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Robust Regularized RVFLNs Modeling of Molten Iron Quality in

Blast Furnace Ironmaking

LI Wen-Peng® ZHOU Ping*

Abstract Optimal operation and control of a practical blast furnace (BF) ironmaking process depend largely on a reliable
model of molten iron quality (MIQ) indices that can not be measured online. Aiming at the shortcomings of the existing
MIQ modeling methods, a new data-driven robust regularized random vector functional-link networks (RVFLNs) algorithm
is proposed to realize robust modeling of MIQ indices. First, to improve modeling efficiency and reduce computational
complexity, the data-driven canonical correlation analysis (CCA) is employed to identify the most influential components
from multitudinous factors that affect the MIQ indices to serve as the input variables. Next, since the output weights of
traditional RVFLNs are obtained by the least squares approach, the robustness may decrease when the training dataset
is contaminated with outliers. To solve this problem, the robust RVFLNs model of MIQ using Gaussian distribution
weighted M-estimation is established. Simultaneously, on the basis of the least-square loss function of the robustness,
the L; regularization and Ls regularization are introduced to achieve sparse output weight and prevent the overfitting
and multicollinearity of the RVFLNs model by forming the Elastic net that optimizes the objective function. Finally,
experiments using industrial data from a large balst furnace have demonstrated that the proposed method produces a

higher modeling, estimating accuracy and stronger robustness than other modeling methods.
Key words Random vector functional-link networks (RVFLNs), robust modeling, Gaussian distribution weighted M-
estimator, blast furnace ironmaking, molten iron quality (MIQ)
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Fig. 1

Diagram of a typical BF ironmaking process
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Table 1  Significance test of canonical correlation coefficient
s R R
Wilk's Chi-SQ DF Sig.
1 0.337 299.701 72 0
2 0.527 176.485 51 0
3 0.754 77.786 32 0
4 0.958 11.678 15 0.703
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Table 2  Standardized canonical coefficients of BF body variables
PR SR AR
1 2 3 4
& R B 14.821 2.609 —3.502 —24.047 11.95769
ERL —0.669 1.803 0.658 3.633 1.695912
PURE I 0.724 2.664 —2.139 -0.209 2.885878
FE 2.749 1.384 —0.527 2.382 2.655439
THUE B 4A0% —0.06 —0.712 0.95 -0.022 0.865848
B 5.292 5.441 —6.701 10.201 9.263463
WELH B 0.801 0.268 —4.063 8.006 2.505639
RULEE 0.587 —0.469 —1.356 —0.268 1.23674
B R 11.697 —4.429 0.07 1.748 9.493758
BA% -5.751 3.556 —4.229 —4.556 7.362393
B WA —0.931 3.284 4.027 —0.233 4.222921
BRI 0.533 0.805 1.932 —0.465 1.654862
SRR B IRE —3.408 2.774 5.055 1.685 5.906544
Pl X3 —2.222 —0.705 2.385 6.454 2.824337
S MG —0.224 0.023 0.55 —0.767 0.401351
B AR —~1.85 —1.067 —0.255 —0.002 1.815443
PR —14.106 —6.874 0.208 15.053 12.34763
WA RS 0.292 0.651 —0.006 —0.198 0.535663
x10

RMSE of [S]
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~
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Fig.3 The relation curve between the modeling RMSE and the regularization coefficient
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