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Abstract Twelve types of ores were identified using laser-induced breakdown spectroscopy combined with
the principal component analysis-particle swarm optimization-support vector machine (PCA-PSO-SVM)
algorithm. A Savitzky-Golay filter was used to smooth the spectrum, and the segmented eigenvalue
extraction method was used to perform baseline correction on the spectrum. The first 25 principal components
reduced by PCA were selected as the input to the PSO-SVM classification model, and the best recognition
accuracy rate for the 12 types of ore was 100%. The PCA-PSO-SVM model was compared with two
classification models, i.e., principal component-linear discriminant analysis and a PCA-particle swarm
optimization-error back propagation neural network. Experimental results showed that the recognition
accuracy of the PCA-PSO-SVM classification model was the highest with an average recognition accuracy
rate of up to 99.90%.

Y BHEI. 2021-03-04; {EEIBAHA: 2021-04-01; FHABHI. 2021-04-09
EEmMB. Hilas SR A €5 (20192x-10)

BIEEE. ‘silver@nwnu. edu. cn

2314006-1


https://dx.doi.org/10.3788/LOP202158.2314006
mailto:E-mail:silver@nwnu.edu.cn

$£58% £ 2381/2021 £ 12 B/HAEXRBFEHE

Key words

laser optics; laser-induced breakdown spectroscopy; principal component analysis; particle swarm

optimization algorithm; support vector machine; ore classification

OCIS codes 140. 3440; 200. 4260; 300. 6365

1 9 i

W= R JR A AL 2 kR A LY T A
W 5 8 S R s b AN ) TAE . 5
W SE T R REE T A W ANE S B B AT T AR
AR T SRR By AT ELAS AR AR 5 R 1 o
JER 2, BXH S AN B Rk iR R L B
b T B BT R AN W R R XS R OO i
2 (XRF) X G ZAit 55 53 7 1 (XRD) Ly g 115 125 il 22
Bl B0 A A S 0 (E X S T vk KR T B AR L
HEAT , FLBE i A o A 5 4, AR E 52 B X 0 A1 PR
R AEZE P

WOGE S d HOERE (LIBS) K I 22— Fh i 1 &
ST 3 My v LA PR S I R A R
25 1A B B PR NGRS, CR T A T R 4y
LR ST I oo O A 1% G WA S 7/ L= 2 T 1 R
¥ LIBS £ R 5018 2% 2 7 ik &5 & nl 58 364 o
F ER P Sy 2RI . Yang FOR M
LIBS £ R 456 F M543 Hr (PCA) 5 N T 2 M 4%
(ANN) XK B 3477 [ 1 12 4> 56 0 2w o ik
AT %0,z I X A E AR R R
100 % , R ER™ A ity B A ~F- 2 U1 480 99. 1900 . 3
Me L 25 SR ) LIBS £ R 454 PCA J5 , B0 i 45 &
R 22 1) 15 7% A 22 W 4 (BPNN) Fl 32 $F 1) 2 #L
(SVM) Xt A Z 77 i E 47 53 25000, W Rk % AN =
77 5P 35 50 3 43 03 K #1 99. 08 %6 i 99.5% .
Sheng %6 LIBS £ K 43 5l 5 SVM., Bl #L 4% Ak
(RF) Jr kg G 0 101 SF e my 8 i A7 73 2K 1R
S, 45 R R W LIBS B AR 25 G SVM A8 1 55 91
B 96 %6, LIBS $52 R 45 & RF X k0 A1 1 55 92
PR IEE] 100% 5

H HT R LIBS 8R4 G Ml 2 2] I i3 A1
AT R R D . RV R FE
(1 LIBS @ £1 5040 45 o0 SC B B 42, 1 e X0 A 1
LIBS J& i Bffs o 477 W g 1 ) — 1k 25 i ik
B PCA XG5 s 47 B 4 s SR e, s kL
FEOL AL (PSO) 1Y 3245 1] 42 B 43 F 58 B (PCA-PSO-
SVM) , X8 41 1) LIBS St 3 K4l i 17 43 28 U500 5 35
Jo a3 ST PCA-Zk P ) 3 #r 43 6B AL (PCA-

LDA) \PCA-HL T #E {1t b -BP #f 28 W 45 43 2 5 Al
(PCA-PSO-BP) , ¥ E 115 PCA-PSO-SVM 43 2
BRI AT 8 1 o0 JS R BT F e . 25 R0, LIBS
ARG G PCA-PSO-SVM 43 2 )5 ik vl Xb i A g 47
PR L v R R

2 PSO-SVM %1 5

2.1 PSO&:%

PSO Bt — Rl B TR R L L3Rk I
H.H Reynolds 2 i , Kennedy fil Eberhart "7 1995 4
X% UE AT e k. PSO B3R R T Y R A
B 0 RE{E AR R YRR | 3 N BE (R 3 N R
RECTHRA R KT EZ 4 R s R hiE g, i
Wz Bl Ja 3 WA U i 28 1) 7 8 0% B A0 3 7 B o7
VE R A AR AEL poe B FE AR v I AT R 98 26 3 19 e
D3 N7 EE A7 A R TR AE g » 30 3L AR AE p s
SRR G goe BB DR RS 5 08, R AR,
AT 7E fif 25 18] H 2% B O o PSO B ik T 7 3k i
507 8 R

v.(t+1)= wv,?(zf) -+ c‘lrandl[phcm—xk(z‘)] -+

czrandz[gbm — xk(z‘)], (1)
x.(t+1)=x,(2) +v.(+1), (2)
S = [0, 2y e 2] W AT AE n 438
258 16 TP Y B 5= [0, Ds s 0] S AASRE
T WS 5 pres, F7 50 B RET (0 R AR B g 2
R AT 1 0 B8 5 e 5 o, o i
¥ ;rand, 5 rand, 2 [0, 1] X [a] PN A 2l 57 A9 BE AL
B 1 PR @ Sk AR 1 K
FF , 4 5 480 2% Rl 9, % (8 e/ ot O T R R 4 2%
LA 1 R 4 B 5 5 S B v AR A
o T PSO B3 1 42 JR) 5 7 35 18 3% i 7 760 b 4 s
N Jel AR A G SR P B 2 M A TR A SR Bk
I R
4Nmm*m00m*ﬁ+wm, (3)

w—
f\ax

KA 0 5 @ea 2050 0 BRI E S KA E 5 200
R EARRE . BH B 0w=09 M w.,=0.43k
AL R R

2314006-2



2.2 SVM

SVM £ i Vapnik T 1995 4F 4 Hi , J& — Fh 3 F
Geit o > BAS WML 22 > ik B b R N ok —AH
ARSI . SVM Y AL 3 75 2 i 3 e A 2
28 1 T O AR AT D SR e B, R A B R O T =
{(x.3). xERL yER(i=1.2,++.n), Hth x, }y 4
T d AR B SO CRRAE 1) &, oy, o B R L R
KR bR 2 SVM 4 KA B Al RoR hy f(x)=

ne(x)+ b, Hof o(x) AR AL, o (x ) K il A
i&i‘}?ﬁﬂﬂ%%ﬁﬂ LA A, e (x )+ b= 0 A R
e A o3 26 O T B R eR R AT R OR O f(x)=

sign[ne(x)+ 015 ToEGEEA —ENAERE,
A SR il EESVM%%%%,EEXfﬁl “

R(n.§) = 211 11+CZ§

s.t. y,»(n x,+ b) =1—¢,6=0, (5)
f*'ﬂﬂﬂf%ﬁ@r% S n Yk ) i £ A AR
CMIETTH T SR HH B H I 73k R g ik

(4)

£ 58% £ 2381/2021 £ 12 B/HAEXBFEHE

AT DA B 5 L P ok w5
flx)= sign{j)yzazK(xz,x)Jr b:| s

A d o MR HR T, HBMERBRN
0<<a, << C;K(x;,x) HIZREL AR W FEH
BVE T pR B, 2% R BT R gt

K(xf,x):exp(* y”

2.3 PSOfR{LSVM &%

$5CE’JSVM%/£7KFH4XFLJ
BL,ZSVM RS MEREEZENE T CE S
By W50 i(j(EI’J(HTE'Fﬁﬁ*”fU”%%LE’Jﬁ
FUET R B DR AR Y o S B R AT, K
/N C g T ORI A I 2R A 5 IR T A 4
%%ﬂsi&ﬂi&;%%&yiﬁﬁé%mﬁﬁ%tﬂu&A K/
MEFERPE, N THIGENENHNTFCSS
By, AR ST R PSO BE XX A~ S5k 17 18,
M B Gk G L SVM 43 25 88 19 H B9 . PSO 1 1k
SVM Bk AR an 15 1 s o

(6)

1 2), y>0. (7

PR KA D A% PR

data
preprocessing

;

training dataset ¢ test dataset
v perform SVM on each
particle in population and
define PSO compute the fitness value
parameters and
SVM T
parameters + optimal C, y for
* SVM
renew pbest and gbest +
initialize:
1) position of each particle training optimal
2) velocity of each particle SVM model
test optimal
no SVM model
update: *
1) velocity of particles ; ;
2) position of particles clasielf;lclitlon

Bl PSO-SVM 43 MR i 2
Fig.1 Flow of PSO-SVM classification model

2314006-3



3 SR AR U T Ak HE

3.1 HAHEENIKE

AR S E () LIBS @ A1 8045 48 5k IR F Keépes 451
FEMLRY LIBS B 73 JE BG4 I 808 46y 138 A
fi ) LIBS G 41 Al , 3 L6 )@ T 124097 4 2851,
X 12280 A 05 B 1R . AR 5286 % 4R

$£58% £ 2381/2021 £ 12 B/HAEXRBFEHE

B 10 15 28 ) Hp B AL B 100 25006 3% X6 17 19 54
H AL 120 A 2 00 3 1200 45 063 1Y S5 56 4
WA .

2012288 £ 1) LIBS 4 |, Al LL & #
12280 A (G TE S AR, 322200 2 1 58 B AN ]
EE DL DG 3i% 18] 42 X 433X 12 28 A, 75 BEXOG3E
R A HE— 20 A B, A AR RGN H R .

F1 BIRE P A2 L
Table 1 Ore category information in the dataset
Ore category label Ore name Ore category label ~ Ore name  ||Ore category label Ore name
Ore 1 U ore Ore 5 Au-Cu ore Ore 9 Hematite ore
Ore 2 7Zn-Pb-Ag sulfide ore Ore 6 Mn ore Ore 10 Anomalous ferruginous ore
Ore 3 Ni-Cu ore Ore 7 Gold oxide ore Ore 11 Silver copper gold ore
Ore 4 Sn ore Ore 8 Zinc sulfide ore Ore 12 Skarn tungsten magnetite ore
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Fig. 2 LIBS spectra of 12 types of ore samples
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Fig. 3 LIBS spectra of U ore. (a) Original spectrum; (b) spectrum after preprocessing
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Table 2 PSO-SVM recognition results with different

input variables

Numbers of Cumulative Average

variables interpretation rate /% accuracy rate / %
3 94.63 41.46
5 96. 16 76.88
10 97. 64 98. 54
15 98.03 99.79
25 98.23 99.92
50 98. 47 99.77
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Fig. 5 PCA-PSO-SVM recognition results on 12 types of ores. (a) PSO optimizing results; (b) PCA-PSO-SVM

recognition results
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Fig. 6 Comparison of number of errors in ore classification

by three classification models
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Table 3 Recognition results of three classification models

Average Average
Mean
Model classification  classification
error i
time /s accuracy /%
PCA-LDA 7.00 1.60 98. 54
PCA-PSO-BP 5.58 3.03 98. 84
PCA-PSO-SVM 0.46 10. 76 99. 90
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