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Study on performance of Machine-Learning-Based prediction
model for slab reheating furnaces
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Abstract: Based on 8 297 data samples from a 1 450 mm hot-strip mill reheating furnace in a Chinese
steel plant, XGBoost and LSTM models using four sets of input variables had been developed and used
to predict furnace discharge temperature, energy consumption of per ton steel, and oxidation burn rate.
It was found out that the LSTM model performed well in predicting furnace discharge temperature and
oxidation burn rate, with coefficients of determination (R’) exceeding 0.95. The XGBoost model was su-
perior in predicting energy consumption, achieving R’ values above 0.94 and stable prediction trends.
Comparative analysis indicated that LSTM was more reliable for predicting time-dependent parameters
(such as discharge temperature and oxidation burn), while XGBoost provided higher accuracy for static
parameters (such as energy consumption). Further investigation revealed that LSTM effectively cap-
tures time-related patterns due to its gated mechanism. In contrast, XGBoost performed better on static
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features due to its ability to optimize feature combinations. Based on these findings, a hybrid LSTM-
XGBoost model was proposed. In this combined model, LSTM deals with time-series data, and XG-
Boost processes static data. Applying the combined model to furnace control can further improve pre-

diction accuracy. This study provides theoretical guidance and data support for optimizing reheating fur-
nace operations and enhancing resource efficiency in the steel industry.
Key words: hot strip rolling, reheating furnace, machine learning, heating-process optimization
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Table 2 Hyperparameter tuning configurations for the

models
Optimal
Model H h
ode yperparameter Search scope value
Tree depth [3,5,7,10] 7
Learning rate [0.01, 0.05, 0.1, 0.2] 0.1
XGBoost Subsample [0.6, 0.8, 1.0] 0.8
L, regularization
coefficient 10,0.1,0.5] 0.1
Number of hldden (32, 64, 128] 64
layer units
Time steps [5, 10, 15] 10
LSTM Dropout [0.1,0.2,0.3] 0.2
L [Adam, RMSprop,
Optimizer SGD] Adam

3.3 XGBoost fRAI TR
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Table 3 Evaluation metrics for the predictive capability of

the XGBoost model
N RMSE R
o T, E, B, T, E, B,

1 9.99 0.054 0.141 0.86 0.95 0.85
2 11.17 0.054 0.15 0.83 0.95 0.83
3 6.59 0.06 0.197 0.94 0.94 0.70
4 9.0 0.063 0.231 0.89 0.94 0.59
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Table 4 Evaluation metrics for the predictive capability of

the LSTM model
N RMSE )&
0 T, E, B, T, E B,
1 5.7 0.12 0.08 0.95 0.79 0.96
2 4.69 0.10 0.09 0.97 0.86 0.95
3 5.28 0.10 0.08 0.96 0.84 0.95
4 5.50 0.11 0.08 0.96 0.81 0.96
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