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Research on Fused Magnesium Furnace Working Condition Recognition Method

Based on Deep Convolutional Stochastic Configuration Networks

LI Wei-Tao' TONG Qian-Qian' WANG Dian-Hui*®* WU Gao-Chang®

Abstract In order to solve the defects of generalization ability and weak interpretability of fused magnesium fur-
nace working condition recognition model, an interpretable fused magnesium furnace abnormal working condition
recognition method based on deep convolutional stochastic configuration networks (DCSCN) is proposed in this pa-
per. Firstly, based on the supervised learning mechanism to generate Gaussian differential convolution kernel with
physical meaning, an incremental method is used to construct a deep convolutional neural network (DCNN) to en-
sure that the recognition error converges step by step, and to avoid the process that back propagation algorithm it-
eratively finds the optimal convolutional kernel parameters. This paper defines channel feature map independent
coefficients to obtain visualization results of fused magnesium furnace feature class activation mapping map, defines
interpretable credibility measure to adaptively adjust deep convolutional stochastic configuration network layers,
and recognizes untrustworthy samples to obtain optimal working condition recognition results. The experimental
results show that the proposed method in this paper has better recognition accuracy and interpretability than other
methods.
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Structure of interpretable fused magnesium furnace working condition recognition model based on
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Table 1  Comparison of missed diagnosis rate, misdiagnosis rate and accuracy based on reinforcement learning (%)
YRR bl
kit . — — -
Wiz RIEH FhRE WiE% LaZES bR
N KI5 7.61 £ 0.189 9.15 + 0.331 83.24 £ 0.195 9.95 + 0.216 10.30 £ 0.231 79.75 £ 0.108
e i a=-3| 9.08 + 0.082 10.14 £ 0.354 80.76 £ 0.228 10.51 £ 0.172 12.81 £+ 0.390 76.68 + 0.305
o KT 5.31 £ 0.239 1.96 £ 0.165 92.73 £ 0.166 5.24 £ 0.245 2.45 £+ 0.203 92.31 £ 0.283
== A= 7.36 £ 0.361 2.58 £ 0.313 90.06 £ 0.313 6.57 = 0.361 3.61 £ 0.313 89.82 £ 0.329
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Table 2  Results of ablation experiments (%)
PSS itk
e . m . o
UERZES LS i wiL% BBR W
KT 53140239  1.96+0.165 9273+ 0.166  5.24 + 0.245  2.45 +0.203  92.31 + 0.283
SN AT R MR B 557 +£0.232 25140223 919240278  7.204+0.173 159 £0.181 9112 + 0.347
FINER T R 429+ 0274 451 £0.391  91.20 £ 0.264 345+ 0.255  2.50 £ 0.329  90.54 + 0.231
KN AR DL R B A% 6.02 £ 0.183  4.25 £0.231 8973 £ 0.325 413 £0.242  6.73+£0.228  89.14 £ 0.179
R 3 AR SRR (%)
Table 3  Experimental results with different Gaussian noises (%)
" UEES AR
R -~ . " - .y "
IEIZES WRIZH il iz WIEH il
KIT7iE (n=0.3) 5.31 = 0.239 1.96 =+ 0.165 92.73 =+ 0.166 5.24 £ 0.245 2.45 £ 0.203 92.31 + 0.283
n = 0.6 1% 6.92 + 0.232 2.21 + 0.223 90.87 &+ 0.206 7.19 £ 0.173 2.52 £ 0.181 90.29 £ 0.347
n = 0.9 1% 8.31 £ 0.423 2.29 £ 0.248 89.40 £ 0.297 7.45 + 0.382 7.01 £ 0.274 85.54 £ 0.288
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Table 4 Comparison of missed diagnosis rate,
misdiagnosis rate and accuracy of test
samples with different models (%)

TR TRz SR R
SCN 14.21 +0.228  14.21 +£0.228  76.14 + 0.215
Pk BSC 12.58 £ 0.285  10.57 &+ 0.153  76.85 & 0.233
2DSCN 6.49 £ 0.263  15.52 £ 0.303  77.99 + 0.353
DeepSCN 9.04 £0.285  7.32+£0.075 83.64 + 0.209
CNN 6.82 £ 0.376 546 + 0.167  87.72 + 0.231
D447 245 5.36 + 0.268 4.72 +£ 0252  89.92 + 0.256
CNN+LSTM® 691 +0.201  3.52 + 0.184  89.57 + 0.337
AT 5.24 + 0.245 245 4+ 0.203  92.31 £ 0.283
x5 NRRDIERIRLEE EREXT L
Table 5  Comprehensive performance comparison of
different recognition models
TR ZH0R (MB)  YIZRRST) (s) BN [E] (s)
SCN 500.038 10278.834 0.011
Hui & BSC 500.038 8341.094 0.011
2DSCN 1000.038 12352.771 0.013
DeepSCN 127.899 15411.081 0.013
CNN 0.664 20714.322 0.014
DL 37 4 2% 1 0.046 26.258 0.022
CNN+LSTM" 4.127 20159.642 0.015
KI5 VE 12.854 18218.021 0.014
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