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Prediction Model of End—point Phosphorus Content in
Converter Based on UMAP-GWO-DNN
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Abstract: Precise control of the endpoint phosphorus content in converter steelmaking is a core aspect for enhancing steel
quality and smelting efficiency. This study innovatively integrates Uniform Manifold Approximation and Projection
(UMAP), Grey Wolf Optimization (GWO) , and Deep Neural Network (DNN) technologies to construct a multimodal in-
telligent prediction model for 42CrMo steel. The UMAP algorithm is employed to perform nonlinear dimensionality reduc-
tion on high-dimensional smelting parameters (such as temperature, oxygen lance height, slag basicity, etc. ), effectively
extracting key features. The GWO algorithm is used to optimize the initial weights and hyperparameters of the DNN, sig-
nificantly improving the model’s convergence speed and stability. The experiments are conducted based on actual produc-
tion data from 20eats in a steel plant. Compared with the BP neural network, standard DNN, and GWO-DNN models, the
UMAP-GWO-DNN model achieves hit rates of 86. 7% and 95.4% in error ranges of +0.001% and +0. 002%, respec-
tively, and the root mean square error (RMSE) is reduced by 23. 6%. Industrial validation shows that this model reduces
the standard deviation of endpoint phosphorus content fluctuations by 41%, stabilizing the mean value from 0. 001 2% to
0.000 9%, successfully achieving the "narrow window" control target. This study provides a scalable technical path for
the digital upgrade of converter smelting processes.

Key Words: Endpoint Phosphorus Content; Converter Steelmaking; Deep Neural Network; Prediction Model; Industrial
Application
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Table 2  Statistics of main parameters of indicator variables

febr s i TR ME FoME FEME BAY

X, Bk Bt 90.9 69.1 79.58 81.8
X, TR 15.8 1.0 6.86 14.8
X, PN UA/e 3.0 1.0 1.49 2.0

X, MWL C 1669 1553 1601.13 1460
X, AR /m® 1894 217 957.35 1677
X W4 ik /m? 4188 1760 2 607.42 2428
X, AR BT kg 4656 358 1 467.05 4298
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X, B e R kg 2070 0 684.11 2070
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Table 3 Parameter settings of UMAP algorithm
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Fig. 1 Deep neural network training process
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Fig. 2 UMAP-GWO-DNN prediction model algorithm flow
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Fig. 3  Gray correlation between different comparison param-

eters and end—point phosphorus in converter steelmaking
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0.018 ” 0.018 - ~
(b) - .
| R | 0.003 A
0.016 o 0.016 0.002 P e
. e L 3 P - _,‘
0.014 _” (] 0.014 0.001 - $ e
® - 153 0 Py - -
2 . 2 L
0.012 | 0.012 f .
= E ‘_f ' - ® 7
[ & B ST
0.010 0.010 | e ¥ -
0.0018 .- L RMSE 0.0014
0.0015 - - e MAE  0.0011
0.008 0.132 0.008 " 4300257 MAPE 0.0976
. 0.481 gl e R 0.680
0.006 = - 0.006 . . :
0.006 0.008 0.010 0012 0014 0.016 0.018 0.006 0.008 0.010 0012 0.014 0016 0.018
LB {E/% SR/ %
0.018 — — 0.018 - —
i 0003 LT i 0003 @ S
0.016 0.002 - e 0.016 0.002 L -~
0.001 A et 38 0.001 e i/’
0.014 | <4 ey 0.014 Ay I
g 0 ,I', ‘, /', ’ 5 0 J', .’ /'/
e - e ,,1' - e
5 0012 o o : SR g o012} ey ¥ -
=3 ,-’ * 7 B ," 4 -~
0.010 f : i - 0.010 } : $ - (b} DNN
o L RMSE  0.0009 Jrie Lo - RMSE  0.0008
o P - MAE  0.0006 L/' . - MAE  0.0005
0.008 (< , 1:0.002%7 MAPE 0.0580 0.008 _ 1:0.002%7 MAPE 0.0517
s e R’ 0.871 R e R? 0.909
0.006 : 0.006 b
0.006 0.008 0.010 0012 0014 0.016 0.018 0.006 0.008 0.010 0012 0.014 0016 0.018
3 PR {E/ % LB/ %
B 5 TR #0250 24 T A RS S R AN TN 24 5 P 3 s (B L% : (a) BP, (b)DNN, (¢)GWO-DNN, (d) UMAP-GWO-DNN

Fig. 5 Comparison between actual and predicted end—point P content values in (a) BP, (b) DNN, (¢) GWO-DNN and (d)
UMAP-GWO-DNN neural network prediction model
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Fig. 6 Hit rate predicting the end—point P content using (a) BP, (b) DNN, (¢) GWO-DNN and (d) UMAP-GWO-DNN neural

network prediction model.
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Fig. 7 Relative error between the predicted phosphorus con-
tent of molten steel and the measured value by UMAP-GWO-
DNN model
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after applying UMAP-GWO-DNN predictive model
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