Wad % o 2/ M Fx % W Vol. 44 No. 9
2023 £ 9 H Chinese Journal of Scientific Instrument Sep. 2023

DOLI: 10. 19650/j. cnki. ¢jsi. J2311259

ETZERMEEBEENAEGHNERD
KSR E BB ITIREE M

K RBE M I, 2
(L AR EE AR S TRABE KB 1108195 2. EE L RA{E B 5856 TRER RN 221116)

7 B AN EERE A R T R A RS E R R T R R T 2R R R AN RA 1 RS TR ST
Mk, B0, T B E H AR P A 22 TR S A (R B A TR UL B, SR TR B = 3] O vk i r 2 FORRINE B B A RS PR
R HVR, FHTE IR WL ST & TR 5 2 1 3 0 Bl B 2% ) LAZES 0D A R EOIR S R B 2 T S h 15 B S 45 1 iy
SR B B RS S5 T SoftMax 432588, B BERP MG R B A TR S PEMASEAY 7 BLEE SR WR M LE TR M 2 — Fh 2 (5
ST TR B DL K B TR B 2 2] 2R SRS BTN AR | AR SO R 7 IR 45 B % IS 2 TR S5 B3R EE T B T 57
BRI S PR A P BE B PEM HERR ZR A2 W15A 99. 5% 55 98. 44% A T HA B LB B 5 2 AE T BT 5 i 0 A Sk A p e
KER BERMAE SRR 2R FAE R I BRIZ TR TR TR AR V3 I HLH

hE 4SS, TPI3 THI7 SCERERIDAD: A ERREFR SR, 510.80

Process operating performance assessment for magnesium melting process
based on adaptive fusion of multi-source heterogeneous information
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Abstract: In this article, a new operating performance assessment method based on adaptive fusion of multi-source heterogeneous
information (AFMSHI) is proposed for magnesium melting process. First, the data pre-processing is performed for the multi-source
heterogeneous information (MSHI) in the process of magnesium melting, and deep learning methods are used to formulate performance
assessment sub-models based on different types of information. Secondly, to fully consider the impacts of MSHI on the assessment results
under different melting states, the attention mechanism is used to establish an adaptive fusion network for the assessment results of each
sub-model. Finally, the fused assessment results are input into a SoftMax classifier, and the magnesium melting process assessment model
is formulated. The simulation results show that, comparing with the assessment model established by a single type of information or the
existing deep learning MSHI assessment methods, the assessment accuracy of AFMSHI based on simulation platform data and actual
production data reached 99. 5% and 98. 44% , respectively, which is higher than the compared methods by comprehensively considering the
roles of MSHI. The effectiveness and the superiority of the proposed method are verified.
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Fig. 1 Simulation platform of magnesia melting process
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Fig.2 Comparison of A-phase electrode current values before and after preprocessing in four operating performances
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Fig.3  Original waveform and Mel-spectrogram of arc sound in four operating performances
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Fig. 4 Raw furnace images and binarized preprocessed images in four operating performances
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Fig.5 Adaptive fusion model based on attention mechanism
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Fig. 6 The process of offline modeling and online assessment of

magnesia smelting process based on AFMSHI
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Fig. 10  Attention weights of MSHI based on simulation
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