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Aluminum alloys are irreplaceable in key lightweight components of automobiles, aircraft, aerospace
vehicles, and ships. The main raw material of aluminum alloys is bauxite, and so the high-precision sorting
and identification of bauxite is very important in guaranteeing the performance of aluminum alloys. This ar-
ticle describes a convolutional neural network (CNN) structure that, combined with principal component
analysis-assisted laser-induced breakdown spectroscopy, can identify different types of bauxite samples.
First, the data collected by a spectrometer are normalized to eliminate the influence of different dimensions
on the excitation intensities of each spectral line. The feature dimensionality of the normalized samples is
then reduced through principal component analysis. The features of the input data are extracted multiple
times through convolution and pooling operations in the CNN. Experimental results show that the classifica-
tion accuracy under a single convolution and pooling structure reaches 97.4%, whereas that under multiple
convolution and pooling structures can reach 99.6%. To evaluate the performance of the proposed model,
models based on k-nearest neighbors, random forest, support vector machine, and full-spectrum feature in-
puts are constructed. The results show that CNNs have great potential in the field of bauxite identification
and classification, and provide a reliable data processing method that enables laser-induced breakdown
spectroscopy to classify materials with similar chemical properties.

Keywords: laser-induced breakdown spectroscopy, convolutional neural network, principal component
analysis, bauxite.
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Jlist udenmughuxayuu pasiudHbix munog 6OKCUMo8 NPedsiodceHa CMpPYKmypa C8epmoyHOl HetUpOHHOU
cemu (CNN) 6 couemanuu ¢ 1a3epHo-UCKPOBOU IMUCCUOHHOU CREKMPOCKONUEU MemOOOM AHAU3A 2/LAGHBIX
komnonenm. Ilonyuennvle nHa cnekmpomempe OaHHbLE HOPMATUZVIOMCS OJISl UCKTIOUEeHUs. GNIUAHUSA PA3HBIX
PA3MEepPHOCMell HA UHMEHCUBHOCTU 8030YIICOEHUST KANCOOU CNEeKMPANbHOU AuHUU. Pasmepnocms npuznaxos
HOPMANU308AHHBIX BbIOOPOK YMEHbUIACTNCA C NOMOWDIO AHANU3A 2NIABHBIX KOMNOHEHM. BXoOHble OanHbie
noayuaiom ¢ nomoubio onepayuii ceepmru u ooveounenus ¢ CNN. Tounocme kiaccugpuxayuu npu 00HOU
ceepmre u 0bvedunenuu 97.4%, npu muosicecmeeHuvix ceepmrax u 0owvedunenusix 99.6%. s oyenku npo-

** Full text is published in JAS V. 89, No. 5 (http://springer.com/journal/10812) and in electronic version of ZhPS
V. 89, No. 5 (http://www.elibrary.ru/title_about.asp?id=7318; sales@elibrary.ru).
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U3BOOUMENLHOCTHU NPEONIOHCEHHOU MOOENU NOCNPOEHbL MO0, OCHOBAHHbIe HA Memoodax k-Onudcatiuiux
coceoell, CIYHANHO20 Jecd, ONOPHBIX GEKMOPO8 U 6XOOHbBIX XAPAKMEPUCMUKAX NOJIH020 cnekmpa. Tlokazano,
umo CNN obaadaiom 601bwmuM NOMEHYUAIoM 8 obaacmu uoenmuguxayuu u Kiaccupuxayuy 6oxcumos u
obecneuusarom HAOeXCHvlll Memoo 00pabomKy OAHHLIX, KOMOPLLIL NO380JAem KIACCUDUUUPOsamy Mame-
PUATIBL CO CXONCUMU XUMUHECKUMU CEOUCMBAMU C UCHONB308AHUEM JA3EPHO-UCKPOBOU IMUCCUOHHOU CHEK-
MPOCKONUL.

Knrwouesoble cnosa: nazepno-uckposas MUCCUOHHASL CREKMPOCKONUSL, CEEPMOYHAS HEUPOHHAs Cemb,
AHANU3 2NABHBIX KOMIOHEHM, BOKCUM.

Introduction. Aluminum alloy materials are irreplaceable in several key lightweight components in the
fields of automobiles, aircraft, aecrospace, and shipping. The main raw material of aluminum alloys is baux-
ite. The content ratio of various chemical components in bauxite and the purity of alumina directly affect the
beneficiation and smelting of bauxite and the use of aluminum. Therefore, the high-precision sorting of
bauxite is very important in ensuring the performance of aluminum alloys.

Laser-induced breakdown spectroscopy (LIBS) technology has developed rapidly in the past two dec-
ades. It is widely used in the analysis of samples of various physical forms because it offers fast analysis
speed with no need for sample pretreatment. By analyzing the LIBS signal intensity, the absolute concentra-
tion of multiple elements can be measured at the same time. LIBS technology is widely used in material de-
tection [1-3], environmental monitoring [4], gas composition analysis [5], and other fields.

At present, various statistical methods, machine learning techniques, and deep learning algorithms are
combined with LIBS for classification, clustering, and regression. Xu et al. will combine convolutional neu-
ral network (CNN) with laser-induced breakdown spectroscopy (LIBS) for soil analysis, whereas Banu et al. [7]
applied principal component analysis (PCA) and partial least-squares regression to classify meat and meas-
ure its adulteration rate. Li et al. [8] used the preselected spectral line and traversal combined dimensionality
reduction method and a support vector machine (SVM) algorithm to quickly classify the spectrum of special
steel materials. This approach enabled special steel types to be identified with 100% accuracy at high speed.
Liu et al. [9] combined LIBS with PCA and SVM algorithms to classify and identify 20 plastics, and Gazeli
et al. [10] proposed the use of linear discriminant analysis with LIBS technology to achieve efficient and
rapid classification of olive oil. Li et al. [11] proposed a multivariate statistical method combined with LIBS
for the complete discrimination of soft tissues such as fat, skin, and muscle. As a representative deep learn-
ing algorithm, convolutional neural networks (CNNs) rely on a parameter-sharing mechanism for high effi-
ciency and accuracy in feature selection and neural network training. This structure produces powerful ad-
vantages in the calculation of high-dimensional data.

This article proposes a discrimination model combining PCA with a CNN for the differentiation of
bauxite samples. The CNN structure is used with LIBS technology to realize the identification and classifica-
tion of ten kinds of bauxite. To evaluate the proposed model, separate classifiers based on k-nearest neigh-
bors (KNNs), random forest (RF), SVM, and full-spectrum feature inputs are constructed, and the classifica-
tion performances of the various models are compared.

Experimental methods. A schematic diagram of the LIBS apparatus is shown in Fig. 1. The laser
source uses a Quantel Nd:YAG laser. The seven-channel Echelle mid-step intensified charge-coupled device
(1ICCD) high-resolution spectrometer has a resolution of less than 0.09 nm, and can cover a spectral range of
190-950 nm. The focal length of the focusing lens is 30 mm. The sample is placed on a three-dimensional,
electronically controlled translation stage. The XYZ axes of the sample stage are controlled by a computer.

All bauxite samples used in this study were provided by Jinan Zhongbiao Technology Co., Ltd. There
are ten different bauxite samples: sample 1 — GBW(E)070169; 2 — GBW(E)070170; 3 — GBW(E)070171; 4
- GBW(E)070172; 5 - GBW(E)070173; 6 — GBW(E)070174; 7 — GBW(E)070175; 8 - GBW(E)070176; 9 —
GBW(E)070177; 10 — GBW(E)070178. We take 3 g of the dried sample and use a 20-MPa, 150-s tablet
press to form round samples with a diameter of 2 cm.

An optimization experiment determined the optimal laser wavelength to be 1064 nm, with a laser ener-
gy of 70 mJ, a laser focus spot size of 70 um, a repetition frequency of 2 Hz, and a delay time of 1 ps. Each
bauxite sample was divided into 15 compressed subsamples, and 20 sets of spectral data were randomly ob-
tained from each subsample. Nine of these data were averaged across all groups to provide the repeatability
requirement. The ten aluminum alloy samples therefore produced a total of 10x15%20=3000 sets of spectral
information. Among them, 60% (1800) of the samples were placed in the training set, 30% (900) of the sam-
ples were placed in the prediction set, and the remaining 10% (300) of samples formed the test set.
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Fig. 1. Schematic diagram of LIBS experimental device.

Convolutional neural network. The CNN structure generally has three parts: an input layer, a hidden
layer consisting of convolution and pooling operations, and an output layer. The most important part of the
CNN structure is the convolutional operation, which extracts features from the input data. The proposed
method uses a CNN with a 3x3 convolution kernel matrix. The convolution features are obtained by repeat-
edly calculating the dot product as the 3x3 matrix moves across the input matrix.

After the convolutional operation has extracted the data features, these features are passed to the pooling
operation for feature selection. After the convolution kernel and pooling depth have extracted certain fea-
tures, we complete the classification task through the fully connected layer. The fully connected layer multi-
plies the weight matrix with the extracted data, adds a bias function, connects all the features, and sends the
output layer to the classifier. The proposed method uses the softmax classifier. The softmax function is de-
fined as follows:

Soft < 1
oft max(z;) Zleez" . (1
Using the output from the softmax layer, a set of vectors is obtained, and each value in these vectors repre-
sents the probability of the input tensor corresponding to all categories. The performance of the classifier is
represented by a confusion matrix. Through this confusion matrix, we can calculate the accuracy (4), sensi-
tivity (), and precision (P) of the classifier as follows:
TP +TN

_ , @)
TP+TN + FP+ FN
s—_1P (3)
TP+ FN
P:L’ 4)
TP + FP

where TP represents the number of true positives (bauxite samples correctly classified as positive), TN repre-
sents the number of true negatives (bauxite samples correctly classified as negative), F/P represents the num-
ber of false positives (bauxite samples incorrectly classified as positive), and FN represents the number of
false negatives (bauxite samples incorrectly classified as negative).

Results and discussion. Spectral preprocessing. The original spectra from the ten bauxite samples were
collected by LIBS, as shown in Fig. 2. The LIBS spectrum of bauxite is very complicated, showing the emis-
sion intensity of many elements within the range 190-950 nm. The characteristic spectral line intensities of
several main elements in bauxite are relatively obvious. For example, the Al peaks appear at 394.62, 396.54,
and 309.43 nm, Fe peaks appear at 373.55 and 275.01 nm, Si has a peak at 251.78 nm, and Mg produces a
peak at 517.26 nm. The spectral intensity is very strong, and the different intensities of each element in the
ten bauxite samples is conducive to classification.

To eliminate the influence of different dimensions between the excitation intensities, the original spec-
trum data are standardized. We use the Z-score standardization method to process the raw spectral data:

x'=(x- x)o, (5)
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where x is the mean of the sample and o is the standard deviation among all samples.
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Fig. 2. LIBS spectral data and characteristic analysis of ten bauxite samples.

The spectrometer collected a total of 12,248 spectral points for each sample from 190 to 950 nm. Thus,
there are 12,248 spectral feature variables in the model input tensor dimension, which makes model training
very difficult. PCA can be used to reduce the dimensionality of the sample data. For the CNN structure, the
input data form an 18x18 matrix. Therefore, after dimensionality reduction, the number of feature points is
reduced from 12,248 to 324. With these 324 principal components, the cumulative contribution rate of vari-
ance reaches 99.6%, fully reflecting the information of the original bauxite samples. A ten-fold cross-
validation method is used to verify the data to ensure the reliability and generalization ability of the experi-
mental results.

Model construction and optimization. The CNN data are inputted in the form of a matrix. The construc-
tion method is shown in Fig. 3. The input tensor passes through the convolution, pooling, fully connected,
and soft-max operations to produce the prediction results. The parameters are then iteratively optimized
through stochastic gradient descent in the backpropagation step. In the process of building the network mo-
del, we determine the best classification effect by changing the parameters and structure of the CNN and an-
alyzing the model performance on the verification set. We consider models with 2, 4, 8, 12, 16, and 20 con-
volution kernels. The CNN applies the convolution and pooling operations to the input matrix once. The av-
erage size of the convolution kernel is 3%3 and the pooling layer size is 2x2. Features are extracted through
maximum pooling with a learning rate of 0.01, batch size of 256, and rectified linear unit (ReLU) activation
functions. After 100 training epochs, the accuracy and loss rate of the model tend to converge. When the
number of convolution kernels is 20, the classification accuracy reaches 97.40%. The results in Fig. 4 show
that a higher number of convolutio kernels enables deeper extraction of data features and produces higher
classification accuracy.

To further improve the classification accuracy, we design a CNN structure that performs convolution
and pooling twice to deepen the feature extraction of the data. The numbers of convolution kernels in the
first and second layers are 20 and 40, respectively. The classification accuracy of the test set reaches 99.6%
using this structure. The results show that repeated convolution pooling can identify deeper features of the
data, which is conducive to the accurate classification of samples.



738 ABSTRACTS ENGLISH-LANGUAGE ARTICLES

Input Output
AL T Bauxite 1
AL 0,
Py e 2

o

HAR AR SRE
Channel f." ['f II‘ I: \_- ¥ .'_. r Bauxite 10 Q

Convolution kernel

ol et

| Fully connected

N

g Ly
M ax i AHmtp__
Pooling
Max
Max,
Fig. 3. Dimensional CNN model construction.
Accuracy I
— 8
— 12
— 16
— 20
20 T T T T T
0 20 40 60 80 100 Epoch

Fig. 4. Accuracy rate with different numbers of convolution kernels.

Comparison with other models. We also combined several common machine learning models with PCA
to classify and identify the same bauxite samples. The classification results of KNN, RF, SVM, and full-
spectrum feature input CNN models are compared with those of the proposed method in Table 1. The exper-



ABSTRACTS ENGLISH-LANGUAGE ARTICLES 739

imental results illustrate the reliability and advantages of CNNs. Clearly, the proposed PCA-CNN model has
the strong ability to recognize and generalize bauxite, and achieves excellent classification accuracy.

TABLE 1. Comparison of Different Models

Model PCA-CNN | ALL-CNN | PCA-SVM | PCA-RF | PCA-KNN
Accuracy, % 99.60 96.58 95.18 94.80 93.70
Sensitivity, % 99.09 96.84 95.42 94.28 93.93
Precision, % 99.22 96.98 95.94 94.36 93.34

Conclusions. This paper has described a CNN combined with PCA-assisted LIBS for the accurate iden-
tification and classification of ten different bauxite samples. First, the Z-score method is used to standardize
the original spectral data, and the standardized data are processed by PCA for feature reduction. The struc-
ture of the CNN is then designed, and the features of the input data are extracted multiple times through con-
volution and pooling operations. The experimental results show that the classification results are improved
by subjecting the input variables to multiple convolution and pooling operations. The classification accuracy
of the CNN reaches 99.6%. KNN, RF, SVM, and full-spectrum feature input CNN models were also used to
classify and identify the same bauxite samples. The results show that the proposed PCA-CNN method out-
performs these other models. In summary, CNN-assisted LIBS technology can accurately identify and classi-
fy different types of bauxite.
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