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2.1 HRIHE

ST AR GCr15 R AN fb2F o n 3k 1
JIE7R o OB BRR R THIR 2 860 °C S AR 1 h, B %
VK VK G By b FRHEAT ] Il ki 43 ) 4 R
150,250,350,450,550, 650 C, %1% 2 h, SR )5 H
Pros ¥ R, 19 BN [F] O B B RE S ST
(150 C),S2(250 C),S3(350 ‘C),S4(450 “C),S5
(550 “C) F1 S6(650 C)H, Hf # kb 3 5 55 1 i
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AR FIRDACHT B8 I o ) FH 2 CCRE B 3100 o ) 9 bR o
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FPR

# 1 GCrl5 Ak o

Table 1 Chemical compositions of GCrl5 steel
Element Fe Cr C Si Mn P Mo
Mass fraction /% Bal. 1.47 0.97 0.24 0.31 0.16 <0. 10

F 2 GCr15 MR AL HE T2 S 80 S i

Table 2 Heat-treatment process parameters and hardness of GCrl5 steel

Heat-treatment process parameter

Sample No. Hardness/ HV

Oil quenching Tempering

S1 150 C+2h 730. 82

S2 250 C+2h 633. 56

S3 350 C+2h 547.94
860 C+1h

S4 450 C+2 h 479. 78

S5 550 ‘C+2 h 419. 66

S6 650 C+2 h 292. 26
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2.2 LIBS 3218
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Fig. 1 Schematic of LIBS experimental system
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Fig. 3 LIBS images of different samples. (a) S1; (b) S2; (¢) S3; (d) S4; (e) S5; (f) S6
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Fig. 4 Variation trend of spectral line intensity of elements in sample S1 with pulse number. (a) Fe; (b) Cr
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Table 3 Prediction results of RF model based on

full-spectrum data

Sample No. Classification accuracy /%
S1 0.833(40/48)
S2 1(29/29)
S3 0.870(20/23)
S4 0.771(27/35)
S5 1(31/3D
S6 1(32/32)
Average 0.904

F 4 HT RF BEAEIYIZR 0 FRAE 3% 28
Table 4 Characteristic spectral lines used for RF

model training

Line type Wavelength /nm
300. 303 304. 760 310.030 315. 331 315.704
Fe l 358. 119 364. 742 367.687 375.745 511.034
Fe 1l 296.994 302. 547 316. 786 325.877 327. 349

450. 828 492. 392 510. 061 510. 745 515. 991

302.067 303.704 451. 543 454. 070 455. 617
Cr 1 458. 390 460. 010 465.472 469. 894 483.165
519.199 558. 805

Cr I 482. 413

Mn [ 382.351,476. 586,482, 352

Mn [l 299. 361

F 5 FETHRHEIEZE A9 RE BOAL A F0m &5 1
Table 5 Prediction results of RF model based on

characteristic spectral lines

Sample No. Classification accuracy /%
S1 0.979(47/48)
S2 0.931(27/29)
S3 0.957(22/23)
S4 0.971(34/35)
S5 0.968(30/31)
S6 0.938(30/32)
Average 0. 960

3.3 REVLARMARE S H xR A 1 RE AR

PR SRR 11 B B HL AR AR 1k P B S BES BL
ARG B AL AR AROR 1 A B8 7 Ak B 73 2 TR AR L 125
T vp B B SA B BOR AR AT . 1819 Bk O0B
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Fig. 9 Effect of number of decision trees on model
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Abstract

Objective Bearing is an important part of modern machinery and equipment, in which the working conditions are
much complicated. Therefore, there exist extremely high requirements for the mechanical performance of bearings.
As one of the important properties of bearings, hardness needs to be tested to meet these requirements during the
production process. The traditional hardness test is a mostly destructive one, which requires the structural
destruction of the original component, and the use of mechanical means is done to cut and sample the parts to be
tested for the laboratory analysis. This test method is not only slow and heavy, but also damages the samples. The
laser-induced breakdown spectroscopy (LIBS) technology, as an atomic emission spectroscopy technology, has the
advantages of fast analysis speed, almost no sample processing, and less damage to samples, which is widely used in
environmental monitoring, material characteristic research, coal quality analysis, and other fields. The interaction
between laser and substance and the plasma characteristics are affected by the physical and chemical material
characteristics of the samples to be tested. This effect causes the difference in the characteristics of emission
spectra. This difference in the material spectra can affect the characteristics of the material. However, although the
spectral line intensity ratio can be used to characterize the hardness of the samples, there are still some shortcomings
such as difficulty in spectral line selection and low accuracy. Therefore, in recent years, with the development of
machine learning, combining algorithms with LIBS can make up for the shortcomings of the traditional LIBS analysis
methods. As an integrated learning method, the random forest (RF) algorithm can efficiently extract and generalize
spectral features. This research attempts to use LIBS combined with the RF algorithm (LIBS-RF) to estimate the
hardness of steel samples.

Methods In order to measure the hardness of GCrl5 steels, a method combining LIBF and RF is proposed to study
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the hardness of the samples. First, six GCrl5 steel samples with different tempering temperatures are prepared by
the heat-treatment process, and an LIBS experimental device is built. A 10 X 10 lattice is scanned with 300 laser
pulses per point on each sample surface to obtain the original spectral data. Then the spectral characteristics of the
samples are analyzed, and a correlation between the spectral line intensity ratio and the hardness is established.
Finally, a RF model is established based on the principal component analysis ( PCA) method and the variable
importance method.

Results and Discussions The RF model is established based on the PCA method, and the result is shown in
Fig. 8. It can be found that the RF model is established after PCA dimensionality reduction. The highest prediction
accuracy for sample S2 is 69% (20/29) followed by 52% (12/23) for sample S3, and the rest prediction accuracy
rates of the samples are all low. The prediction accuracy rates of samples S5 and S6 are almost zero. RF is used to
reduce data dimensionality based on the importance of features and extract the effective spectral features. The
prediction results of the model are shown in Table 5. Compared with the model based on the PCA method, the
accuracy rate is significantly improved, and its average accuracy reaches 0.96. In addition, through the study on the
effects of the number of decision trees (Fig. 9) and the number of random features (Fig. 10) on the performance of
the model, it can be found that the number of decision trees and the number of random features are not that the
larger the better. With the increase of the number of decision trees and the number of random features, the
prediction accuracy of the model first increases to a certain value and then remains relatively stable.

Conclusions In this paper, the laser-induced breakdown spectroscopy and random forest are combined to study the
GCrl5 steel samples with different hardness. Through the linear relationship between the spectral line intensity ratio
(Tre g 316.786/ Lre 1 375.705 and Iy asoa13/ Lee 1 502,067 ) and the sample hardness, the experimental results show that the
spectral line intensity ratio of the matrix element to the alloy element and the hardness of the sample present a linear
correlation, in which the linear correlation between Iy y s16.785/ Ire 1 375,745 and hardness is higher, indicating that the
method of the spectral line intensity ratio has a certain dependence on the selection of spectral lines. The LIBS-RF
method is proposed to estimate the hardness of the sample. First, PCA is used to reduce the dimensionality of the
original data, and subsequently a random forest model is established. It is found that the hardness of the sample can
not be effectively predicted. Then, the random forest is used to select feature spectra based on the importance of the
variables to establish a random forest model. The results show that the prediction accuracy of the LIBS-RF model
based on the full-spectrum data is lower than that based on the partial characteristic spectrum data. This is because
the full-spectrum data also contains a lot of noise and other redundant information, which also participates in the
training of the model and results in a decrease in model accuracy. In addition, it is found that as the number of
decision trees and the number of random features increase, the prediction accuracy of the model increases to a
certain value and remains relatively stable. Based on this, the parameters of the model can be adjusted reasonably
while satisfying the accuracy requirements, the complexity of the algorithm is reduced, and the efficiency of the
algorithm is improved. Above all, as a novel hardness measurement technology, LIBS-RF has the advantages of
simpler and faster than the traditional LIBS hardness measurement, and the results here provide a theoretical basis
for engineering practice applications.

Key words spectroscopy; GCrl5 steel; laser-induced breakdown spectroscopy; spectral analysis; random forest
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