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Research on gray prediction of heated surface combining EMD and LSTM

Li Mengwei Shi Yuanhao Yang Yanru Zhang Zehui Liu Wenhai

(School of Electrical and Control Engineering,North University of China, Taiyuan 030000, China)

Abstract: In view of the fact that the ash in the heated surface of the boiler will reduce the heat transfer efficiency and safety, uses the
cleanliness factor as a healthy indicator to monitor the health of the heated surface of the boiler, and proposes a model that combines
empirical mode decomposition (EMD) and long short-term memory (LSTM) to predict future boiler ash deposit. EMD can decompose a
lime series into a series of intrinsic mode functions which are stable in frequency domain, both LSTM has a memory function, it can learn
to mine hidden long-term dependencies between time series, the combination of the two increases the accuracy of time series prediction.
It is verified by simulation software that the model has satisfactory accuracy in the prediction of the ash condition of the heated surface of
the boiler, and compared with two commonly used models, it was found that the prediction accuracy increased by 67.7% and 59.2%
respectively and the feasibility and validity of the model are verified.
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Table 1 Comparison of hyperparameters experiment results

. N =)
e MZTAM Epoch fi@éﬁﬁﬁﬁj\tt PIrARIR 2

122 (MAPE) (RMSE)

0 110 50 0.053 8 0.031 6
1 110 100 0.023 8 0.007 6
2 110 150 0.008 8 0.007 0
3 130 50 0.030 1 0.0157
4 130 100 0.008 6 0.007 4
5 130 150 0.007 3 0. 006 2
6 150 50 0.036 1 0.032 1
7 150 100 0.010 5 0.008 6
8 150 150 0.009 8 0.008 1
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Fig.2 Clearness factor prediction framework
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Fig.3 Heating surface cleaning factor curve
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Fig.4  Curve of cleaning factor after denoising
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Table 2 Error comparison table of three methods

TR J5 1% MAPE RMSE
EMD-LSTM 0.007 1 0.005 7
EMD-Elman 0.017 4 0.013 6
EMD-MLP 0.022 0 0.017 1
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