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Abstract In this paper, laser-induced breakdown spectroscopy (LIBS) was used to obtain 320 sets of spectral data
at different positions on the surfaces of aluminum alloy samples. Then, these spectral data were preprocessed, and
20 characteristic spectral lines of the six main elements in aluminum alloy were selected to form a 320X 20 spectral
data matrix. Next, the 20 variables that were inputted into the model were reduced to 6 through principal
component analysis. Finally, the reduced-dimensional spectral data were inputted into the radial basis function
neural network model to establish multivariate calibration models for five main nonaluminum elements (Si, Fe, Cu,
Mn, and Mg) in aluminum alloy. The results revealed that the mean goodness of fit of the model was 0.978 and its
mean root mean square error was 0.31% . Principal component analysis combined with a radial basis function neural
network can effectively reduce parameter fluctuations, correct matrix effects, and improve the accuracy and stability
of the model quantitative analysis; in particular, this combination can significantly improve the accuracy of analysis
of elements with relatively low content, such as Fe, Si, and Cu.
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Table 1 Content of main non-Al elements in different

standard samples of aluminum alloy

Standard Mass fraction /%

sample Si Fe Cu Mn Mg
3003 0.135 0.384 0.1580 1.0700 0.013
5052 0.120 0.150 0.0030 0.0060 2.560
5083 0. 044 0.086 0.0009 0.6170 4.220
5962 0. 587 0.392 0.0830 0.4170 3.410
5963 0.279 0.650 0.1170 0.2150 4.720
6061 0. 640 0.546  0.2900 0.0940 1.000
6063a 0. 390 0.135 0.0025 0.0036 0.825
6063b 0.419 0.187 0.0710 0.0550 0.540
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Fig. 3 LIBS spectrum of aluminum alloy
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Table 2 Spectral lines for analysis

Element Analytical spectral line /nm
Al 281.61, 305.01, 308.21, 358.64, 396.17
Mn 257.55, 259.37, 263.21, 279.48
Mg 277.99, 279.06, 280.25, 285.21
Fe 234.33, 238.18, 302.05
Si 288. 15, 390. 55
Cu 324.73, 327.41

ZARAG T BEYE S A GRS AE B X, (320X6)

e HORE AR BE S Y 200 450N DL AR B G R B
A5 BAEN RBF # 4 W 45 BRI I 2R . S PR IE
B RUAS K — R S 8 UI 25 5 L 4T L L I B AILHE S
SRIG VAR T UEEEARFE T Y 120 4156 1% £ 1 Sl
TR B IR A T 5 AR 5 S R R AT L ke K
W7 A TR (0 K R A e L LASIOE B Ol B RBF I 3™

L 0 peea PR H GO0 BE Y 52 00 11D 5 F
ALHIA SE R B 1) RBF §7 B v N 0.3,
G4 5 P EEAEFH TR M RBF M4 M 4% £ o0
AR AR ) T 45 S an & 6 IR .

1.00
0.95
0.90
0.85
0.80
0.75
0.70 t-/
0.65 |/
0.60 |/
0.55

Goodness of fit

0.5 .
%.l 02 0.3 0.4 0.5 0.6 0.7 0.8 09 1.0
vspread
K5 v X RBF B8 M G 1Y 5 0
Fig. 5 Effect of v .4 on the performance of RBF model

0.8
5.0 (a) rrr (b) - original (c) = original
o~ original 0.7 " .
. 45 ; o predicted 0.6 redicted
L 40 predicted E 0.6 g o5 P
§ 35 S 05 | g J
= 3. B : |
= 20 ‘% 0.3 < 0.3 |
g 15 0.2 2 .
= 10 = ol é 0.2 |
0.5 -1
0 " O T
0 20 40 60 80 100 120 0 20 40 60 80 100 120 40 60 80 100 120
Sample size Sample size Sample size
14 ppor
19 (d) -~ original 0.35[ (e) = original
g b predicted < 0.30 predicted .
< |
g 10 = 025 |
£ 08 L
g £ 020
& 06 £ o015
2 0.4 2 0.10 4
0.2 = 0.05 !
0 0 ‘
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Sample size Sample size

6 5 EZAR TR A RBF 2 M 25 Bl 45 21 .

(a) Mg;(b) Si;(c) Fe;(d) Mnj;(e) Cu

Fig. 6 Prediction of five main nonaluminum elements by RBF neural networks. (a) Mg; (b) Si; (¢) Fe; (d) Mn; (e) Cu

T3 NWE ST 5 P FREIEFITENIES —TT
SEARE RS RBF #j 45 W 4% £ 50 % b B (0 Xt HE 43
Brés 4t o . RMSE S ¥ 77 M a5 22, T fif 2t 150 0
1B W) 52 B L =2 0] ) O 25 5 B0 O B R -1 37 4 Il
VAR R E A6 R B B UL BB R, O & & ikt
T 2 AR 5 J3E 010 ik R R R B ey AR TR BBE R RS GE
PEBEES, 3R 3 T X 5 FhoC R ML 5 — o4k
FE AR R B4 A A0 E B H KA 0. 849, RMSE 4 {H
h17.36% . 0 RBF # 48 X 4% 22 70 5 A A5 AL ) 481 45
EREME R 0. 978 . RMSE #fH H A 0.31% . AL,
RBF #2222 50 28 b 155 8 1 KG J3E A 2 PR AH 1L
B G — o2 Mk e PR AL AT B T AR R4 U H R

£ 3 RAARFEBIX G bR HE T & 5007 10 45 21
Table 3 Quantitative analysis results calculated by different

models for standard samples of aluminum alloy

RMSE /% R’
Element Linear Linear

calibration RBE calibration RBE
Si 8.10 0.18 0.741 0.959
Fe 7.49 0.33 0. 781 0.968
Cu 7.74 0.13 0. 764 0.972
Mn 7.97 0. 36 0.973 0.995
Mg 5.52 0.55 0.986 0.994

Xt SiFe,Cu S5 SEOCR M PINAT A 1T W 4%
Tk, XKW, RBF # 4 M 4% 2 J0 € b BE 98 A R0/
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