce the com-
putational burden in optimising the various parameters required
to develop a robust PLS calibration model.

The objective of the present work is to assess if the appli-
cation of DWTanalysis on EEMF can help the PLS algorithm
to maximise the correlation between the spectral and concen-
tration data matrices. In other words to see if the application of
DWT analysis on EEMF data set as pre-processing technique
improve the quantification efficiency of the PLS calibration
model. To carry out the present study the EEMF spectral data
sets acquired for dilute aqueous mixtures of four fluorophores
namely Catechol, Hydroquinone, Indole and Tryptophan are
taken as the test case. It is believed that proposed analytical
procedure could be useful for analyzing the environmental,
agricultural, and biological samples containing the fluorescent
molecules at low concentration levels.

Theory

DWT Analysis

As discussed above, DWT analysis [24–40] decomposes a
signal S(t) as a sum of two series that are complementary of
each other. One of the series contains the approximation (A)
coefficients and the other series describes the detailed (D)
coefficients of the decomposed signal. The coefficients A
and D represent the signal and noise components of the orig-
inal signal, respectively. The approximation (A) coefficients
are obtained by convoluting the signal s(x) with discrete
scaled-shifted scaling (Φ) function. The detailed (D) coeffi-
cients are obtained by convoluting the s(x) with discrete
scaled-shifted wavelet (Ψ) function. Mathematically, the cal-
culation of approximation (A) and detailed (D) coefficients
can be summarised using the set of eqs. 1–4.

A j; kð Þ ¼ ∑X−1
x¼0s xð ÞΦ j;k xð Þ ð1Þ

Φ j;k xð Þ ¼ 2
j
2Φ 2jx−i

� �
; j ¼ 0…::i ¼ 0…:; 2j−1 ð2Þ

D j; kð Þ ¼ ∑X−1
x¼0s xð ÞΨ j;k xð Þ ð3Þ

Ψ j;k xð Þ ¼ 2
j
2Ψ 2jx−i

� �
; j ¼ 0…::i ¼ 0…:; 2j−1 ð4Þ

It is important to mention that above convolution steps are
followed by the dyadic decimation (i.e. down sampling). The
approximation coefficients can further be convoluted with
discrete scaled-shifted scaling (Φ) function to obtain
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approximation and decomposition coefficients at next level.
The procedure can be repeated till the desired level of decom-
position of the signal is achieved. The above-discussed DWT
based decomposition of the signal is summarised in Fig. 1.
Some of the commonly used mother wavelets that can be used
to convolute the signals are haar, db2-db10, sym1-sym8 and
coif1-coif5. These wavelets differ from each other in their
properties (i) number of vanishing moments, (ii) symmetry,
(iii) period etc. It is to be noted that each of these wavelet
functions are appropriate for a certain applications. A detailed
theoretical discussion of DWT can be seen elsewhere in the
literature.

PLS Analysis

In the present work, the PLS algorithm is briefly discussed. A
detailed description of PLS algorithm can be seen elsewhere
in the literature [6–10]. The PLS model essentially finds a set
of orthogonal latent variables that can maximise the covari-
ance between the spectral and concentration data matrix.
Mathematically, PLS algorithm can be summarised using the
given below eqs. (5–7).

X ¼ TPT þ E1 ð5Þ
Y ¼ QUT þ E2 ð6Þ
U ¼ TB ð7Þ

In the above equations, X is the spectral data matrix of
dimension I × J where I is the number of samples and J is
the number of spectral variables. T is the score matrix of di-
mension I × F where F is the number of latent variables. P is
the loading matrix of dimension J × F. E1 is the residual matrix
of the dimension I × J. The matrix Y is the concentration ma-
trix of dimension I × N where N is the number of analytes (or
fluorophores) in the present work, number of analytes and
latent variables are equal to each other. Q is the score matrix
of dimension I × F. U is the loading matrix of dimension N ×
F. E2 is the residual matrix of the dimension I × N. B is the
regression matrix of dimension F × N.

Material and Methods

EEMF Spectral Data Sets

In the present work, a calibration set of 25 samples
and a validation set of five samples are created. Both

calibration and validation set samples contains vary-
ing concentration of Catechol, Hydroquinone, Indole
and Tryptophan. The samples of calibration set are
labelled as S1-S25 and the samples of the validation
set are labelled as V1-V5. The concentration of each
of the fluorophores in the all the samples of the cal-
ibrat ion and validation sets are summarised in
Table 1. The instruments and various instrumental pa-
rameters used to acquire the EEMF data sets are
summarised in Table 2. A more detailed description
of the sample preparation and data acquisition can be
seen in the literature reported by Bro and co-workers
[46, 47].

Computational Platform

The computational work of the present study is carried out on
MATLAB platform. All the graphic plots are created using the
suitable MATLAB inbuilt commands.

Results and Discussion

DWT Analysis of EEMF Data Sets: Finding a Suitable
Wavelet Basis

The Rayleigh and Raman corrected EEMF data sets of
calibration sets are rearranged to generate a two away
array of dimension 25× 2584 (where 25 (=sample) ×
(136 (=emission wavelength) × 19 (=excitation wave-
length)). The Rayleigh and Raman corrected EEMF data
sets of validation sets are rearranged to generate a two-
way array of dimension 5× 2584. The unfolded-EEMF
profile of calibration set is shown in Fig. 2. As
discussed earlier, the objective of the present work is
to explore the utility of DWT analysis towards (i) re-
ducing the computational burden and (ii) finding the
few most informative variables that can be used for
developing a robust calibration model for analysing the
dilute aqueous mixtures of fluorophores present in the
mixture. Towards this, we need to find a suitable moth-
er wavelet and the appropriate level of decomposition
that can be used for carrying out the analysis. The se-
lection of the mother wavelets need to be carried out in
a legitimate manner. To achieve this, a parameter called
Energy to Shannon Entropy ratio (R) is calculated using
a set of eqs. (8) for each spectrum of the calibration set

Fig. 1 Schematic of DWT analysis. DWT decompose the signal S at third level and provides A1-A3 approximation and D1-D3 detail coefficients
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at various level of decomposition [31, 45]. The wavelet
function with appropriate level of decomposition
maximising the Energy to Shannon Entropy ratio is
used to analyse the spectral data sets as.

R ¼ Energy
Shannon Entropy

¼ ∑N
i¼1 w s; ið Þj j2

−∑N
i¼1pi:log2:pi

ð8Þ

In the above eqs. N is the number of wavelet coefficients,
w(s,i) represents the wavelet coefficients and pi is the energy
probability distribution of the wavelet coefficients.

The energy and Shannon entropy is calculated for the spec-
tral profiles of each of the 25 samples of the calibration set
using each of these 22 wavelets i.e. Haar, db2-db10, sym2-
sym8 and coif1-coif5 at various decomposition levels. It is

Table 1 The concentrations of
Tryptophan, Hydroquinone,
Indole and Catechol in the
calibration set samples S1-S25
and validation set samples V1-V5

Sample Tryptophan (×10−4)M Hydroquinone (×10−4)M Indole (×10−4)M Catechol (×10−4)M

S1 0.0372 0.0559 0.0128 0.2176

S2 0.0558 0.2238 0.0384 0.8704

S3 0.0384 0.2296 0 0

S4 0.0384 0.1148 0.0125 0

S5 0.0372 0.1119 0 0.4352

S6 0 0.1678 0.0384 0.6528

S7 0 0.1119 0.0384 0.4352

S8 0.0744 0.0559 0.0512 0.2176

S9 0.0384 0 0.0499 0

S10 0 0.2296 0 0.1079

S11 0 0.2238 0 0.8704

S12 0.0558 0.1119 0.0128 0.4352

S13 0 0 0.0256 0

S14 0.0558 0 0.0384 0

S15 0.0186 0.2238 0.0128 0.8704

S16 0.0186 0.2238 0.0512 0.8704

S17 0.0744 0.2238 0.0256 0.8704

S18 0.0744 0 0.0512 0.8704

S19 0.0372 0.1678 0 0.6528

S20 0.0372 0.1119 0.0128 0.4352

S21 0.0372 0.1119 0.0512 0.4352

S22 0.0786 0.1150 0.2490 0.8630

S23 0.0192 0.0574 0.0499 0.2176

S24 0.0186 0.0559 0.0512 0.2176

S25 0.0186 0.1119 0.0256 0.4352

V1 0.0744 0.1678 0.0128 0.6528

V2 0.0744 0.0559 0.0256 0.2176

V3 0.0744 0.0559 0.0384 0.2176

V4 0.0558 0.1678 0.0512 0.6528

V5 0.0186 0.0559 0 0.2176

Table 2 Various parameter used
for acquiring the EEMF data on
Varian fluorimeter

Instrumental Parameter Value

Slit width (Excitation and Emission) 5 nm

PMT Voltage 600 V

Scan rate 1920 nm/min

Excitation Wavelength 230–320 nm with a step size of 5 nm

Emission Wavelength 230–500 nm with a step size of 2 nm
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found that for each of the sample, db4 wavelet at 3rd level of
decomposition maximises the R-values. Hence, db4 with third
level of decomposition is chosen as the mother wavelet carrying
out the analysis. For each spectrum of the calibration set, the
obtained Energy, Shannon Entropy and their ratio (R) is reported
in Table 3. The db4 wavelet decomposes each spectrum in three
different stages. In the first stage, the db4 wavelet decomposes
the spectrum into A1 (approximation) and D1 (detail) coeffi-
cients. In the second stage, the db4 wavelet decomposes the

A1 into A2 and D2 coefficients. In the final step of the analysis,
the db4 wavelet decomposes A2 coefficients and provides the
A3 and D3 coefficients. The A3 coefficients approximate the
spectral data set and D1-D3 describes the noise content or irrel-
evant portion of the spectral profiles. The db4 based decomposi-
tion of the spectra into approximation (A3) and detailed (D1-D3)
coefficients are shown in Fig. 3. At each level of decomposition,
the spectral data reduces by half. Therefore, with the application
of the wavelets, instead of 2584 variables one has to process only

Fig. 2 Unfolded-EEMF spectral
profiles of the calibration set
samples S1-S25

Table 3 Energy, Shannon-
Entropy and R (Energy to
Shannon-Entropy ratio) obtained
from the db4 wavelet analysis
with third level of decomposition
of unfolded-EEMF data sets of
S1-S25 samples

Sample Energy Shannon-Entropy R = Energy/Shannon- Entropy

S1 99.8147236863932 −499.242259869422 −0.199932441040748
S2 99.9057919370756 −499.256867531875 −0.200108998862589
S3 99.1269868162935 −499.607772980466 −0.198409616857921
S4 99.9133758561390 −499.344522109822 −0.200089059621575
S5 99.6323592462254 −499.828813312188 −0.199332964792480
S6 99.0975404049994 −499.293953911980 −0.198475346293637
S7 99.2784982188670 −499.968167153623 −0.198569638511330
S8 99.5468815192050 −499.723077015039 −0.199204091421636
S9 99.9575068354343 −499.953828609369 −0.199933476084118
S10 99.9648885351993 −499.902868218764 −0.199968623687619
S11 99.1576130816776 −499.176542171673 −0.198642373398180
S12 99.9705927817606 −499.305171377024 −0.200219421933992
S13 99.9571669482429 −499.682900519939 −0.200041199817392
S14 99.4853756487228 −499.049777951162 −0.199349604075886
S15 99.8002804688888 −499.965553919497 −0.199614312799154
S16 99.1418863386272 −499.561255640344 −0.198457917260909
S17 99.4217612826263 −499.618441542907 −0.198995379305045
S18 99.9157355251891 −499.234483211851 −0.200137888878140
S19 99.7922073295596 −499.204800098863 −0.199902339300016
S20 99.9594924263929 −499.813127395446 −0.199993731551805
S21 99.6557406991566 −499.510235604212 −0.199506904155051
S22 99.0357116785742 −499.554413799289 −0.198248096589463
S23 99.8491293058688 −499.353686989889 −0.199956727881115
S24 99.9339932477576 −499.290635169142 −0.200151948000994
S25 99.6787351548578 −499.245313318018 −0.199658830029643
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329 (A3 coefficients) variables per sample to develop PLS cali-
bration model.

PLS Calibration Analysis on db4 Wavelet Processed
Spectral Data Sets

The A3 coefficients retrieved from the db4 wavelet de-
composition of the spectral data sets of calibration set
are arranged in a matrix X of dimension 25 × 329 and
the concentration of each of the four fluorophores are
arranged in a matrix Y of dimension 25 × 4. The next step
important thing before carrying out the PLS analysis is

that one must ensure that mathematical rank of the data
set are in correlation with the number of fluorophores
present in the samples of calibration set. In other words,
in an ideal case the chemical and mathematical rank must
be equal to each other. To verify this, the data matrix X is
subjected to principal component analysis (PCA) [6]. In
this approach, factors explaining more than 2% variance
of the spectral data sets are considered significant and
must be retained to carry out any multivariate analysis.
In the present case, as shown in Fig. 4, the first four
factors of the PCA model are cumulatively found to ex-
plain >99% variance of the spectral data sets suggesting
there are four independent source of variation. The PCA
clearly verifies that mathematical rank of the DWT proc-
essed spectral data set X correlates well with number of
fluorophores present in the calibration set. Thus, PLS
analysis must be carried out with four latent variables
one for each fluorophore.

The PLS analysis on the db4 processed spectral data
sets 25 × 329 (sample × (emission-wavelength× excita-
tion-wavelength)) and concentration data matrix of di-
mension 25 × 4 (sample × number of fluorophores) are
carried out with 4 latent variables. The PLS model is
found to explain more than 99.5% variance of both
spectral and concentration data matrices. The regres-
sion equations relating the actual and predicted concen-
trations of the analysed fluorophores are summarised in
Table 4. The statistical parameters such as root mean
square error of calibration (RMSEC) [9, 48] and square
of correlation coefficients (R2) [9, 48] are also reported
in Table 4 for each fluorophore. The developed model
is further applied on the db4 processed spectral data
sets of the validation set and root mean square error
of prediction (RMSEP) value [9, 48] is calculated for
each of the four fluorophores. The obtained RMSEP
values are reported in Table 4. The R2 values are
found to be close unity suggesting that actual and
regressed concentration have close correspondence with
each other. The RMSEC and RMSEP values are less
t h an 1 . 0% and 1 . 5% , r e s p e c t i v e l y f o r e a ch
fluorophores. By evaluating all the statistical parame-
ters obtained from the PLS analysis, it can easily be
inferred that developed calibration model makes a pre-
cise and accurate estimation of the concentration for
each of the four fluorophores in all the samples of
calibration and validation sets. The obtained results
clearly show that pre-processing the EEMF spectral
data sets with a suitable wavelet can substantially re-
duce the data size while retaining all the analytically
relevant spectral variables for developing a robust PLS
calibration model that can make accurate and precise
concentration estimation for each fluorophore of the
dilute mixtures.

Fig. 3 The db4 decomposition of the spectral profiles at 3rd level of
decomposition. a The approximation coefficient (A3) obtained at 3rd
level, (b) The detail coefficient (D3) obtained at 3rd level, (c) The detail
coefficient (D2) obtained at 2nd level and (d) The detail coefficient (D1)
obtained at 1st level
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In order to show the advantage of the DWT assisted PLS
analysis of EEMF data sets over traditional way of carrying
out PLS analysis. The unfolded-EEMF data sets of dimension
25× 2584 (sample × emission wavelength × excitation wave-
length) and concentration data matrix of dimension 25 × 4
(sample × number of fluorophores) are subjected to PLS anal-
ysis with four latent variables. The developed PLS model
explains ~81% variance of the spectral data set and ~80%
variance of the concentration data matrix. The regression
equations relating the actual and predicted concentrations of
the fluorophores are summarised in Table 4. The RMSEC and
R2 are also reported in Table 4. The RMSEP values obtained
for each of the four fluorophores present in the validation set
samples are also summarized in Table 4. The comparison of
these results clearly suggests that with the application of DWT
analysis as a pre-processing technique it is possible to signif-
icantly improve the quantitative estimation efficiency of PLS
calibration model. For example, with application of DWT
analysis he RMSEC and RMSEP values of the PLS model
reduces from >12% and > 15% to <1.5% and < 2%, respec-
tively for each of the four fluorophores. Similarly, with the
application of DWT analysis the R2 values improves from
<0.85 to >0.99 for each fluorophore. Thus, with the obtained
results it can be easily inferred that DWTassisted PLS analysis
can be an analytically useful approach for analysing the large

volume of highly correlated spectral data sets. The DWT anal-
ysis reduces the volume of data sets and retains the analytically
useful variables for the subsequent PLS analysis.

Conclusions

The present work shows that analytical accuracy of the PLS
calibration model can be significantly improved by pre-
processing EEMF spectral data sets with DWT analysis. The
application of DWT analysis essentially reduces the volume of
data sets retaining all the analytically relevant information. It
subsequently helps PLS algorithm in establishing a better cor-
relation between the spectral and concentration data matrices.
The proposed DWTassisted PLS analysis approach is success-
fully tested by analysing EEMF data sets of dilute aqueous
mixtures of Catechol, Hydroquinone, Indole and Tryptophan.
The proposed approach is also compared with traditional way
of carrying out the PLS model. The obtained results of clearly
suggests that application of DWT analysis as pre-processing
technique significantly improves the analytical efficiency of
the PLS analysis of the EEMF data sets. The developed analyt-
ical procedure can provide a simple means for analyzing the
environmental, agricultural, or biological samples containing
the fluorescent molecules at low concentration levels.

Fig. 4 Amount of variance (%)
explained by the different
principal components. The results
clearly suggest there are four
significant factors in the analysed
unfolded-EEMF data sets

Table 4 Comparing calibration
models developed using DWT
assisted PLS analysis and
traditional PLS analysis of EEMF
data sets

Models Fluorophore Regression Equation R2 RMSEC
(%)

RMSEP
(%)

DWT assisted PLS
analysis

Catechol Y = 0.998*X + 3.98*10−7 0.99 0.52 1.21

Hydroquinone Y = 0.998*X + 2.28*10−7 0.99 0.43 1.25

Indole Y = 0.997*X + 0.85*10−7 0.99 0.49 1.32

Tryptophan Y = 0.991*X + 2.54*10−7 0.99 0.75 1.37

Traditional PLS analysis Catechol Y = 0.828*X + 8.96*10−6 0.83 17.29 17.96

Hydroquinone Y = 0.836*X + 7.98*10−6 0.82 14.89 18.88

Indole Y = 0.785*X + 8.65*10−6 0.78 13.10 18.37

Tryptophan Y = 0.801*X + 7.98*10−6 0.80 12.62 19.10
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