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Fig. 1 Part of the mineral spectra

(a): Muscovite; (b): Dolomite; (¢): Calcite; (d): Kaolinite

1.2 #ER5HE%
1.2.1 b 03535 7%

CNN Ry tERe R B R B FEARAE I . 2 W
WIGRAEAA Bl T W 45 A5 0 58 43 2% >0 BE 7 28 P Re AR 12K i) X
. MR AR R SRR W G — R
BRI B A B3R 2 0907 W 06 RS BOHE - R A B0HE 1 5 104 O =X
Prure A . FLAR 5 102 1 JE G 0 o 35 AR v S iR B R
MREHL S M M s, K E S BT AR 1434 k. BB A
HAEY AT 2916 &, FiFAGIET RE 1620 &, mkaot
WY AE 2 928 5. KRN, BEAE WY Yotk
FEA B 4R 4L 8 898 4%, JF# MR 6 + 1 = 3 Lh & 43 il £k
4 BRI, TR SR . SE AL RO B DR
1.2.2 —%=RERNEREEA

CNN #2781 jii F] T BHRIE 3l ad, EEMER .,

PR AT 2 B AR AR P 20 B, 5 SO 1R A0 15 24 il 4215
F RN AE 3 43 24 v DA T I L 3 A g el i 51 A
23 1) 2 ARR ik ik — [ L, 70 PR A7 20 0 25 6 () 7 R 0 B
2B L AT RE M AR B DI AT AL . 0 — ZEOLIE AR S R 1
oo i ZHEAT — 4 B, W 2 PR, s R
rate=1 I, 254 B 5 TR B, BRI & DUE LY J7 :(
XA AT Z HEATAL B, Y rate=2 B, 7 JFUAR U8 DL A% 195D
TLR A —A 0. LIBKBR i AL B 5.

P BT A 8 6 3 KO B 4R AR, B0t T 1D-DCNN
B, HEEHINE 3 s, RS HOLER 1. BORA S 1 A
2 3AERERZ, BB R/NDHIR 5X 1, 3X 13X
L, BRUZECE O 64, KON 1, AN 2, B RelLU
PR BTG B 2 AR )R SRR S 1 A AEE 2 A= &R
BRG s WA RN R 3X T, BRIy 2, Wiy &k



I PRAE . — 2233 4 R M 2 0 24 1 7 ) D16 % 40 2% 875

I

Wik, B3 AZEMERBEZIGEE 2 A2 ERZ, Rawd
softmax fif 245 2 73 EHE AR T .

@ . ®

) )
) 2

Output feature

£ LKL KN
C ® O 0 QOO O ¢
rate =2

—fmAERTEED
(@) FRELBR; (b =HER

Fig. 2 Schematic of one-dimensional dilated convolution

Input feature ()

(a): Standard convolution; (b): Dilated convolution

et ey s1 pC2 $2 pcs  Fal Fez QUM
ayer layer
] y Muscovite
I)nlo_mue
4 e . > E 9 Calcite
Kaolinite
Mineral spectrum signal
S1X1x1
N 3ot 4 i%E4% FIReL UG 68 S A4S (E P 3l 4 R SoftMax 43 25 48 (946 th 2

" BB, ReLUSGHH HOM A — (LR EE St R A R

3 —#T=RERMENELEN
Fig. 3 The structure of one-dimensional dilated

convolutional neural network
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Table 1 The parameters of 1D-DCNN

B J2 25 EAL PPN BREHE K
1 Input layer 511 X1
2 DC1 5X1 64 1
3 Sl 3X1 2
4 DC2 3X1 64 1
5 S2 3X1 2
6 DC3 3X1 64 1
7 FC1 256 outputs
8 FC2 64 outputs
9 Output layer 4 outputs
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Fig. 4 Model performances with different

convolution kernel types
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Table 2 1D-DCNN model discrimination results

of different number of iteration

AR E N EIRL
10 54.27
50 92. 16
100 96. 98
150 98. 32
200 99. 40
250 98. 99
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Table 3 The classification accuracies of different algorithms

UESLES R/ %
SVM 97. 94
BP 98. 65
1D-DCNN 99. 32
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Mineral Spectra Classification Based on One-Dimensional Dilated
Convolutional Neural Network
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Abstract The spectrum is a comprehensive reflection of the mineral’ s physical chemistry characteristics, composition and
structure, which has been used in mineral and rock identification. The traditional classification methods of the mineral spectrum
require complex spectral pretreatment, and then some spectral features are analyzed by different methods to achieve the goal of
fine classification. However, the pretreatment may cause a partial loss of the spectral information and reduce the classification
accuracy. Besides, the operation process is complex, so the efficiency is low. making it difficult to cope with the growing
demand for big data processing. Therefore, it is important to establish an accurate, efficient and automatic classification model
for the mineral spectrum. As one of the widely used deep learning models, the convolutional neural network extracts data
features layer by layer and combines them to form higher-level semantic information. It has a strong capability of model
formulation and great potential for the analysis of spectral data. This paper proposes a novel mineral spectrum classification
method based on a one-dimensional dilated convolutional neural network (1D-DCNN). The DCNN is used for spectral feature
extraction. The backpropagation algorithm combined with the random gradient descent optimizer is used to adjust the model’s
parameters, then output the classification result, which implements the end-to-end discrimination of mineral species. The 1D-
DCNN includes one input layer, three dilated convolution layers, two pooling layers, two full connection layers and one output
layer. It uses cross-entropy as the loss function, and dilated convolution is introduced to enlarge the receptive field of filters
effectively avoid the loss of spectral feature details. The spectrum of four different minerals, muscovite, dolomite, calcite and
kaolinite, are collected, and the data are augmented by way of adding noise to construct sufficient spectral samples, which are
used for model training and testing. Then, we explore the impacts of different model parameters, such as the convolution type
and the number of iterations, and then compare the proposed model with the traditional mineral spectrum classification methods
to evaluate its performance. Experimental results indicate that the 1D-DCNN model can quickly and accurately classify mineral
spectrum with the accuracy of 99.32% , which is superior to the backpropagation (BP) algorithm and support vector machine
(SVM) methods, and it shows that the proposed method can fully learn mineral spectral features and implement a fine
classification result, with good robustness and scalability. The proposed method can apply further to the spectra classification in

coal, oil-gas, lunar soil and other fields.
Keywords Mineral spectra; Automatic classification; Dilated convolution; Deep learning

(Received Feb. 26, 2021; accepted Jun. 15, 2021)





