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Abstract
In the present work, a novel analytical procedure by integrating principal coordinate analysis (PcoA) with excitation-emission
matrix fluorescence (EEMF) spectroscopy was introduced for discriminating the commercial gasoline fuels. The PcoA technique
involved analysis of the distance matrices containing the dissimilarity information and it can serve as an efficient tool for
capturing the major as well as subtle compositional differences among the analyzed commercial gasoline samples. The utility
of the proposed PcoA assisted EEMF analytical procedure was successfully tested by discriminating gasoline fuel samples
belonging to five different industrial brands. The obtained results clearly showed that combination of PcoA and EEMF could
provide a simple, sensitive and economical analytical procedure to carry out the rapid analyses of the gasoline samples belonging
to different brands.
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Introduction

Gasoline is a petroleum-derived product and mainly used as
fuel for the internal combustion (IC) engines [1–3]. The com-
position of the gasoline samples apart from the refining pro-
cesses are also heavily influenced by the geographical and
environmental factors [1–4]. The usage of low grade or un-
specified gasoline as a fuel can significantly reduce the per-
formance as well as longevity of the IC engines [1, 2, 4]. It can
also increase the emission of greenhouse gases causing the
global warming [1, 2, 4, 5]. It is important that a simple,
sensitive and cost effective analytical procedure must be avail-
able that could routinely be used for classifying different types
of gasoline samples.

Gasoline is essentially a mixture of alkanes (CnHn + 4,
where n is usually 5–12) [6]. It also contain a number of
polycyclic aromatic hydrocarbons (PAHs) in varying con-
centrations [4, 7]. The PAHs have the rigid molecular
framework making them highly fluorescent in nature [4,
8, 9]. The presence of PAHs allows fluorescence based
analysis for the gasoline samples. Excitation-emission ma-
trix fluorescence (EEMF) spectroscopy is multidimen-
sional fluorescence technique that allows the simultaneous
visualization of the fluorescence response of the mixture
of fluorophores in a single three-dimensional plot [3,
10–12]. EEMF spectroscopy describes the variation of
the emission spectral profile acquired as an increasing
function of the excitation wavelength and vice versa.
EEMF can serve as a useful technique to fingerprint the
samples [3, 10–12]. EEMF spectroscopy has been suc-
cessfully used as an analytical tool in different fields in-
cluding pharmaceutical, food, agriculture and petroleum
[3, 10–24]. The successful usage of EEMF technique
could mainly be attributed to the availability of user-
friendly software that enable acquisition of the data in
an automatic and swift manner [25]. The modern software
also enable the removal of Rayleigh scattering signals at
the data acquisition stage without asking for user inputs
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[25]. The EEMF data sets have the trilinear structure that
also allowed its assimilation with various chemometric
techniques [3, 13, 25].

Principal coordinate analysis (PcoA) belongs to the class of
multidimensional scaling technique that involves projection of
the data set in an abstract space spanned by a set of Cartesian
axes [26–31]. The projection of the data in orthogonal space
simplifies the data set and subsequently makes the data inter-
pretation easier [26–31]. In PcoA, the distance among the
samples in the orthogonal space directly reflect their relation-
ship among each other [26–31]. All the samples with similar
characteristics would appear in close proximity of each other
and can easily be grouped together. Theoretically, a great re-
semblance could be seen between PcoA and principal compo-
nent analysis (PCA) [32–34]. Both the approaches involve
Eigen analysis i.e. computation of Eigenvector and Eigen
values [26–34]. However, the difference mainly arises from
the fact that PCA involve Eigen analysis of covariance matrix
whereas PcoA involve the Eigen analysis of the user-specified
distance matrix containing the dissimilarity information
[26–34]. As PCA is based on covariance matrix, thus it could
be considered as a method of choice for analyzing the data sets
of the samples belonging to specific groups.Whereas, PcoA is
based on the distance matrix, thus, one can easily argue that it
could be a method of choice to capture the major as well as
subtle compositional differences among the analyzed samples.

PcoA assisted EEMF spectral analysis can serve as a useful
and cost-effective analytical technique for the analysis of the
real life samples such as gasoline. However, for unknown
reasons the analytical utility of PcoA-EEMF has not been
explored hitherto. The present work explore the advantages
associated with PcoA and EEMF technique towards the anal-
ysis of gasoline samples belonging to different brands having
minor to significant compositional differences. To the best of
our knowledge, it is the first report that describe the applica-
tion of PcoA assisted EEMF analyses for the discrimination of
gasoline samples.

Material and Methods

Gasoline Samples

Two type of gasoline samples G98* and G95* for each of the
following four brands apeck, hypco, total, wardiyeh and
medco were procured from the local vendors in Lebanon.
These two type of gasoline mainly differ in the ethanol per-
centage. The G98 contain 2% ethanol whereas G95 contain
5% ethanol. The G98 sample was further diluted using the
ethanol to create another set of 11 samples labelled as G97,
G95, G90, G88, G85, G83, G80, G77, G75 G72 and G70 for
each brand type. The G95 and G95* differ in the sense that
G95 is created in the lab and the G95* come from the refinery.

These two kind of samples for each brands were also included
to see if the proposed approach can also discriminate G95*
and G95 containing same amount of ethanol.

Data Acquisitions

The 3D emission and excitation measurements were using
Jobin-Yvon-Horiba Fluorolog III fluorimeter and the
FluorEssence program. The 100 W Xenon lamp was used as
excitation source. The R-928 operating at a voltage of 950 V
was used as the detector. The EEMF spectra were collected
over the excitation-wavelength range of 250–550 nm (in a
step size of 10 nm) and emission-wavelength range of 300–
650 nm (in a step size of 2 nm).

Computational Platform

All the analyses and EEMF data arrangement were carried out
on MATLAB 2017a platform.

Results and Discussion

EEMF Characteristics of apeck, hypco, total, wardiyeh
and medco Brands

The EEMF spectra of G98* sample for each of the five brands
apeck, hypco, total, wardiyeh and medco are shown in Fig. 1.
All the five gasoline types were mainly found to show the
fluorescence in the excitation wavelength range of 300–
450 nm and emission-wavelength range of 320–500 nm.
The EEMF spectra clearly suggest that samples of each of
the five brands are highly fluorescent in nature.

Working Scheme for Carrying out PcoA on EEMF Data
Sets

In the first step, the Rayleigh scattering eliminated EEMF data
sets of the samples must be arranged in a three-way array X of
dimension emission-wavelength × excitation-wavelength ×
sample. The data should further be unfolded along the sample
mode (i.e. the third mode) to generate a two-way array X of
dimension sample × (emission-wavelength× excitation-wave-
length). As discussed above, input for PcoA is a distance
matrix containing the dissimilarity values. Thus, in the second
step, a distance matrix D of dimension sample × sample must
be created using a suitable method, some of the commonly
used approaches are Euclidean, Spearman, Chebychev,
Manhatan etc. [35]. In the third step, a squared proximity
matrix A of dimension, sample × sample, should be obtained
by squaring each element of matrix D. It helps in magnifying
the significant dissimilarity values between the samples. In the
fourth step, a matrix Y of dimension, sample ×sample, must
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be obtained by subjecting the matrix A to Gower centering
[27]. It essentially helps in positioning the origin of a new set
of axes at the centroid of scattered samples and simultaneous-
ly preserve distances among the samples. In the fifth step, the
matrix Y should be subjected to the singular value

decomposition (SVD) [33, 34] and the column of the right
singular matrix that contain all the relevant information re-
garding the sample composition could be plotted to create
PcoA plots. As discussed earlier, all the samples with similar
composition in PcoA plot will appear in close vicinity of each

Fig. 1 EEMF spectra of (a) apeck, b hypco, c total, d wardiyeh and e medco type gasoline samples (G98*)

Fig. 2 Unfolded-EEMF spectral
profiles of the gasoline samples
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other. The steps 2–5 dealing with PcoA can be easily summa-
rized using Eqs. 1–4.

D ¼
d11 ⋯ d1 j
⋮ ⋱ ⋮
di1 ⋯ dij

2
4

3
5 ð1Þ

where dij is the element of matrix D, describing the dissimi-
larity value between the ith and jth samples or in other words
the ith and jth row of the matrix X. The dij values are calculated
using a suitable distance matric approach.

A ¼
a11 ⋯ a1 j
⋮ ⋱ ⋮
ai1 ⋯ aij

2
4

3
5 ð2Þ

where aij (=− 0.5 dij
2) is the element of matrix A, describing

the square proximity between the ith and jth samples

Y ¼
y11 ⋯ y1 j
⋮ ⋱ ⋮
yi1 ⋯ yij

2
4

3
5 ð3Þ

where yij (= aij - ac - ar -ao) is the element of the matrix Gower
centered matrix Y and ac, ar and ao are the column wise, row
wise and overall mean of the matrix A. In Eqs. 1–3, i ∈ [1,I]

and j∈[1, I].

Y ¼ USVT ð4Þ
where U, S, and V are the left singular matrix, diagonal matrix
containing the singular values and right singular matrix,
respectively.

Application of PcoA on EEMF Data Sets of Gasoline
Samples

EEMF data sets for all the 65 samples belonging to four
brands were arranged in a three-way array of dimension
176 × 31 × 65 (emission wavelength × excitation wavelength
× samples). In the next step, three way array was unfolded
along the sample to generate two array of dimension 65 ×
5456 (sample × (emission wavelength × excitation wave-
length)). The unfolded-EEMF spectral profiles for each of
the 65 gasoline samples are shown in Fig. 2.

In the next step, the distancematrixD of dimension 65 × 65
(sample × sample) containing the dissimilarity values dij be-
tween the ith and jth sample was obtained using Eq. 1. Each
element dij of matrix D was calculated using Chebyshev dis-
tance matric approach [35] summarized using Eq. 5

Fig. 3 The amount of variance
explained by each component
against index plot. It suggest that
PcoA model developed with first
three components must be
sufficient to capture the
differences in the analyzed
gasoline samples

Fig. 4 PcoA plot comprised over
PcoA1, PcoA2 and PcoA3 was
successfully found to classify the
gasoline samples in four groups
(Group 1, Group 2, Group 3,
Group 4 andGroup 5). TheGroup
1, Group 2, Group 3, Group 4 and
Group 5 were found to contain the
gasoline samples of apeck, hypco,
total, wardiyeh and medco
brands, respectively
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dij ¼ max
�
xi1−x j1
�� ��; xi2−x j2

�� ��;…………: xik−xjk
�� �� ð5Þ

where xik and xjk are the k
th variable of the ith and jth sample

(i.e. ith and jth row of matrix X). Chebyshev distance is also
known as the maximum value distance; it essentially exam-
ines the absolute magnitude differences between all the vari-
ables for a given pair of samples. In the next step, the square
proximity matrix A of dimension 65 × 65 was obtained using
the Eq. 2. The square proximity matrix was further subjected
to Gower centering to obtain double centered Y matrix of
dimension 65 × 65. The Gower centered matrix Y was further
subjected to SVD analysis and the left singular matrix U,
diagonal matrix D containing the singular values in the de-
scending order and the right singular matrix V was calculated
using Eq. 4. The optimization of the number of right singular
vectors required to capture all the major variance of the data
set is another important step. In the present work, it was
achieved by plotting the variances associated with each singu-
lar vector against the indices. In the plot, the index beyond
which the addition of new singular vector do not increase the
variance appreciably is identified and it could further be taken
as optimum for PcoA. The variance associated with a given
singular vector can be calculated using the Eq. 6.

variance %ð Þ associated with ith singular vector

:
si;i

∑I
i¼1si;i

� 100 ð6Þ

where si,i is the i
th diagonal element of the diagonal matrix S.

The variance versus index plot, shown in Fig. 3, clearly sug-
gested that first three singular vectors describing more than
95% variance is optimum for capturing major as well as subtle
compositional differences among the analyzed gasoline
samples.

The next step comprised the visualization of the dissimilar-
ities in PcoA plot that was generated by plotting columns first
three columns of the right singular matrix V. The PcoA plot,
shown in Fig. 4, clearly indicated that analyzed gasoline sam-
ples mainly belong to the five groups. Group1, Group2,
Group3, Group4 and Group5 were found to contain the gaso-
line samples of apeck,, hypco, total, wardiyeh and medco
brands, respectively. It could also be seen within group vari-
ations for Group 1 and Group 4 are much higher than those
observed in the case of Group 2, Group 3 and Group 5. It
suggested that fluorescence intensities of the apeck and
wardiyeh brands are quite sensitive to the ethanol dilution.
Nevertheless, PcoA assisted EEMF analysis clearly

Fig. 5 The Shepard analysis
clearly demonstrates the diagonal
(i.e. linear) relationship between
the distances among the samples
in the original space and the
distances among the samples in
the PcoA model. It clearly shows
that despite the compositional
complexities of gasoline samples
PcoA has successfully preserved
the all the dissimilarity
information of the original space

Fig. 6 The calculated and
measured ethanol (%) in different
samples of Group1 (apeck),
Group 2 (hypco), Group 3 (total),
Group 4 (wardiyeh) and Group 5
(medco) brands
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discriminated the gasoline samples based on their brands. The
G95 and G95* samples for each brand type were also clearly
marked in PcoA plot. It showed that the proposed approach
can also successfully discriminate if the samples (G95 and
G95*) were prepared in the laboratory or comes directly from
the refinery.

The next step involved the verification of the fact that
whether PcoA has retained the original dissimilarities among
the analyzed samples. It was verified by performing the
Shepard analysis [27, 30] that involved plotting the original
distance against the distances between the samples in PcoA
model. The Shepard plot obtained for the present case, shown
in Fig. 5, clearly indicated a diagonal (or linear) relationship
between these two distances in different space despite the
compositional complexities of the gasoline samples. The
Shepard analysis verified that developed PcoA model has
substantially simplified the data sets while preserving all rel-
evant dissimilarity information.

Detection of Ethanol Content in Different Samples of
apeck, hypco, total, wardiyeh and medco Brands

The unfolded-EEMF data sets for each of the five brands were
arranged in five matrices of dimensions 12 × 5456 (sample ×
(emission wavelength × excitation wavelength)). The ethanol
concentration (%) in different samples of each brands were
arranged in a matrix of size 12 × 1. It is to be noted that G95*
sample was omitted from the analysis from each brands be-
cause it was found to have different fluorescence characteris-
tics compared to those obtained from dilution of G98* sample.
The unfolded-EEMF and concentration matrices for each
brands were subjected to PLS analysis [33, 34] with three
factors. The developed PLSmodels for each brand were found
to explain more than 99.9% variances of spectral and concen-
tration data matrices. The measured and calculated ethanol
(%) were plotted against each other, shown in Fig. 6. The
regression equations and square of the correlation coefficients
(R2) for each brands are also reported in the Fig. 6. The ob-
tained results clearly showed that despite the differences in the
dilution effect on fluorescence intensities as observed in each

gasoline brand, it is possible to detect and calibrate the ethanol
concentration.

Comparing PCA with PcoA for the Analysis of EEMF
Spectral Data of Gasoline Samples

To demsonstate the potential advanatges that one could
achieve by caarying out PcoA, the obtained results were fur-
ther compared with those obtained from unfolded-EEMF data
sets of PCA. A three componenet PCA model was developed
that was found to describe more than 95% variacnes of the
spectral data set. The PCA score plot comprised of first three
principal componenets PC1, PC2 and PC3 are shown in
Fig. 7. It can be seen that developed PCA model successfully
disriminated the gasoline samples of the apeck (Group 1) and
wardiyeh (Group 4) brands whereas it completely faild to
disrminate the gasoline samples of hypco, total and medco
brands. One can clearly see that unlike PCA, the PcoA model
can capture both major as well as subtle compositional differ-
ences among the analyzed gasoline samples belonging to dif-
ferent brands. The better discrimination achieved using PcoA
can be attributed to the fact that it is based on the distance
matrix containing the dissimilarity values and attempts to cap-
ture major as well as subtle compositional differences while
retaining their true relationship in the original space.Whereas,
PCA uses covariance matrix as the input and attempts to ex-
plain maximum variation of the data sets with as few compo-
nents as possible.

Conclusions

In the present work, a simple, sensitive and cost-effective
analytical method was proposed by combining PcoA with
EEMF spectroscopy for discriminating the gasoline samples
belonging to different industrial brands. PcoA approach in-
volved the Eigen analysis of the distance matrix containing
the dissimilarity information and therefore it can successfully
capture even the subtle compositional differences. The utility
of the proposed PcoA and EEMF based analytical approach

Fig. 7 PCA score plot comprised
over first three components PC1,
PC2 and PC3. PCA model clearly
failed to discriminate the gasoline
samples
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was successfully demonstrated by discriminating the gasoline
samples belonging to five different brands. The PcoAwas also
found to perform better than PCA approach towards the anal-
ysis of gasoline samples.
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