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Table 1 The typical study on the analysis of alloying elements by LIBS technique combined with ANN model
BaRR TLHFE ANN #5 7 BRI 2% 3k
Tk 40 CCI) 247.86 nm GA-BPANN TE R AR ARk 2k T4k [20]
s A AW - A GA I FEIBFEA H AR TR 1 RHAE 135 £ 0 B
A28 Cus v GAANN . BT ANN 4MH R L2
" ) o JH B AR AR 0 2 2 1% 425 % e Ui 25 bp
Y UN . A Y
i 5 Crs Ni T VSR sty % ps TR M BT [22]
e . B S AR B T AT M
PIZE ANN P3| 3% 2 08 B 5 45 8 TR S 5L
LR v Ni BPANN ZI AR, il T OGBS A (23]
BN A
Cu (324. 75 nm; 327. 39 nm) LA ELM (¥4 t 2 SRR 114 0] J5 (SVR) fif A
F bR EE NPV oo ELM-SVR PR GBI, fift g ELM AR 18 2 805 1) [24]

Sn (303. 41 nm; 326. 23 nm)

AR, T E A A AT Y TR
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SR Ik - X ERL R A, R ST T sk
fREMERT, © 2 & BN — T 2Bk 1T % . Roh % F| ] PCA
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Fig. 3 Fs-LIBS combined with ANN flow chart
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for plastic classification
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Table 2 Typical studies of LIBS technology combined with ANN model to detect soil metal content

TLE ANN H 7 AR R FE AR EEPE N
K CNN 2 B4 I AE 3R R AR R B4 B IRD 43 B LIBS B9 4 B Ry=0.996 8; RMSEy=0.078 5 [32]
Cd BPANN STk ik X . (356. 29~346. 93 nm) Rc=0.999 9; Rp=0.981 5 [33]

T3 28 5 % 4 X Ji] . ~ ;
Pb. Cd ppANN  TPTHECG I (346, 29~346. 95 nm) 5 Rp=0.995 3; RMSEp=0. 145 2
(405. 43~406. 17 nm)
" - . B B L S
Ag BPANN BAR G — 3 A — T H A R B BE . H R X Ry=0.999 95 ppm % [34]

ik

HE: R: REREG RMSE: WIUrfiRzE; C. RfEfE; V. Wik P. BUlE

Note: R: Determination coefficient; RMSE: RMS error; C: Calibration set; V: Verification set; P: Prediction set
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Fig. 4 Flow chart of LIBS data analysis for identifying
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Application Progress of Artificial Neural Network in Laser-Induced
Breakdown Spectral Data Analysis
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Abstract Laser-induced breakdown spectroscopy (LLIBS) has the advantages of real-time, rapid, and multi-element simultaneous
detection. It has attracted more and more attention in recent years and played an essential role in online industrial analysis.
However, based on the emission spectrum characteristics, LIBS has spectral noise, baseline drift, self-absorption, and
overlapping peaks., etc. In addition, spectral stability and reproducibility are poor due to environmental changes. laser energy
fluctuations, matrix effects, and samples’ surface topography. These result in the nonlinear relationship between spectral
information and qualitative and quantitative analysis, limiting the analysis’ s sensitivity and accuracy. With the gradual
improvement of LIBS devices’ stability, LIBS spectral data analysis methods are also changing with each new day. Artificial
neural networks (ANN) can track and identify nonlinear characteristics, adaptive learning of LIBS spectral characteristics,
screening out interference information. and its application in LIBS data analysis has been rapidly developed. This paper
introduces the principle, instrument structure, and working process of LIBS and common neural network model in the field of
LIBS spectrum analysis, summed up the LIBS in 2015—2020 in combination with the common ANN model in geological, alloy
and organic polymer, coal, soil and biological areas such as the specific application. It pointed out that ANN’s super ability in
the field of data analysis can effectively improve the LIBS analysis accuracy and improve the utilization rate of spectrum data,
reducing the spectrum collection and environmental requirements. Given the technical difficulties that still required broken
through, ANN’s development prospect in LIBS spectral depth information mining, portable special equipment development,
technology combination, and other aspects has prospected. LIBS is becoming more and more mature, but data analysis of this
technology still has a broad space for development. This review can provide a reference for the application of machine learning in

LIBS data analysis.
Keywords Laser-induced breakdown spectroscopy; Artificial neural network; Data analysis; Application
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