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Temperature Prediction of GCr15 Billet Core Based on
Heating Furnace Embedded Thermocouple Experiment
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Abstract: The core temperature uniformity control of billet in heating furnace is very important to the stability of product
quality ,due to the high temperature environment in heating furnace, it is always a difficult problem to predict the core tem-
perature of billet with high precision. In order to solve this problem, in this paper a temperature measurement method based
on billet embhedded thermocouple black box is established to effectively obtain the actual temperature distribution of billet at
different positions in the heating furnace. Based on the experimental data of black box temperature measurement, the meth-
ods such as data cleaning, data smoothing and standardization areapplied, based on the data-driven neural network, random
forest and XGBoost model, the unmeasured core temperature of billet is predicted by using the measurable gas temperature
in the heating furnace. The prediction results of core temperature of GCrl5 steel 150 mm x 150 mm billet show that the re-
gression prediction effect of XGBoost model is the best, and the relative errors are mainly distributed in the range of 0% -
5.4% . The absolute error of 97. 1% of the sample points in the model is less than 10 C, the RMSE error is 4. 1345 C ,
and the MAPE error is 0.47% . The method of billet core temperature prediction based on billet embedded thermocouple
black box temperature measurement + XGBoost model is proposed.
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Fig.1 Schematic diagram of thermocouple distribution position in GCrl5 Steel 150 mm X 150 mm cast billet
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Table I Record resultsof experimentalbillet temperature at T1-T12 points/C
AL/ Ti T2 T3 T4 TS5 T6 7 T8 ™ T10 T11 T12
0 31.5 30.8 29.8 27.9 27.9 27.9 27.9 27.9 27.9 29.2 30.5 28.2
30 31.6 30.8 29.8 27.9 27.9 27.9 27.9 27.9 27.9 29.5 30.5 28.2
60 31.8 30.8 29.9 28.0 28.0 28.0 28.0 28.0 28.0 29.9 30.8 28.3
20760 311.1 333.7 275.2 458. 8 413.9 469, 8 419.6 381.6 317.3 310.7 165.6 442.2
20790 227.9 204, 4 244.4 425.0 370.8 429,9 383.4 334.7 306.8 239.0 102.2 395.3
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Fig.3 Measured temperature change curve at thermocouple po-
sitions T1-T12 points of cast billet
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Table 2  Prediction results of the network for different
numbers of hidden layers

kF R R RMSE/C MAPE/ %
1 0.510 15.986 1 2.67
2 0.619 10.1253 1.13
3 0.607 15.7190 1.59
4 0.574 17.1413 1.59
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Table 3 Prediction results of the network under different
maximum neuron number
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Fig.4 Effect of decision tree depth and tree numbers on the
model prediction results
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Table 4 The best hyper parameters in XGBoost model

R 1 4 R RMSE/C MAPE/ % E iy
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Fig.5 Prediction performances of the artificial neural network, random forest and XGBoost models: (a) absolute error; (b) relative

error
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