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Polycyclic aromatic hydrocarbons (PAHs) are carcinogenic and mutagenic in nature therefore their sensing in
water sample is an important analytical task. In the present work, a novel approach that is based on the random
initialisation of the excitation-emission matrix fluorescence (EEMF) spectral variables in constraint fashion for
subsequent multivariate curve resolution alternating least Square (MCR-ALS) analysis is introduced for simulta-
neously sensing the complex dilute aqueousmixture of PAHs. The usefulness of the proposed analytical approach
is successfully demonstrated by applying it intentionally on a calibration set that is peculiar in many senses. The
peculiaritymainly arises because the designed (i) the calibration set consist of nine PAHShaving significant spec-
tral overlap, (ii) the concentration of each PAH in different samples are kept constant and (iii) any two samples
differ only in thepresence and absence of the PAHs. The proposed approach is found tomakeprecise and accurate
estimation of each of the nine PAHs without involving any pre-separation. In summary, the proposed approach
provides a simple and cost-effective procedure for simultaneous sensing of several PAHs in water samples. The
proposed approach could be very useful in developing countries.
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1. Introduction

Polycyclic aromatic hydrocarbons (PAHs) are ubiquities in nature
andwell-known environmental pollutants [1–6]. PAHs are carcinogenic
andmutagenic as a result their presence inwater samples beyond a per-
missible limit is a serious health concern [5]. Industrial effluents, oil
spills, run-off from sewage and leakage from vehicle oil tank are some
of the common reason that brings PAHs in water samples [2, 7–9]. In
order to ensure the quality of water samples, monitoring of PAHs is an
unavoidable important analytical task. PAHs are usually fluorescent in
nature that provides thenecessary ground to usefluorescence based an-
alytical procedure to achieve a simple, sensitive and quantification of
the PAHs in water samples [5, 6, 8]. Excitation-emission matrix fluores-
cence (EEMF) [7–11] can be used to capture the fluorescence signatures
of all the fluorophores present in a multifluorophoric mixture. EEMF
spectroscopy can provide a user friendly procedure mainly because of
ar), dp03@aub.edu.lb
the following two reasons. (i) All the available fluorimeters have appro-
priate software that allows the automatic fluorescence data acquisition,
(ii) these software also enables auto removal of both first and second
order Rayleigh scattering, and (iii) EEMF data sets are truly trilinear in
nature that makes it compatible with most of the chemometric tech-
niques [11]. In the context of EEMF spectroscopy, trilinearity comes nat-
urally and it is so because each fluorophore has a unique emission and
excitation spectra and shape of which is invariant to the changes in ex-
citation and emission wavelength, respectively [11–14].

Multivariate curve resolution alternating least square is a curve res-
olution technique [8, 11, 12, 14–23]. It can deconvolute the overlapping
spectral profiles without requiring any a priori information related to
the peak maxima and spectral bandwidth. MCR-ALS has second order
advantages i.e. it can analyse the components even in the presence of
an unknown interferences [8, 11, 12, 14–23]. MCR-ALS can be used to
analyse the EEMF data sets provided (i) the data is suitably arranged
and (ii) the data strictly obey the Beer-Lambert law i.e. intensity is di-
rectly proportional to concentration [8, 11, 12, 14]. Mathematically,
MCR-ALS decomposes a data set X of dimension I × J (sample × vari-
able) as a product of two matrices C and S of dimensions I × F (sample

http://crossmark.crossref.org/dialog/?doi=10.1016/j.saa.2018.06.067&domain=pdf
https://doi.org/10.1016/j.saa.2018.06.067
dp03@aub.edu.lb
https://doi.org/10.1016/j.saa.2018.06.067
http://www.sciencedirect.com/science/journal/13861425
www.elsevier.com/locate/saa


Table 1
Concentration of all the nine polycyclic aromatic hydrocarbons (PAHs) in all the 28 samples of calibration set. Sign (×) indicates absence of the PAHs in the mixtures.

Sample Fluoranthene
μg/mL

Dibenz(ah)anthracene
μg/mL

Benz(b)fluoranthene
μg/mL

Benz(ghi)perylene
μg/mL

Chrysene
μg/mL

Pyrene
μg/mL

Ideno(1,2,3-cd)pyrene
μg/mL

Anthracene
μg/mL

Benz(a)pyrene
μg/mL

1 0.2023 0.2784 0.2523 0.2763 0.2283 0.2023 0.2763 0.1782 0.2524
2 × × × 0.2763 0.2283 0.2023 0.2763 0.1782 0.2524
3 0.2023 × × × 0.2283 0.2023 0.2763 0.1782 ×
4 0.2023 0.2784 × × × 0.2023 0.2763 0.1782 0.2524
5 0.2023 0.2784 0.2523 × × × 0.2763 0.1782 0.2524
6 0.2023 0.2784 0.2523 0.2763 × × × 0.1782 ×
7 0.2023 0.2784 0.2523 0.2763 0.2283 × × × ×
8 × 0.2784 0.2523 0.2763 0.2283 0.2023 × × ×
9 0.2023 × 0.2523 0.2763 × × 0.2763 0.1782 ×
10 × × × × × × 0.2763 0.1782 0.2524
11 0.2023 0.2784 × × × × × × ×
12 × × 0.2523 0.2763 × × × × ×
13 × × × × 0.2283 0.2023 × × ×
14 × × × × × × 0.2763 0.1782 ×
15 0.2023 × × × × × × × ×
16 × 0.2784 × × × × × × ×
17 × × 0.2523 × × × × × ×
18 × × × 0.2763 × × × × ×
19 × × × × 0.2283 × × × ×
20 × × × × × 0.2023 × × ×
21 × × × × × × 0.2763 × ×
22 × × × × × × × 0.1782 ×
23 × × × × × × × × 0.2524
24 0.2023 0.2784 0.2523 × × 0.2023 0.2763 0.1782 ×
25 0.2023 0.2784 0.2523 × × × × 0.1782 ×
26 0.2023 × × × 0.2283 × 0.2763 0.1782 ×
27 × × × 0.2763 0.2283 0.2023 × × ×
28 × × × × × 0.2023 0.2763 0.1782 0.2524
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× Factor) and J × F (Variable × Factor). The matrix C contains the con-
centration related information and S contains the spectral related infor-
mation for each of the F factors. E is the residual matrix of dimension I
× J (sample × variable). The decomposition can be summarised using
Eq. (1).

X ¼ CST þ E ð1Þ

MCR-ALS algorithm solves the above equation by carrying a series of
iterations between the given below Eqs. (2) and (3).

C ¼ XS STS
� �−1

ð2Þ

ST ¼ CTC
� �−1

CT X ð3Þ

The iteration is terminated once the Frobenious norm of residual
matrix E is minimised.

E ¼ X−CST
���

���2 ð4Þ

The success of MCR-ALS analysis is often bottlenecked by the fact
how C and S matrices are initialised for the subsequent iterations. The
conventional approach involves the initialisation of the concentration
matrix C with evolve factor analysis (EFA) approach [24–27] and the
Table 2
Concentration of all the nine polycyclic aromatic hydrocarbons (PAHs) in all the 6 samples of v

Sample Fluoranthene
μg/mL

Dibenz(ah)anthracene
μg/mL

Benz(b)fluoranthene
μg/mL

Benz(ghi)pery
μg/mL

1 0.2023 0.2784 0.2523 0.2763
2 0.2023 0.2784 0.2523 0.2763
3 0.2023 × 0.2523 0.2763
4 0.2023 0.2784 0.2523 ×
5 0.2023 0.2784 0.2523 ×
6 × × × ×
initialisation of spectral matrix (S) using pure variable approach [16,
17, 27, 28]. Both the approaches have their limitations, for example
EFA can only be used if the data sets belong to sequential process. The
real life samples mostly belong to non-sequential process that limits
the application of EFA approach. The pure variable approach such as
SIMPLISMA algorithm [16, 17, 27, 28] can be successfully used to
initialise the spectral variables provided the data set have pure variable
for each factors.With real life samples, it is seldompossible to have pure
variables for each of the factors present in the data sets. Another ap-
proach, which is recently introduced, involves the random initialisation
of the variables in a space spanned by minima andmaxima of each var-
iable [27]. This approach does not require the need of data must come
from sequential process and there must be pure variable for each factor.
Therefore, it can be realised thatMCR-ALS analysis assisted with random
initialisation of the spectral variable ismost suitable for the analysis of com-
plex multifluorophoric mixtures having significant spectral overlap and be-
longing to non-sequential process.

The objective of the presentwork is (i) to provide a simple and cost –
effective analytical procedure and (ii) more specifically to evaluate the
efficiency of analytical approach based on the random initialisation of
EEMF spectral variables for subsequent MCR-ALS analysis towards the
simultaneous analysis of several PAHs having significant spectral over-
lap in water samples without pre-separation. To carry out the present
work, aqueous complex mixtures of nine PAHs fluoranthene, dibenz
(ah)anthracene, benz(b)fluoranthene, benz(ghi)perylene, chrysene,
pyrene, ideno(123,cd-)pyrene, anthracene, benz(a)pyrene have been
alidation set. Sign (×) indicates absence of the PAHs in the mixtures.

lene Chrysene
μg/mL

Pyrene
μg/mL

Ideno(1,2,3-cd)pyrene
μg/mL

Anthracene
μg/mL

Benz(a)pyrene
μg/mL

0.2283 0.2023 0.2763 0.1782 0.2524
0.2283 × × × ×
0.2283 0.2023 0.2763 × ×
× × 0.2763 0.1782 0.2524
0.2283 0.2023 0.2763 × ×
0.2283 0.2023 × 0.1782 0.2524



Fig. 1. (a) The EEMF surface and (b) EEMF contour plot of sample 1 which consist of all the nine PAHs used in the study.
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prepared. In order to make the present work relevant to the current en-
vironmental issues several of the most carcinogenic and mutagenic
PAHs such as chrysene and benz(a)pyrene is intentionally included in
the analysis. In order to evaluate the utility of the proposed approach in-
tentionally a calibration set is designed in a fashion that can appear pe-
culiar. The peculiarity arises because (i) the calibration set consist of
nine PAHS having significant spectral overlap, (ii) the concentration of
each PAH in different samples are kept constant and (iii) any two sam-
ples differ only in the presence and absence of the PAHs. This certainly
makes the analysis difficult and challenges the analytical efficiency of
the proposed approach. The designed calibration set would also test
the precision of the proposed approach in quantifying the PAHs in
water samples. To the best of our knowledge there are no reports in
the literature that presentsMCR-ALS or any other chemometric analysis
Fig. 2. SEP versus Factor plot indicating there are nine significant facto
with such a complex calibration set. In a nutshell, the present work is
aimed to provide a simple and effective analytical approach for simulta-
neously identifying and quantifying several potential carcinogenic and
mutagenic PAHs. The proposed approach could be very useful in devel-
oping countries.

2. Material and Methods

2.1. Chemical and Sample Preparation

The chemicals were used directly without further purification and
dissolved in pure acetone received from Alpha Chimie. Dibenz(ah)an-
thracene, Benz(b)fluorothene, Chrysene and Ideno(1,2,3,-cd)pyrene
were obtained from Sigma-Aldrich and used as received. Fluoranthene,
r one for each PAH should be used for the chemometric analysis.



Fig. 3. The unfolded-EEMF profiles corresponding to minima and maxima of each variable of the data sets.
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Benz(ghi)perylene, Pyrene and Anthracenewere purchased fromAcros.
Finally Benz(a)pyrene was received from Alfa Aesar.

2.2. Sample Preparation

A stock solution of each PAH was prepared at a concentration equal
to 200 μM in 15 mL of Acetone. Each sample consists of a mixture with
different PAHs. The designed calibration set is peculiar in two sense
(i) the concentration of each PAH in different samples are kept constant
and (ii) two samples differ only in the presence and absence of the
PAHs. It can be realised that data analysis of such calibration set will
be analytically challenging task. The concentrations of these PAHs are
summarised in Table 1. The designed calibration set can essentially
test the precision of the proposed approach in quantifying the PAHs in
water samples. To validate the calibration model a validation set of six
samples (V1-V5) is also made using the same approach. The concentra-
tions of each of the nine PAHs in the validation set samples are reported
in Table 2.

2.3. Data Acquisition

The 3D emission and excitation measurements were documented
with resolution increment 10 nm and slit 5 nm using Jobin-Yvon-
Horiba Fluorolog III fluorometer and the FluorEssence program. The ex-
citation source was a 100W Xenon lamp, and the detector used was R-
928 operating at a voltage of 950 V. The EEMF spectra are collected over
the excitation-wavelength range of 280–550 nm and emission-
Fig. 4. Nine randomly initialized (one for each PAHs) unfolded-EEMF profiles in t
wavelength range of 300–700 nm. Both excitation and emission wave-
lengths are varied in a step of 10 nm.

2.4. Software Used

All the analysis is carried out using MATLAB 2016b software. The
random initialisation of the variables in a constraint fashion is carried
out using homemadeMATLAB routine. MCR-ALS and unfolded-PS anal-
ysis is carried out using PLS-Toolbox software.

3. Results and Discussion

The EEMFdata sets acquired for the 28 samples are stored in a three-
way array of dimension 28×41×29 (Sample× EmissionWavelength ×
ExcitationWavelength). The EEMF spectra of each of the 28 samples are
blank subtracted to mitigate the influence of Raman scattering that is
often significantly overlapped with fluorescence signals. Both first and
second order Rayleigh scattering signals are eliminated from the EEMF
data sets right at the data acquisition stage by selecting the appropriate
parameters in the software. In order to show the complexity of the sys-
tem under analysis, EEMF spectrum of sample S1 is shown in Fig. 1. It
can be easily seen that it is difficult to make any assessment regarding
the number of fluorophores present in the mixtures and in which exci-
tation and emissionwavelength region they show their fluorescence ac-
tivity. The spectra also clearly indicate it is difficult to find pure variables
for each of the fluorophores present in the complex multifluorophoric
mixtures. Thus, limiting the pure variable approach towards initialising
spectral variables for subsequent MCR-ALS analysis.
he space spanned by minima and maxima of each variables of the data sets.



Table 3
The contribution of each of the nine factors of MCR-ALS in the Fit (%) of model, fit (%) of
data and cumulative fit (%) of data.

Factor Fit (%) model Fit (%) data Cumulative fit (%) data

Fac1 4.64 4.60 4.60
Fac2 36.82 36.56 41.16
Fac3 5.32 5.28 46.44
Fac4 23.91 23.74 70.18
Fac5 3.79 3.77 73.94
Fac6 9.34 9.27 83.21
Fac7 6.16 6.12 89.33
Fac8 8.18 8.12 97.45
Fac9 1.94 1.83 99.28
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In order to proceed with analysis, the data sets are unfolded to gen-
erate a two way array of dimension 28 × 1189 (i.e. sample × (emission
wavelength × excitationwavelength)). The next step demands the esti-
mation of optimum number of factors for the MCR-ALS analysis. To
achieve this, principal component analysis (PCA) [26, 29] assisted with
leave one out cross-validation (LOOCV) [26, 29] is used. Briefly, this ap-
proach involves fitting a PCA model with a given set of factor (F) to the
data sets of all the samples except one. The developed PCAmodel is then
used to predict the left out sample. The procedure is repeated so that
every sample is left out and predicted once. The sum of error in predic-
tion (SEP) is calculated using Eq. (5).

SEP ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPI

i¼1 xi;actual−xi;predicted
� �2q

I
ð5Þ

In the next step, PCA model is built with F + 1 factor, and error in
prediction value is calculated for LOOCV. The process is repeated until
F reaches to number of samples. Using the above-mentioned approach
on the unfolded-EEMF data sets of dimension 28 × 1189, the SEP versus
number of factor plot is obtained and shown in Fig. 2. The results show
the model achieves minimum SEP values over the factor range 9–11.
The principal of parsimony (i.e. a model with minimum number of fac-
tors must be preferred is more than one choice is available), suggests
chemometric analysis must be carried out with nine factors.
Fig. 5. A colour coded plot based on the SI values indicates best matches for Fac1, Fac2, Fac3, Fac
Benz(a)pyrene, Fluoranthene, Dibenz(ah)anthracene, Benz(b)fluoranthene and Benz(ghi) pery
In order to initialise the spectral variables for the subsequent MCR-
ALS analyses using random initialisation approach two unfolded-EEMF
spectra corresponding to Sj, min, Sj,max are generated that are shown in
Fig. 3. The Sj, min and Sj, max are minima and maxima of each the jth var-
iable, respectively.

In the next step, nine spectra, one for each factor is initialised by gen-
erating the random numbers in the space spanned by Sj, min, Sj, max. The
used approach of constraint initialisation of the variables can be
summarised using Eq. (6).

S j;F ¼ Sj; max−Sj; min
� � � Random Numberð Þ þ Sj; min ð6Þ

The randomly initialised unfolded-EEMF spectra of each of the nine
factors are shown in Fig. 4.

The MCR-ALS analysis on the unfolded-EEMF data sets are carried
out using the following parameters.

(i) Number of factors are set to 9
(ii) The spectral variables (S) for each factors initialised using Eq. (6)

are used
(iii) With the initialised spectral matrix an estimate for the concen-

tration values (C) for each factor is obtained using the Eq. (2)
(iv) With the estimated C matrix an estimate for the matrix S is ob-

tained using Eq. (3)
(v) Number of iteration is set to 10,000
(vi) All the negative values that appear in the C and Smatrices are re-

placed by assigning a value of 10−6

(vii) Alternate least square (ALS) algorithm is used to fit MCR-ALS
model

(viii) The algorithm converges either (i) iteration limit is reached or
(ii) the absolute or relative change in the Frobenious norm of re-
sidual matrix E in two successive iterations are ≤10−7.

The MCR-ALS model of nine factors (Fac1–Fac9) is found to capture
99.28% variance of the data sets. The fit (%) of model, fit (%) of data and
cumulative fit (%) of data are summarised in Table 3. The number of it-
erations and timeelapsed before the convergence for theMCR-ALS algo-
rithm is found to be 5251 and 341 s. In order to find the best match
betweenMCR-ALS retrieved EEMF profiles of Fac1–Fac9with the exper-
imentally acquired EEMF profiles of analysed nine PAHs a parameter
4, Fac5, Fac6, Fac7, Fac8 and Fac9 are Chrysene, Pyrene, Ideno(123,cd)pyrene, Anthracene,
lene, respectively.



Table 4
MCR-ALS analysis predicted concentration of all the nine polycyclic aromatic hydrocarbons (PAHs) in all the 28 samples of calibration set.

Sample Fluoranthene
μg/mL

Dibenz(ah)anthracene
μg/mL

Benz(b)fluoranthene
μg/mL

Benz(ghi)perylene
μg/mL

Chrysene
μg/mL

Pyrene
μg/mL

Ideno(1,2,3-cd)pyrene
μg/mL

Anthracene
μg/mL

Benz(a)pyrene
μg/mL

1 0.2421 0.2577 0.2717 0.3331 0.1808 0.1567 0.2968 0.1456 0.2502
2 0.0001 0.0000 0.0000 0.3255 0.2157 0.1665 0.2015 0.1927 0.1895
3 0.1684 0.0000 0.0000 0.0000 0.2301 0.2089 0.2417 0.1700 0.0000
4 0.1529 0.2931 0.0000 0.0000 0.0000 0.2478 0.1747 0.1896 0.2734
5 0.1810 0.2208 0.2738 0.0000 0.0000 0.0000 0.3356 0.2356 0.2189
6 0.2705 0.3417 0.2523 0.3127 0.0001 0.0000 0.0000 0.2222 0.0000
7 0.2183 0.23614 0.2074 0.2667 0.1909 0.0000 0.0000 0.0000 0.0000
8 0.0000 0.3589 0.2801 0.2707 0.2180 0.2831 0.0000 0.0000 0.0000
9 0.1787 0.0000 0.2573 0.2405 0.0000 0.0000 0.2956 0.1589 0.0000
10 0.0000 0.0000 0.0000 0.0000 0.0001 0.0001 0.3047 0.1981 0.3202
11 0.2463 0.2433 0.0000 0.0000 0.0000 0.0001 0.0000 0.0000 0.0000
12 0.0000 0.0000 0.2865 0.3260 0.0001 0.0000 0.0000 0.0000 0.0000
13 0.0001 0.0000 0.0001 0.0000 0.2334 0.1923 0.0000 0.0000 0.0001
14 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.3223 0.1805 0.0000
15 0.2428 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
16 0.0000 0.2552 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
17 0.0000 0.0000 0.2079 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000
18 0.0000 0.0000 0.0000 0.2952 0.0000 0.0000 0.0000 0.0000 0.0000
19 0.0001 0.0000 0.0000 0.0000 0.2020 0.0001 0.0000 0.0000 0.0000
20 0.0000 0.0000 0.0000 0.0000 0.0000 0.1985 0.0000 0.0000 0.0000
21 0.0001 0.0000 0.0000 0.0000 0.0000 0.0000 0.2871 0.0000 0.0000
22 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.1391 0.0000
23 0.0000 0.0000 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 0.2254
24 0.1608 0.3361 0.2803 0.0000 0.0000 0.2789 0.2305 0.1457 0.0000
25 0.1800 0.3286 0.3227 0.0000 0.0001 0.0001 0.0000 0.2364 0.0000
26 0.2667 0.0000 0.0000 0.0000 0.2757 0.0000 0.2585 0.1702 0.0000
27 0.0000 0.0000 0.0000 0.3358 0.2105 0.2493 0.0000 0.0000 0.0000
28 0.0001 0.0000 0.0000 0.0001 0.0000 0.2602 0.3118 0.1559 0.2763
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called similarity index (SI) value is introduced that can be calculated
using Eq. (6). Briefly, in this proposed approach, retrieved EEMF profile
and experimentally acquired EEMF profile are confirmed to belong to
same PAH if they have the highest SI value.

SI ¼ xTy
xk k yk k ð6Þ

In the above equation, x is the mathematically retrieved EEMF data
sets of and y is experimentally acquired EEMF data sets. A colour
coded plot based on the SI values (normalised to maxima) are gener-
ated, shown in Fig. 5, to find the best match between the Fac1–Fac9
and nine PAHs. It can be easily seen that best matches for Fac1, Fac2,
Fac3, Fac4, Fac5, Fac6, Fac7, Fac8 and Fac9 are Chrysene, Pyrene, Ideno
(123,cd-)pyrene, Anthracene, Benz(a)pyrene, Fluoranthene, Dibenz
(ah)anthracene, Benz(b)fluoranthene and Benz(ghi)perylene, respec-
tively. The implemented approach is novel and automatizes the assign-
ment of MCR-ALS retrieved spectral profiles to the analysed
fluorophores (e.g. PAHs in the present work).

In order to assess the uniqueness of the obtained MCR-ALS model, a
statistical parameter known as lack of fit (LOF) [12, 14–23] is calculated
Table 5
The RMSEC and RMSEP values obtained fromMCR-ALS and unfolded-PLS analysis for each
of the nine PAHs.

PAHs RMSEC RMSEP

MCR-ALS Unfolded-PLS MCR-ALS Unfolded-PLS

Fluoranthene 0.0274 0.0265 0.0379 0.0262
Dibenz(ah)anthracene 0.0292 0.0204 0.0248 0.0797
Benz(b)fluoranthene 0.0212 0.0227 0.0441 0.0385
Benz(ghi)perylene 0.0229 0.0326 0.0174 0.0548
Chrysene 0.0160 0.0193 0.0321 0.0419
Pyrene 0.0290 0.0218 0.0388 0.0349
Ideno(1,2,3-cd)pyrene 0.0317 0.0288 0.0218 0.0402
Anthracene 0.0224 0.0266 0.0291 0.0284
Benz(a)pyrene 0.0202 0.0217 0.0291 0.0359
using eq. 7.

LOF ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiX
i; j

e2ij
X
i; j

x2ij

vuuuuut � 100 ð7Þ

where eij and xij are the elements of the matrices E and X, respectively.
The LOF (%) in the present case is found to be b5% indicating the devel-
oped model has captured all the important information and the ob-
tained results can further be processed for the quantification of the
PAHs. The calibration model for the quantification of the PAHs is ob-
tained by regressing the actual concentration with retrieved contribu-
tion values. The predicted concentration of all the nine PAHs are
summarised in Table 4. The root mean square of calibration (RMSEC)
[26, 29] value a statistical parameter that describes the accuracy of the
prediction of the concentration of the calibration set is also calculated
and are reported in Table 5.

Obtained results clearly indicate that developed calibration model
even for this peculiar calibration set is precise and accurate in making
a reasonably good correlation between the actual and fitted concentra-
tion of the PAHs in aqueous mixtures. The designed calibration set was
really peculiar in two senses (i) the concentration of each PAH in differ-
ent samples are kept constant and (ii) two samples differ only in the
presence and absence of the PAHs. It can be realised in principle analysis
of such calibration set was analytically challenging task. The designed
calibration set can test the precision of the proposed approach in quan-
tifying the PAHs in water samples.

In the next step, the model is validated using an external validation
set comprising of six samples. The designed validation set is also pecu-
liar in same sense making the analysis a challenging task. The predicted
concentrations of each of the nine PAHs of the validation set are
summarised in Table 6. The root mean square error of prediction
(RMSEP) [26, 29] for each of the nine PAHs are also summarised in
Table 5. The obtained RMSEP values clearly indicate that model can pre-
dict the concentration of all the nine PAHs accurately with high preci-
sion. It can be seen that applied approach of random initialisation of



Table 6
MCR-ALS analysis predicted concentration of all the nine polycyclic aromatic hydrocarbons (PAHs) in all the 6 samples of validation set.

Sample Fluoranthene
μg/mL

Dibenz(ah)anthracene
μg/mL

Benz(b)fluoranthene
μg/mL

Benz(ghi)perylene
μg/mL

Chrysene
μg/mL

Pyrene
μg/mL

Ideno(1,2,3-cd)pyrene
μg/mL

Anthracene
μg/mL

Benz(a)pyrene
μg/mL

1 0.1712 0.2414 0.3254 0.2360 0.2184 0.2645 0.3115 0.1349 0.2913
2 0.1889 0.2325 0.3002 0.2629 0.1744 0.0000 0.0000 0.0000 0.0001
3 0.2812 0.0001 0.2177 0.2736 0.2806 0.1456 0.2506 0.0000 0.0000
4 0.2375 0.2636 0.2187 0.0000 0.0000 0.0000 0.2763 0.1782 0.2147
5 0.1989 0.2758 0.2111 0.0000 0.2108 0.1647 0.2456 0.0000 0.0000
6 0.0000 0.0000 0.0000 0.0001 0.2162 0.2256 0.0000 0.2348 0.2059
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the spectral variables in a random fashion not just ensure ensures a
good fit to the actual concentration but also make a good predictions
for each of the nine PAHs present the six sample of the validation set.

In order to compare the calibration results of MCR-ALS analysis
assisted with random initialisation of EEMF spectral variables, EEMF
data sets of the PAH mixtures are further subjected to unfolded-PLS
analysis [8, 26, 29, 30]. This technique is conceptually different from
MCR-ALS analysis. The difference arises because PLS algorithm finds
the optimumnumber of factors that can explain themaximumvariation
of the concentration and spectral data sets [26, 29, 30]. These factors
maximises the correlation between spectral and concentration datama-
trices. In addition to this, the fact that PLS algorithmuses a priori knowl-
edge on concentration matrix therefore compared to MCR-ALS analysis
it can provide a better calibration model. Thus, a comparison of MCR-
ALS analysis assisted with random initialisation of the spectral variables
with unfolded-PLS analysis can cross-validate its analytical utility to-
wards quantifying the PAHs with precision and accuracy. It is to be
that unfolded-PLS involves orthogonalisation of the data set thus it is
difficult to correlate the experimentally acquired EEMF profiles with
the loading vectors of the PLS model. However, it is to be noted that
PLS algorithm can only be used for the quantification purpose and not
for the spectral signature identification. Nevertheless, unfolded-PLS
analysis is carried out on EEMF data set and concentration matrix
using nine factors one for each PAH. The predicted concentration of all
the nine PAHs are summarised in Table 7. The RMSEC values for each
of the PAHs are also summarised in Table 5. The developed unfolded-
Table 7
Unfolded-PLS analysis predicted concentration of all the nine polycyclic aromatic hydrocarbon

Sample Fluoranthene
μg/mL

Dibenz(ah)anthracene
μg/mL

Benz(b)fluoranthene
μg/mL

Benz(ghi)pery
μg/mL

1 0.2531 0.2514 0.2361 0.3059
2 0.0001 0.0000 0.0000 0.2889
3 0.1587 0.0000 0.0000 0.0000
4 0.1465 0.2729 0.0000 0.0001
5 0.1898 0.2019 0.2915 0.0000
6 0.2656 0.3027 0.2165 0.3767
7 0.2367 0.2687 0.2174 0.2289
8 0.0000 0.2911 0.2814 0.2434
9 0.1437 0.0000 0.2651 0.2112
10 0.0001 0.0000 0.0000 0.0000
11 0.2200 0.2618 0.0001 0.0000
12 0.0000 0.0000 0.2716 0.3745
13 0.0001 0.0000 0.0000 0.0001
14 0.0000 0.0000 0.0000 0.0000
15 0.2412 0.0000 0.0000 0.0001
16 0.0000 0.2202 0.0000 0.0000
17 0.0000 0.0000 0.2619 0.0001
18 0.0001 0.0000 0.0000 0.2888
19 0.0001 0.0001 0.0000 0.0000
20 0.0000 0.0000 0.0000 0.0001
21 0.0001 0.0001 0.0000 0.0000
22 0.0000 0.0000 0.0000 0.0000
23 0.0000 0.0000 0.0001 0.0000
24 0.1777 0.2678 0.2423 0.0000
25 0.1767 0.2981 0.3447 0.0000
26 0.2156 0.0000 0.0000 0.0000
27 0.0000 0.0000 0.0000 0.3130
28 0.0000 0.0001 0.0000 0.0000
PLS model is further used to predict the concentration of PAHs in the
six samples of validation sets. The predicted concentrations of each of
the nine PAHs present in the validation set are reported in Table 8.
The RMSEP value obtained for the unfolded-PLS model for each of the
nine PAHs are summarised in Table 5.

The statistical parameters for both MCR-ALS and unfolded-PLS
models are comparable. This clearly suggests the proposed approach
of implementing the MCR-ALS analysis allows simultaneous sensing of
nine PAHs in the aqueous mixture without involving pre-separation
step.

4. Conclusion

In the present work, a novel approach that is based on the random
initialisation of the EEMF spectral variables assisted MCR-ALS analysis
for the simultaneous quantification of several polycyclic aromatic hy-
drocarbons (PAHs) in water samples without pre-separation is success-
fully introduced. The proposed approach is successfully demonstrated
and tested by designing a calibrations set that is peculiar in many
sense. The peculiarity arises because (i) the calibration set consist of
nine PAHS having significant spectral overlap, (ii) the concentration of
each PAH in different samples are kept constant and (iii) any two sam-
ples differ only in the presence and absence of the PAHs. The results of
proposed approach are also successfully validated using the unfolded-
PLS analysis. In the present a parameter called similarity index is also in-
troduced that automatizes the assignment of MCR-ALS retrieved
s (PAHs) in all the 28 samples of calibration set.

lene Chrysene
μg/mL

Pyrene
μg/mL

Ideno(1,2,3-cd)pyrene
μg/mL

Anthracene
μg/mL

Benz(a)pyrene
μg/mL

0.1718 0.1702 0.2989 0.1605 0.2252
0.2631 0.1989 0.2328 0.1856 0.2156
0.2250 0.2051 0.2689 0.1890 0.0000
0.0000 0.2327 0.1885 0.1719 0.2289
0.0001 0.0000 0.2619 0.2232 0.1745
0.0001 0.0000 0.0000 0.2287 0.0000
0.1885 0.0000 0.0000 0.0000 0.0000
0.2267 0.2647 0.0000 0.0000 0.0000
0.0000 0.0000 0.2356 0.2256 0.0000
0.0001 0.0000 0.2915 0.1978 0.2358
0.0001 0.0000 0.0001 0.0000 0.0000
0.0000 0.0000 0.0000 0.0000 0.0001
0.2147 0.2023 0.0000 0.0000 0.0000
0.0000 0.0000 0.3115 0.1982 0.0000
0.0001 0.0000 0.0000 0.0000 0.0000
0.0000 0.0000 0.0001 0.0000 0.0000
0.0000 0.0000 0.0001 0.0000 0.0000
0.0000 0.0000 0.0001 0.0000 0.0000
0.2426 0.0000 0.0000 0.0000 0.0000
0.0000 0.2159 0.0000 0.0001 0.0000
0.0000 0.0000 0.2836 0.0001 0.0000
0.0000 0.0000 0.0000 0.1656 0.0000
0.0000 0.0000 0.0000 0.0001 0.1898
0.0000 0.2678 0.2267 0.1493 0.0000
0.0000 0.0000 0.0000 0.1664 0.0000
0.2915 0.0000 0.2256 0.2802 0.0000
0.2342 0.2398 0.0000 0.0000 0.0000
0.0001 0.2423 0.3442 0.1903 0.2674



Table 8
Unfolded-PLS analysis predicted concentration of all the nine polycyclic aromatic hydrocarbons (PAHs) in all the 6 samples of validation set.

Sample Fluoranthene
μg/mL

Dibenz(ah)anthracene
μg/mL

Benz(b)fluoranthene
μg/mL

Benz(ghi)perylene
μg/mL

Chrysene
μg/mL

Pyrene
μg/mL

Ideno(1,2,3-cd)pyrene
μg/mL

Anthracene
μg/mL

Benz(a)pyrene
μg/mL

1 0.1777 0.2928 0.2564 0.1861 0.2384 0.2135 0.3223 0.1898 0.3200
2 0.2308 0.1789 0.2323 0.2197 0.2663 0.0001 0.0000 0.0000 0.0000
3 0.2119 0.0000 0.2555 0.1945 0.3206 0.1789 0.2129 0.0001 0.0000
4 0.1645 0.1895 0.1617 0.0000 0.0000 0.0000 0.2236 0.1182 0.2898
5 0.2365 0.1365 0.2365 0.0001 0.2108 0.1567 0.2487 0.0001 0.0000
6 0.0000 0.0001 0.0000 0.0001 0.2162 0.2698 0.0000 0.2115 0.2105
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spectral profiles to the analysed PAHs. Various calculated statistical pa-
rameters such as R2, RMSEC and RMSEP are found to be well within the
accepted limits that also shows indicate proposed approach has analyt-
ical potential and can be used to simultaneously quantify several PAHs
without involving any pre-separation step. To summarise, the present
work provides a simple and cost-effective procedure for simultaneous
analysis of several PAHs in water samples. The proposed approach
could be very useful in developing countries.
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