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Table 1 Oil samples concentration
Sample Concentration/(mg * mL™1)
Q 0.1 0.2 0.5 1 2
C 0.1 0.2 0.5 1 2
H 0.1 0.2 0.5 1 2
R 0.1 0.2 0.5 1 2
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Fig. 1 Original fluorescence spectrum

of a gasoline sample
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Fig. 2 Fluorescence spectrum of gasoline
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Fig. 4 Identification of abnormal samples
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Fig. 5 Residual figure of components

2.2 EF PLS-DA Bk AR5

1 %5, FIH Kennard-Stone SR B % £ 5 0505 Bl Ax 9 74 4
BEAR R 43 R B IEREAR (n=60) FIFMAE A (n=14>, SR )5 FI H
PLS-DA %5 IF B A HE 17 g, 72 4t o7 PLS-DA £ 1 51 8
T I 28 SC 36 TE 2 42 0 7 A8 B (LVs) [ $iie L 58 IR iR fs



3792 Tl o 56 B #4108
6 6
03

5 5
4 4 450 0

\E 0.1

(= 3 3400

53}

0

300 350 400 450 500
Ex/nm
& 6

300

350
Ex/nm

MEHEARN =R E. EMNEHNZERNRAREURKESTE

0

400 450 500 300 350 400 450

Ex/nm

500

Fig. 6 3D fluorescence spectrum, reconstruction 3D fluorescence spectrum and residual distribution of gasoline samples

1004 o © 690
(a)

R (3,97.1)
P 90
o1
=]
S
S 804
>
=l
o
g
<
2 701
>
m

60 T T

0 5 10 15
LVs

& 7

&

0.25
®) _—
ramn
5 0.20 —6— Val
g
o
=1
£0.15
31
=
20.10
2
= 0.05 C\&
0 < B-0-0-0-6-0-0C )
0 5 10 15 20

TERERE

Fig. 7 Selection of LVs

10
(a)
5\
04
O c
O n
=) o Q
-104 R
20
20
0
0
L. W
< 207720 L
10 §
(b)
N ®
0 (<]
O O c
-54 % O H
% ©Q
-10 S R
20
40
0 20
([/ 0
? 2050 i
B8 MEHAWAINLVsBIE

Fig. 8 The first 3 LVs scores of oil samples
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Table 2 PLS-DA modeling and classification evaluation results of 3D fluorescence spectra

EEM*-PLS-DA

ConstEEMP-PLS-DA

Evaluation index

C H Q R C H Q R

CC training/ % 100 100 100 100 100 100 100 100
CC Test/% 100 50 60 20 100 100 100 100
Accuracy/ % 50 41. 67 30 —16. 67 100 100 100 100
Sensitivity/ % 41. 67 40 0 —200 100 100 100 100
Specificity/ % 100 50 60 20 100 100 100 100
F-score/ % 58. 82 44. 44 0 44. 44 100 100 100 100
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An Oil Identification Method Based on Reconstructed 3D Fluorescence
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Abstract  Oil pollution is becoming more and more frequent, which brings a serious threat to human health and the ecological
environment. Therefore, it is of great significance to study effective oil identification methods to protect the ecological
environment. Three-dimensional (3D) fluorescence spectra are one of the most effective analytical methods for oils identification.
3D fluorescence spectra data are analyzed by using second-order calibration method. And then the concentration score matrix in
the analysis results of the second-order correction method is classified by using pattern recognition, which can realize the
qualitative identification of unknown samples. However, in the process of classifying and identifying unknown samples, the
above methods only apply the concentration score matrix, which is essential to classify the unknown samples by using the relative
content difference of the chemical components contained in the samples. The qualitative load matrix is not used. that is, the
qualitative analysis of the sample is not achieved from the chemical components contained in the sample. Thus, a new
identification method for oil samples was proposed by combining the reconstructed 3D fluorescence spectra with partial least
squares discriminant analysis (PLS-DA). First, 80 oil samples were prepared by using four oils (gasoline, diesel, jet fuel and
lubricating oil) in different backgrounds (sodium lauryl sulfate solvent prepared from purified water, tap water, river water and
sea water); The 3D fluorescence spectra data of the sample was collected by using FS920 fluorescence spectrometer, and the data
were preprocessed by de-scattering and standardized; Then, the abnormal spectra data was identified and deleted by using the
Leverage value, and the remaining spectral data was reconstructed by using parallel factor analysis algorithm (PARAFAC);
Finally, a classification model of reconstructed 3D fluorescence spectra was established by PLS-DA. The classification model
established by reconstructing 3D fluorescence spectra was compared with the classification model established by unreconstructed
3D fluorescence spectra. The results show that, after the reconstruction of the 3D fluorescence spectrum. the correct classifica-
tion rates of the four oils can be increased from 100%, 50%, 60% and 20% to 100%, 100% ., 100% and 100% , respectively.
It indicates that the reconstructed 3D fluorescence spectra have obvious intra-class characteristics. The sensitivity (SENS),
specificity (SPEC) and F-scores of the classification model established by reconstructing the 3D fluorescence spectrum were
100%, 100%, and 100% , respectively. It indicates that the model established has robust and reliable analysis results. In this
paper, 3D fluorescence spectra were reconstructed by using concentration score matrix and load matrix in the PARAFAC analysis
results. Therefore, the PLS-DA classification model established by reconstructing 3D fluorescence spectra qualitatively identified
samples not only from the difference in the relative content of chemical components, but also from the chemical components

itself. Its results were convincing. This study provides a reliable method for oil identification.

Keywords Reconstructed 3D fluorescence spectrum; PARAFAC; PLS-DA; Oil identification
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