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Abstract: The reduction process of ironmaking is difficult to be controlled, which is caused by its characteristics of
non-linearity and large time delay. Motivated by data decomposition, machine learning and error correction technologies,
a novel hybrid prediction model is proposed for blast furnace hot metal temperature in this paper. Firstly, the complete
ensemble empirical mode decomposition with adaptive noise is introduced to decompose the time series of hot metal
temperature. The complicated non-linear time series are transformed into various sub-components by extracting the regular
with different frequencies. Then, the relevance vector machine (RVM) is used to learn the rules of subsequences, and
the information of the molten iron temperature sequence is fully mined to obtain a prediction result with high accuracy.
Finally, the auxiliary parameter sequence processed by principal component analysis is used to modify the prediction
results, improving the prediction accuracy of the model. The results show that compared with traditional models such as
autoregressive integrated moving average model, the proposed model has better overall performance. The average absolute
error percentage is reduced by 53.57%, and the predicted hit rate within the range of 3 10°C for the hot metal temperature
is increased by 25%. The model has important practical significance for ensuring stable furnace conditions, improving
product quality and reducing smelting energy consumption.
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Fig. 2 Scatter diagram of hot metal temperature and auxiliary parameters after data preprocessing
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Fig. 5 Results of ablation experiments for
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