| $£49% F 21 H/2022 £ 11 A/HEEE

HETHOEE B i SRR AN F T 2550

IR, FEH

EOCHE TR 22 B 24 B, Widk I 430070

BE  FABOLE S & F 6 HOR (LIBS) 455 ) LI A # 28 P 45 (GRNND 553k 6 AN 8] 2850 /9 B B S 64T T 4%
RPN . E SRR T ORIE Y OB R Y LIBS JG RSB T P R AR E BT R AR R L T
GRNN Jp28#inl  Z5 50 IR L X LIBS S6 i Bk AT A 2050 B9 $2 BB 5 D O 8 i A A8 3, S 45 S AR i) B i i i 9
16.31 s A5 S 28 0.36 s, A T ARALIF SRR B PERE . 0 D i BOR HEAT T )0 — fl b BE L TR T 25 (R BE B8 0 R T S Ot
WS E RGBT (PCAYHEAT T B4 e 4t 7E R IEA B R M 1 B0 0 a0 42 20 0 000 1E Ay % W] LUK 3 100 %6, °F

BT 3R 99. 74% . LI R RN, LIBS #iAR LA GRNN 4250 0 Be 05 52 30 H P % 10 A 380 o 24
XER  LIGY WOLESEIOLIEER: BARE; 22 T XEIAM MY s

FESERS 0433.4 XEARERL A

1 5] B

H W& 8 T80k %, 2 LAEE + oy 250k, L
FAls R AR B SR Ry ) L 220 T L A R L BT BB
5 T AR Y 7 L 5N A TR A R R T )
3 LR ERE B 0 H O & ok 3 A b i
RUE L DX I [R) ™ b 1) B e A Bl Tk A B
i T . B RS A M RE S 32 B A i T RS, AN b AR
T BE USRI 2R A L BRI Z Ak iR R 2
EREERKNES . W& R 2 AN ] R 4%
P BB R A R R R R & T BCH R
i b e AL 2R A B Y, R R O B+
AR 2 W B R BT A AR R A AR i
B 6T B 0 A A 2 W A AR AR N A i
A BERAR TR & AP X e — e R b it TR e
B G = T2 e 2 5% .

TR 2% E TR T HHBENIIR. R
B R I 7 32 A R IO 5 s CAAS) FITKCHE it T
WO L (FAAS) ZE T, i #6053k P A AR 40 B 2
BREIR., WOLH S & 50k AR (LIBS) A & 4
B it FOLAh o AR R ) R R, AT AR R IR AT 2
JUE [R AR LR A BT A A . B &8k 12 i H F ARl it
2 OR 4 BT S,

LIBS 45 A © i FH - B 2 s 7 1, {8 DA+ B
e AN I G WSSl R i R k= U A o 3
— A . Oreste % RO A S5 8 FK 5 LIBS

DOI: 10.3788/CJL202249.2111001

G54k E M EER TR ESE .

T A LIBS # ARG H P &, o H O
P20 D= M, ELRE S XS [R] 7= M AN [R) 28 591 %) B i kA 7
B RLX 3 AR S8 O [ 7= i iy 4 28 B 8wl 5, 1
LIBS # AR KBCT By Bt f g B, 8@ sr 77 Xl a2
W 4% (GRNND 40 28 BR800 I X A% R R A7 1 P Ak etk L 52
BT H B A R 25 B UE T LIBS 4R B
FF R &SR T, FIA LIBS $ K 48 B p % #
i AN TR G2 AR B A B T X 43 B 38 A 25 00 AR A T 7=
i L XS PR A P B 4R R EH .

2 SLIG R

2.1 #E

B LIBS SE5 -4 i 1 R R O6 B
KN 1064 nm ., HEZ W FE K 1~10 Hz, bk o 5 F
7 ns B9 Nd: YAG BOGE R #0E G, BOG A8 & 5
Y RE K P OB 22 457 I B B A R BT, 3R A 5T )
FERE R 50 mm AR AEBE B L VE T RCE 7R R A 5
FES LR RER PR A TR, S TR R
FERG RGIUE DL R AL i 26 OB il &
il 24 200~870 nm, 73 HEHE N 0.09~0. 13 nm, /N
SYEFIRIA 30 ps) H L I HRL far #5455 18 (CCD) #5830 %
TSR . THIA ML SO0 S B AR L o B A B
WOC A% 56T GE 1 B 2R A A S BRI A o
2.2 B¥

T ARIE A M b (SNRO {4 35 K2 2 HLAb 78 %8¢ 5 7K

KB . 2022-01-06; f€E HE: 2022-03-02; A BH . 2022-03-08

E£WAB . HER2EE4S (41504070)
BIE1EHE . “lyingqi@whut. edu. cn

2111001-1



£ 49% £ 21 /2022 £ 11 B/ EEHE

45° mirror
45° mirror

Nd:YAG laser .

focusing
lens

DG645
collector
|/ plasma
I [ s C;
sample
=

B 1 LIBS Lg% R E A
Fig. 1 Schematic of LIBS experimental device

L WA T AL S HO R . GG ASKE I IR ) X S
WA ECR . LIBS Jeib 0 46 (5 5 515 s s
PIER 3 75 55 B 1 A8 i) 399, A 5 ZU Y i 22 RO
T 23 T B A D T R G A B R 3 2 9 R R
Ul Ji 5 2 S AR i 0TI A LI . O T A Y A
R P[] 5 B e, D T 2 A ) = Y SNR; 5 DG 35 AL 1Y
JE I I I 18 e U A S R R 2k B SR R . B
PR O AL 5 O A% 22 18] (4 42 I 1) 8] 7T LA s A 45 2
TURIE w0 9 Y 3% 22 5O S, AR A B Y
SNR., HOLHE & 1 K/t X S50 25 3R A B 2 52w,
ArOGRE B kN N TEVE A RO . B SNR 23 BE UG
B H2E 10 18 i 0 T 5 HOG RE R L S R
78 2% 1 RR AIE i 2 5 B 2ok ey o R I ) 5 R 1 RE A 2 X
OGS S0 . AT 1R 5256 Fi . A ] 42 ) 22 3 0k
ZRCHEAT I B, 206 B B OIS B 3 B [E] 2 30 pes s
JEMS IF B O 1 s, WOE I A 1 Hz, JOGRE & N
200 m],
2.3 LHKHEM

S i PR HR B R R A A T P A R AR Y
R, I 4 J5, B8 10 A i 40 MEERY .
Hb 5300 Ay 1) i A T B T L TR A N T VO A O M
7T VG A ST L 2 0 [ BRI B 8™ X . BT AT
o i 280 T R TR A A Ak L e 8 T R il o L

22TV A B R ok AR BUZAE B 9 LIBS i,

kT SRR Y R N GE N L A BES R A b
BEMLIEFE 5 A ) A9 7 B IR Rl 8 4D g 470k . B
ANBLE I 5OV, B U R R IBGZ A B 5 R AR
P (0. R T ORIE 3 TR TS AN B G 45 L 7
BB AT B e X RE AR 05 HEAT 2 RO R ST T U X R R
S 1) ik of O BE AR FH 7R B L BRI 4. 2K, 40 BBl
PR AR EUE 1000 ZH %8 B .

3 4TSI

3.1 GRNN EEHEEBAN

S TR o3 SRR s B T SC [T O A 6 X g
o 35 T A e [ 0 A 1 s R 0 R g A R
A Z RS2 R R B 2 A5 38 pR BN
g, GRNN HA R4 iz b, H B E KA
AR VIR RE AT, BRI Sk B A0 1B =M
XFEE/IN

S SR FH AN 6] 9 D i SR i A AT XS B . B —
A B B SR Hh RS U KV LN Y R SO i A R, St
13335 M5 AR E R MM ERIK EE TR
FIRFERELE 4L % . T LIBS Y6 i 4 I K 78 3578
BT B o, XF 30 LIBS 63 B4 v 47 4 38, N
T AR R KBBR8 & 5] A — S8 TR 3, 52 4
MR AL, B AR T LIBS FiAR B0 H 8 A
T A o0 AT T LR e RS R A A T Ak SR A B A
Ve e ) 26+ S AR W 2 2 22 R AR ILAE Fe. Mg, Si.Ca,
Ti.K AL fl Na FFn 2 & L, FEMERAKTE S
BARE AR IR MR Lot A B R 22 5, T L
MR LIBS Y ik v i 1 4k 58 28 5 0 & A9 A 6 LA R &
W, FRIERE R E R EE A NS R e A IR
HRAE LIBS Y3, 76 9¢ B bR i 5 AR WF 75 Bt (NIST) (1) 5
TOE IS EOHE B b 0 BE OB SRR AR S 4L et 43 & K
WL T . AR AE 15 S 1% 75 22 T D)2« T 34 i 4 14 i 32 A
XTHETE Ty TSR, ANy B Wt 75 T3 5 BT 326 335 £ ) il G
5 TP 0 3R LR DA R A T R 5 R R R IR
WESEE AT Ve, 2 Tk B IR B 28 SRR IS
&k 1 i,

# 1 FETRERITIGL

Table 1 Analytical spectrum lines of major elements

Element Wavelength /nm
Mg 202.51, 230.25, 279.47, 279.77, 280. 24, 280. 18
Si 250.62, 251.37, 251.56, 252. 38, 252. 82
Ca 272.19, 393.37, 396.83, 422.74
Ti 399. 90
Al 256.76, 265.21, 266.01, 308. 14, 309.23, 394.43, 396.16
Na 330. 28
K 769. 98
Fe 208.42, 248. 28, 302.03
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Table 2 Comparison of GRNN classification results under different LIBS spectral inputs

Case 1 Case 2
Step
Average accuracy /% Time /s Average accuracy /% Time /s
Direct modeling 99. 65 16. 31 94. 90 0.36
Modeling after spectral screening 100. 00 15.67 98. 81 0.34
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Table 3 Comparison of improved GRNN classification results

Step Average accuracy /%
Direct modeling 94. 50
Modeling after spectral screening 98.21
Modeling after PCA 99. 74
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Classification of Daily-Use Ceramics Based on Laser-Induced

Breakdown Spectroscopy

Wang Yue, Lu Jingqgi
School of Science, Wuhan University of Technology, Wuhan 430070, Hubei, China

Abstract

Objective

With the economy’s development and the enhancement of people’s living standards, the need for daily-use

ceramic is increasing day by day. To meet various life scenes and requirements, there are not only low-cost products in
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the market but also high-end products. In the trend of product diversification, there exists the phenomenon of low-priced
goods being counterfeited as high-priced goods, which damages the consumers’ rights and interests. Due to the difference
in the producing area and the technology, the quality and price are set differently. It is difficult to identify with the naked
eye due to its slight difference in appearance, so we must take reasonable measurements to select and identify products
strictly.

Methods The laser-induced breakdown spectroscopy (LIBS), a fast and emerging element detection approach, has the
benefits of simple sample preparation and fast detection speed. The LIBS can be done in situ and can be employed for the
identification of various kinds of daily-use ceramics. For this purpose, LIBS integrated with a generalized regression
neural network (GRNN) is used for the classification and identification of various types of daily-use ceramics. All the 40
daily-use ceramic samples employed in this experiment are purchased from the market. The places of origin are Chaozhou
City in Guangdong Province, Jingdezhen City in Jiangxi Province, Liling City in Hunan Province, and Suzhou City in
Jiangsu Province. Before we get start, the samples are cleaned, dried, and then fragmented. The four various categories
of daily-use ceramic samples are excited using LIBS technology. It is worth noting that a non-painting small fragment
demonstrating a flat surface and without colored glaze is selected to produce the LIBS emission spectrum. LIBS spectra of
ceramic samples are separated into training sets and test sets at random. The GRNN classification model is trained using
training sets, and the test sets are employed to confirm the generated classification model.

The experiment primarily consists of two aspects: first, discussing the impact of spectral data extraction on model
effectiveness; second, optimizing the model’s performance. To discuss the impact of spectral data extraction on model
effectiveness, two spectral data inputs are proposed: the whole spectral range and various primary characteristic spectral
lines of the main elements. The ceramic body’s main elements include Fe, Mg, Si, Ca, Ti, K, Al, and Na. The main
characteristic spectral lines are screened from the National Institute of Standards and Technology Atomic Spectra
Database. Based on the LIBS spectra produced in the experiment and the screening principle of characteristic spectral
lines, 28 characteristic lines of various elements are reserved ( Table 1). To optimize the classification model’s
performance and enhance the accurate rate of recognition, the model with the set of 28 characteristic spectral lines of the
primary elements of the ceramic body as the input is improved. Before modeling, the spectral data are adjusted and then
the abnormal spectral data are excluded using the Mahalanobis distance to reduce the adverse effect of poor spectra on the
GRNN classification model. Then, the principal component analysis is employed to further simplify the LIBS spectral data.
As shown in Fig. 6, the four major factors’ accumulative contribution rate to total variation accounts for more than 95%,
maintaining most of the information, and achieving the purpose of simplifying the data. After finishing the GRNN model
optimization, the two kinds of daily-use ceramics’ average spectra from Suzhou and Chaozhou are computed, and the
difference in the various elements’ contents is discussed.

Results and Discussions As demonstrated in Table 2, the analyses show that the screening of valid data for the LIBS
spectrum can significantly increase the modeling efficiency and the speed by about 45 times. On this basis, the spectral
data are normalized, the abnormal spectra are screened out, and then the principal component analysis is employed to
optimize the network’s performance. As demonstrated in Figs. 4 and 5, the prediction accuracy of GRNN increases from
94.5% to 97.44% after being screened by Mahalanobis distance. As demonstrated in Fig. 7, the prediction accuracy of
GRNN after principal component analysis (PCA) can reach 100% . The process is repeated and the results are averaged.
The findings are summarized in Table 3, the single prediction accuracy for the second set can reach 100%, and the
average prediction accuracy can reach 99.74% after normalization, the data filtering with Mahalanobis distance and
principal component analysis. Figure 8 describes the difference between the two ceramics’ average spectra from Suzhou
and Chaozhou, the spectral line intensities of Ca, Al, K, Mg, and Si are visibly different.

Conclusions In this research, the LIBS integrated with GRNN for the classification and identification of various types of
daily-use ceramics is proposed. It has gained excellent findings. Taking the whole spectral range as the input of the GRNN
classification model takes longer time than taking various main characteristic spectral lines of the primary elements as the
input of the GRNN classification model. The model’ s poor performance is attributed to data redundancy. The modeling
speed is increased by 45 times after the screening of spectral lines. On this basis, spectral data are normalized, abnormal
spectra are screened out using Mahalanobis distance, and then the principal component analysis is employed to optimize
the network’s performance. The accuracy of classification is further enhanced. On all these counts, the correct
classification of daily-use ceramic from their LIBS spectra integrated with GRNN can be achieved.

Key words spectroscopy; laser-induced breakdown spectroscopy; daily-use ceramic; classification; generalized
regression neural network; principal component analysis
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