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Abstract: To address the problems of many mineral categories, the existence of environmental impurities and other interfer-
ence information, and the similarity of some Raman spectra, a two—branch classification network RT —Net
(Residual —Transformer Net) based on convolutional structure and self —attentive structure is proposed by
combining the multi—scale feature information in the time and frequency domains of Raman spectra. The network
uses convolutional blocks to build a local feature extraction module and introduces channel attention to enhance
the local feature extraction ability; the self—attentive structure is used to learn the bidirectional dependencies in
the frequency domain of Raman spectra to extract global feature information, and the attentional fusion module is
used for multi—scale feature fusion for classification. The experimental results show that RT-Net achieves fast and
accurate classification of 1 321 types of mineral Raman spectra with an accuracy of 90.31%. In addition, the
three evaluation indexes of precision, recall and F1 score reached 0.878 1, 0.906 6 and 0.897 2, respectively,
further validating the effectiveness of RT—Net.
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Fig.9 Schematic diagram of visualization results of feature learning ability of RT-Net model
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Tab.4 Comparison of performance of different traditional

classification algorithms in data set

TR TR e
Yan X. et al™ RBF SVM 0.743 4
Kramer O. et al'™ Nearest Neighbors 0.774 1
Myles A. et al™ Decision Tree 0.736 4
Rish L. et al™ Naive Bayes 0.621 7
Tharwat A. et al' QDA 0.815 5
Guo G. et al' KNN 0.768 8
AT RT-Net 0.903 1
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Tab.5 Comparison of performance of different depth learning

algorithms in data set

YT SAITEE MR KSR BEPR RS
Ney H. et al'® LSTM 0.701 6 0.6425 0.6119 0.624 1
Cho K. et al GRU 0.6836 05991 05244 05732
Lea C. et al® TCN 0.788 4 07365 0.799 3 0.789 6
ZhaB.eral®  TISIOMIIT o 1535 07781 08197 0798 9

Encoder
Liu J. et al® CNN 0.866 4 0.8415 0.8624 0.860 3
Sang X. et al™ IDCNN  0.8774 0.8439 08791 0.8622

FREFF FMCNN  0.8541 0.7993 08557 08116

ATk RT-Net 09031 0.8781 0.906 6 0.897 2
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