A ER- G

Chinese Optics B

THEEMHFPAHSBOLSE S AT E B ITEBIR

PO BER R ZJRRE RER] PR BRBEH AL

Study on quantitative methods of laser-induced two-dimensional fluorescence spectroscopy of multicomponent PAHs in
soils

HUANG Yao, ZHAO Nan-jing, MENG De-shuo, ZUO Zhao-lu, CHENG Zhao, CHEN Yu-nan, CHEN Xiao-wei, GU Yan-hong

FIHAL:

TS, BAEE A, A, Ao kR, FRE, R 5S, RIS, BHEAL. R PAHSHUGS B IO T k()]
FEDEA%, 2020, 13(6): 1401-1410. doi: 10.37188/C0.2020-0059

HUANG Yao, ZHAO Nan-jing, MENG De-shuo, ZUO Zhao-lu, CHENG Zhao, CHEN Yu-nan, CHEN Xiao-wei, GU Yan-hong.
Study on quantitative methods of laser-induced two-dimensional fluorescence spectroscopy of multicomponent PAHs in soils[J].
Chinese Optics, 2020, 13(6): 1401-1410. doi: 10.37188/C0O.2020-0059

TELR AL View online: https:/doi.org/10.37188/C0.2020-0059

T BRI A HAB S TR

Articles you may be interested in

BOL Sl o aik g s AL R SR
Advances in signal enhancement mechanism and technology of laser induced breakdown spectroscopy

FRE DG 2017, 10(5): 619 hitps:/doi.org/10.3788/C0.20171005.0619
VTR R AR K 2 TR RN, Y S 4T

Quantitative analysis of the surface quenching effect of lanthanide—doped upconversion nanoparticles in solvents

i DB, 2019, 12(6): 1288 hitps:/doi.org/10.3788/C0.20191206.1288
1 & N7 A i S e s ORI R ST 70 a1 S

Fast classification of tobacco based on laser—induced breakdown spectroscopy

FRE DG 2019, 12(5): 1139 htips:/doi.org/10.3788/C0.20191205.1139
BEE O S O R G LRA

Review of new type portable laser—induced breakdown spectroscopy system

HiEDEAE. 2017, 10(4): 426 hitps://doi.org/10.3788/C0.20171004.0426
HETHOEE Tl GG IR O 0] PO AL A P DR U L SR IS

Fast recognition and classification of tetrazole compounds based on laser—induced breakdown spectroscopy and raman spectroscopy

rRE DG 2019, 12(4): 888 hitps:/doi.org/10.3788/C0.20191204.0888
R DK O 75 S W SR T 2

Laser—induced periodic surface structures with ultrashort laser pulse

FiE 2. 2018, 11(1): 1 https://doi.org/10.3788/C0.20181101.0001


http://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2020-0059
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20171005.0619
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20191206.1288
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20191205.1139
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20171004.0426
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20191204.0888
http://www.chineseoptics.net.cn/cn/article/doi/10.3788/CO.20181101.0001

H13% 46 th DA Vol 13 No. 6
2020 4F 12 H Chinese Optics Dec. 2020

NEHRE  2095-1531(2020)06-1401-10

Study on quantitative methods of laser-induced two-dimensional

fluorescence spectroscopy of multicomponent PAHs in soils

HUANG Yao'**, ZHAO Nan-jing'? ", MENG De-shuo'~, ZUO Zhao-lu'**, CHENG Zhao'**,
CHEN Yu-nan'?**, CHEN Xiao-wei'**, GU Yan-hong*
(1. Key Laboratory of Environmental Optics & Technology, Anhui Institute of Optics and Fine Mechanics,
Chinese Academy of Sciences, Hefei 230031, China;
2. University of Science and Technology of China, Hefei 230026, China;
3. Key Laboratory of Optical Monitoring Technology for Environment of Anhui Province, Hefei 230031, China;
4. Hefei University, Institute of Advanced Manufacturing Engineering, Hefei 230601, China)

* Corresponding author, E-mail: njzhao@aiofin.ac.cn

Abstract: Laser-Induced Fluorescence(LIF) has become a powerful technology for quantitative analysis of
Polycyclic Aromatic Hydrocarbons(PAHs) in soils due to its fast detection speed and low operational cost,
without sample preparation. However, there are many types of PAHs in soils, and their similar structures lead
to overlapped issues in their laser-induced fluorescence spectra. It is challenging to quantify a single PAH in
complicated soil without the chemical separation. In this paper, fluorescence spectra of PAHs in agricultural
soil are obtained by a 266 nm mobile LIF system, and quantification methods are investigated for PAHs,
based on univariate linear regression, weighted non-negative least squares Multivariate Linear Regression
(MRL) and Support Vector Regression(SVR). The results show that the correlation coefficients of anthra-
cene and phenanthrene are both less than 0.90, and the average relative errors are both more than 20% by us-
ing univariate linear regression. Compared with univariate linear regression, MLR improves the prediction
accuracy of anthracene and phenanthrene in the soil contaminated with bi-component PAHs. However, the
average relative errors are still over 20% in the soil contaminated with multicomponent PAHs. Finally, a
SVR model optimized by grey wolf optimization combined with differential evolution(GWO-DE) is applied
for concentration measurement of anthracene and phenanthrene in agricultural soil contaminated with mul-
ticomponent PAHs. The average relative error of anthracene decreases from 23.1% (MLR) to 5.02%, while in
the case of phenanthrene decreases from 20.8% (MLR) to 4.83%. This study provides an efficient method to
improve the accuracy of LIF in quantifying multicomponent PAHs in soils.
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1 Introduction

Polycyclic Aromatic Hydrocarbons(PAHs)are
a group of chemicals containing two or more single
or fused aromatic rings, which are mainly generated
during the incomplete combustion of fuels and or-
ganic materials. PAHs can reach soil systems
through dry or wet deposition processes. Some of
these PAHs are from nearby sources, such as the ex-
haust gases of cars from adjacent roadways. Other
PAHs are originated from more distant sources and
have been carried through the air'l. PAHs can cause
diseases, including cancer or transgenation™!. Con-
sequently, more than ten of them are listed as pollut-
ants under priority monitoring, and their concentra-
tions are controlled by many countries and regions'*®.

PAHs in the atmosphere and water could enter into

doi: 10.37188/C0.2020-0059

the soil”®, and pollution with PAHs could become a
serious environmental issue of the soils. Jones et al.”!
analyzed soil profile samples collected from the
same plot and found that the total PAHs burden of
the plough layer (0~23 c¢m) had increased approxim-
ately four-to five-fold since the 1890s. Shang et al.!'”!
found that soils in China moderately polluted, slightly
polluted, and uncontaminated with PAHs accounted
for approximately 22.6%, 71.1% and 6.3%, respect-
ively.

Traditional analytical methods for the quantit-
ative analysis of PAHs in soils usually need pre-
treatment and chromatographic separation!'"’. These
analytical methods have the advantages of low de-
tection limits and high sensitivity. However, the pre-
treatment of samples(including extraction, concen-
tration, and purification) is complicated and costly,

some steps being possibly harmful to the operator’s
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health!"?. Fluorescence spectroscopy has become a
powerful analytical technique for organic contamin-
ants for their high sensitivity, rapid and multicom-
ponent analysis without sample preparation!*'%.
Among them, Laser-Induced Fluorescence(LIF) has
already shown excellent potential for in-situ analys-
is, which can offer real-time and non-destructive
measurement, using strong fluorescent signals emit-
ted by the excited orbital electrons of aromatic hy-
drocarbons to identify and quantify PAHs.

Some researchers have focused on the research
of PAHs detection in soils by LIF. Lee et al." em-
ployed Partial Least Square Regression(PLSR)
method and Multivariate Linear Regression(MLR)
to analyze normalized data obtained by diffuse re-
flectance. The LIF concentration data were com-
pared with those measured by High-Performance Li-
quid Chromatography (HPLC), with values of cor-
relation coefficient (R) of 0.96 and 0.90 for phenan-
threne and pyrene in artificially contaminated soil

samples, respectively. Aldstadlt et al.'”

reported a
sufficiently close match between the predicted and
measured PAHs by using PLSR analysis in Rapid
Optical Screening Tool Laser-Induced Fluores-
cence(ROST LIF) system, as this system was de-
signed for qualitative applications. Yang et al.l'”
used a 355 nm Nd:YAG laser and fiber optic spec-
trometer of thermoelectric refrigeration to detect an-
thracene in soils and established a linear relation-
ship between the concentration of anthracene and
the intensity of fluorescence. Furthermore, He et
al "™ established a laser-induced detection system,
by using 250 nm laser to improve the detection lim-
it and the linear relationship of PAHs in soils.

The matrixes of the measured soil samples are
complex, and fluorescence spectra of multicompon-
ent PAHs could often overlap. Laser-induced fluor-
escence spectra of PAHs are two-dimensional spec-
tral data, and the algorithm of analysis for such data

is called two-dimensional correction or first-order

correction algorithm. MLR is a classic two-dimen-

P11t can realize the

sional correction algorithm!
quantitative analysis of multiple components in the
system without complete separations under defined
conditions. However, the components which could
interfere in samples are unknown and complicated,
which may cause poor linearity of fluorescence in-
tensity and concentration in the sample. Therefore,
it is still difficult to accurately predict the concentra-
tion of a specific substance in complicated mul-
ticomponent systems. Support Vector Regression
(SVR)®*2Ualgorithm is a machine learning algorithm,
based on statistical learning theory, which is particu-
larly suitable for nonlinear quantitative analysis of
small sample data.

To the best knowledge of us, quantitative ana-
lysis of multicomponent PAHs in the soil with com-
plicated background has not been reported. Thus, in
the present paper, the potential of MLR and SVR as
calibration methods for multicomponent PAHs de-
termination in soils, by a mobile LIF system without
separation was evaluated. The agricultural soil
samples were collected in the field as the calibra-
tion set to test the accuracy of the MLR and SVR
model. For this purpose, the concentrations of PAHs

in a series of soil samples were analyzed.

2 Experimental methods

The schematic diagram of the LIF setup is
presented in Fig.1. A Q-switched Nd:YAG laser
(Brilliant Quantel)working at 266 nm was used as
the excitation light source, with a repetition rate of
10 Hz. The laser was reflected by the 266 nm re-
flector mirror and expanded by the beam expander.
The pulse energy was about 80 mJ, and the corres-
ponding laser energy density for the LIF measure-
ment was 0.88 mJ/cm’. The soil sample was rotated
by a rotary platform slowly to avoid the focusing of

the laser on the same area. The fluorescence emis-
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sion was coupled into an optical fiber and the LIF
spectra were detected by a spectrometer (Ocean
Maya2000pro), which enabled us to detect the
wavelength ranging from 200 nm to 1100 nm with a
spectral resolution of 0.5 nm. All of the instruments
were assembled on a mobile platform that could be

used in the laboratory or field (Fig.2).

Nd: YAG

Reflecting mirror

24|

Optical fiber

. Collecting lens [Soil sample

S E—

pe Controller

Spectrometer

Fig. 1 Schematic diagram of the LIF experimental setup

Fig.2 Photograph of the mobile LIF system

Agricultural soil samples were collected from

Tongling city, Anhui Province, China, by our re-
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search group. All the soil samples were grounded,
and sieved through 100-mesh to remove roots. An-
thracene(AN), pyrene(PY) and phenanthrene(PHE)
are among the 16 PAHs under the priority control of
the US Environmental Protection Agency””. They
were weighed, dissolved, and then added into agri-
cultural soils to prepare artificially contaminated
samples with multicomponent PAHs. For all
samples, 10 spectra were accumulated into a single
analytical spectrum to improve the signal-to-noise
ratio, and every sample was measured 10 times un-

der the same conditions to reduce measurement er-

TOor8s.

3 Results and discussion

3.1 Univariate calibration method

Fig.3(a) shows the LIF spectrum of soil con-
taminated with PY and PHE. The fluorescence char-
acteristic peaks of PHE near 365 nm and 385 nm
were significantly affected by the main peaks of PY,
and the resolution of the spectral peak was poor.
Fig.3(b) shows the laser-induced fluorescence spec-
trum of soil contaminated with AN and PY. Three
characteristic fluorescence peaks of AN(near 384
nm, 404 nm and 428 nm) were all disturbed by the
fluorescence peaks of PY, which was difficult to

distinguish.

(b)
2000

1500

1 000

Relative counts

500

Soil contaminated
with Anthrance+Pyrene

0 1 1 1 1
340 360 380 400 420 440
Wavelength/nm

Fig.3 LIF spectra of multicomponent PAHS in soils
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The fluorescence characteristic peaks used for
univariate analysis should avoid the interference of
other fluorescence peaks. Characteristic fluores-
cence peak spectral lines are shown in Tab.1, and
results of univariate quantitative analysis are shown

in Tab.2.

Tab.1 Characteristic fluorescence peaks for univariate

regression
PAHs analyte characteristic fluorescence peak/nm

AN 404

AN+PY
PY 484
PHE 347

PHE+PY
PY 484
AN 404
AN+PY+PHE PY 484
PHE 347

Tab. 2 Results of univariate quantitative analysis

PAHs analyte correlation coefficient average relative error (%)

AN 0.867 235

AN+PY
PY 0.956 14.9
PHE 0.882 24.7

PHE+PY
PY 0.961 13.0
AN 0.896 25.1
AN+PY+PHE PY 0.939 16.1
PHE 0.873 26.4

In the soil contaminated by AN and PY, the
correlation coefficient of AN was 0.867, and the av-
erage relative error was 23.5%, while in the case of
contamination by PHE and PY, the correlation coef-
ficient of PHE was 0.882, and the average relative
error was 24.7%. The correlation coefficients for
AN and PHE were 0.896 and 0.873, while the aver-
age errors were 25.1% and 26.4% in the soil con-
taminated with multicomponent PAHs.

3.2 Multivariate calibration method

The LIF spectra of PAHs could be generally re-

garded as the linear superposition of the fluores-
cence spectra of multiple components. Since the
concentration of PAHs in soils cannot be negative
values, weighted non-negative least square was in-
troduced for multivariate linear regression, which
takes into account the non-negative concentration of
PAHs and the dispersion of spectra in different
wavelengths. In order to reduce the amount and to
improve the efficiency of calculations, » points near
the characteristic peak of the fluorescence spectra
were selected to characterize the fluorescence spec-
tra of PAHs. Therefore, the fluorescence spectra of

possible PAHs in soils can be expressed as:
e =(en,n, "€,) . (D

A LIF spectrum of the sample can also be ex-

pressed as:
E=(E,E,,---E,) . (2

The contribution of each possible substance to
the fluorescence spectra can be expressed as a;, and

Equation 2 can be expressed as:

E:Zak-ek . (3

There may be a linear superposition of the
fluorescence spectrum of the substance. However,
this linear superposition would be affected by soil
properties. Therefore, a weight factor w,, was intro-
duced when using the least square algorithm. The
total error of this calculation method can be ex-
pressed as:

w (E= 0 k" Cki
yz(a’a"“ak)zzil( : Zk:]a _e ) . (4)

s
k=1 ak * Wki

The total error is a nonlinear function, which
could be solved iteratively.

Tab.3 lists the characteristic fluorescence peaks
or data points selected for multivariate regression
analysis of multicomponent PAHs in soils.

Tab.4 shows the results of MLR quantitative

analysis. As shown in Fig.4(a), the correlation coef-
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ficient of PHE in soils contaminated with PHE and
PY was 0.967, while the average relative error was
11.8%. As shown in Fig.4(b), the correlation coeffi-
cient of AN in the soil contaminated with AN and
PY was 0.975, while the average relative error was
11.7%. The results showed that the calibration ac-
curacy for soil samples could be improved by con-
sidering the influence of appropriate multivariate
lines on the quantitative analysis. It worth noting
that even with multivariate linear regression, the av-
erage relatives of AN and PHE in soils contamin-
ated with multicomponent PAHs were still over
20%. Due to the influence of soil matrix and self-ab-
sorption effects, there may be a nonlinear relation-
ship between concentrations and the intensities of
LIF, especially in the soil contaminated with mul-
ticomponent PAHs. Neither univariate linear regres-
sion, nor MLR can solve the nonlinear relationship.
Therefore, a precise calibration model was assigned
to establish the efficient quantification of the con-

centration of PAHs in unknown samples.

600

@
500

400
300 |

200 |

100 |

(@]

0 100 200 300 400 500

Predicted phenanthrene concentration/(mg-kg™)

Norminal concentration of phenanthrene/(mg-kg™")

Tab.3 Characteristic fluorescence peaks or data points

for multivariate regression

PAHs analyte characteristic fluorescence peaks(nm)

AN 384,393, 396, 400,404, 406, 408, 416
AN+PY
PY 476, 480, 484, 488, 492
PHE 345,347, 349, 361, 365, 372, 381, 385
PHE+PY

PY 476, 480, 484, 488, 492
AN 384, 385, 393, 396, 400, 404, 406, 408
AN+PY+PHE  PY 476, 480, 484, 488, 492

PHE 347,363, 365, 367, 380, 384, 385, 390

Tab.4 Results of MLR quantitative analysis

PAHs analyte correlation coefficient average relative error (%)

AN 0.975 11.7
AN+PY
PY 0.977 12.4
PHE 0.967 11.8
PHE+PY

PY 0.963 12.4
AN 0.910 23.1

AN+PY+PHE PY 0.952 15.9
PHE 0.938 20.8

2 600

o0

g (b)

=500t
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S 400 f
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2 300}
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= 100
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Fig.4 The calibration curve of PAHs by MLR

3.3 Support vector regression

SVR is a machine learning algorithm based on
statistical learning theory and has a better ability of
regression analysis by finding the best learning abil-

ity under limited sample information and structural

1331 The samples in low dimension-

risk minimization
al space are nonlinearly mapped to high dimension-
al space by using the kernel function expansion
method, and the nonlinear regression problem in

low dimensional space is solved by the linear meth-
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od in the new space. Therefore, the SVR model was
fit for dealing with small samples and nonlinear LIF
quantitative analysis, particularly. A SVR model
was established to measure the concentration of AN
and PHE in the soil contaminated with multicom-
ponent PAHs. The expression of the SVR model

could be described as follows:
C.r:f(IIsIbISs'”»In) ’ (5>

where (1,,L,1,,---,1,) is the measured spectral in-
tensity. The regression function of SVR for spectral
analysis could be expressed as:
C =f)= Z aK(I,1)+b (6
iesv)

where (SV) is the input spectral data set, «; is the
Lagrange multiplier, b is a constant. /; is the intens-
ity of the characteristic fluorescence peaks or data
points of PAHs, which can use the same data as the
MLR, while K is the kernel function. The most
commonly used kernel function is the Radial Basis

kernel Function(RBF), and can be expressed as:

K(L,Ij)ze(f%) , VD)

1 . . .
where o s an adjustable attributed parameter, also
(o

can be expressed as g.

In a SVR model, two parameters should be ad-
justed, including the penalty coefficient ¢ and the
kernel function parameter g. These two parameters
have a great influence on the accuracy, stability and
generalization performance of the model, so the op-
timization of parameters is crucial to a high-per-
formance model.

There are mainly three optimization pathways
for SVR: (1) ¢ and g are selected by experience.
This method is rarely used because it depends on
users and samples; (2) grid search optimization; (3)
swarm intelligent algorithm. The basic principle of
the grid search method is to let ¢ and g traverse all

points in the grid within a certain value range. When

the interval is large, and the step distance is small, a
global optimum can be searched. However, travers-
ing the whole grid would cause a large amount of
calculation and the ¢ obtained by this method is
large, which easily leads to overfitting and poor
generalization of the model. When the interval is
small, and the step distance is large, it is easy to
miss the optimal global solution. On the other hand,
swarm intelligence optimization is fast and random,
so it is easy to miss the optimal global solution
when ¢ and g are not in a limited range. Therefore,
grid search combined with intelligent swarm optim-
ization was used for optimizing parameters in this
paper. Gray Wolf Optimization (GWO) is an effi-
cient swarm intelligence algorithm, which was pro-
posed by Mirjalili in 2014%%, To reduce the possibil-
ity of GWO falling into a local optimum, Zhu et
al.®! proposed a hybrid optimization method com-
bining GWO with Differential Evolution (GWO-
DE). In this work, GWO-DE was used for finding
the optimal solution precisely.

Grid search method was used to search the op-
timal parameters on a large scale roughly. The para-
meters were set as follows: ranges of penalty para-
meter ¢ and RBF kernel function parameter g both
were 2 '~2'° step distance of ¢ and g was 1. Tak-
ing AN for example, as shown in Fig.5 (color on-
line), the optimal value of ¢ was 45.2548, g was
0.062 5, and the mean square error was 3.7458. Ac-
cording to the results found by grid search, paramet-
ers of GWO-DE were set as follows: population size
n=20, the maximum number of iterations N=30,
value range of ¢ and g both were 10 2~10% The cros-
sover probability was 0.2, and upper and lower
bounds of the scaling factors of differential evolu-
tion were 0.2 and 0.8, respectively.

The optimization process of parameters ¢ and g
by GWO-DE are shown in Fig.6. It can be observed
that the GWO-DE model could rapidly converge to
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the optimal solution after 5 iterations, and the fit-
ness is stable after 15 iterations. The optimal value
of ¢ was 17.707 1, while in case of g was 0.0183.
Then the SVR model with optimized parameters
was built, and it was used to analyze the concentra-
tion of AN in soils quantitatively. Fig.7(b) shows
the prediction results of AN in the SVR model. The
same approach was used to build the SVR model for
PHE in soils, and the prediction results are shown in
Fig.7(a). The correlation coefficients of AN and
PHE were 0.995 and 0.998, respectively. Compared
with the values of 0.910 and 0.938 obtained by
MLR, the results obtained from the SVR model
were closer to 1. The average relatives of AN and
PHE in the soil contaminated with multicomponent
PAHs were over 20% in MLR, while those of AN
and PHE were 5.02% and 4.83% in the SVR model,
respectively. The results demonstrated that the
measurement accuracy of AN and PHE in the soil
contaminated with multicomponent PAHs could be

efficiently improved by using the SVR model.

1000 | (2)
900 |
800 |
700 |
600 |
500 R=0.998
400 |
300 |
200 }
100 |
0-1 1 1 1 1 1
0 200 400 600 800 1000

Predicted phenanthrene concentration/(mg-kg™)

Norminal concentration of phenanthrene/(mg-kg™')

Best ¢c=45.254 8 g=0.062 5 CVmse=3.745 8

RN,

10 << . T “WMMA

10

ST —T5
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Fig. 5 The optimized 3D view for AN by grid search
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Fig. 6 Optimization process of GWO-DE model for AN
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Fig. 7 The calibration curve of PAHs by SVR model

4  Conclusions

Three different quantitative methods for LIF
spectra of multicomponent PAHs in agricultural soil
were investigated in the present paper. The results
showed that the correlation coefficients of AN and

PHE were both less than 0.90, and the average relat-

ive errors were higher than 20% by using univariate
linear regression. Considering heavily overlapped
LIF spectra of multicomponent PAHs, MLR based
on weighted non-negative least square was chosen
for quantitative analysis. This method improved the
accuracy of prediction of AN and PHE in the soil

contaminated with bi-component PAHs, but the av-



HUANG Yao, et al. : Study on quantitative methods of laser-induced ......

1409

erage relative errors were still over 20% in the soil
contaminated with multicomponent PAHs, due to
the influence of soil matrix and self-absorption ef-
fects. Finally, a SVR model optimized by GWO-DE
was applied for the concentration measurement of
AN and PHE in agricultural soil contaminated with
multicomponent PAHs. The correlation coefficients
of AN and PHE were 0.995 and 0.998, which were
closer to 1. Compared with MLR, the average relat-

S 3K

ive errors were reduced from 23.1% to 5.02% for
AN and from 20.8% to 4.83% for PHE, respect-
ively. The results demonstrated that the accuracy of
the measurement of AN and PHE in the soil con-
taminated with multicomponent PAHs could be im-
proved by using the SVR model. These results
gained through this experiment make it possible to
apply a mobile LIF system to meet the demands of
monitoring PAHs in the field.
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