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Health prediction of lifting machinery based on CNN and

bidirectional LSTM with encoder-decoder architecture
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Abstract: To address challenges in multi-time-step health prediction for lifting machinery, such as short data
spans, high-frequency measurements, multi-dimensional feature complexity, and limited labeled data, this paper
proposes a hybrid method combining convolutional neural network (CNN) and bidirectional long short-term
memory (BiLSTM) networks with an encoder-decoder architecture (ED-BLSTM). The method begins by
chronologically organizing monitoring data, followed by segmenting and reconstructing the dataset while
maintaining consistent input-output time step sizes. The processed data is first fed into a CNN to extract the main

features, generating a multi-dimensional feature matrix. This matrix then trains a BiLSTM network within an
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encoder-decoder framework to build a predictive model for multistep forecasting of machinery health status.
Comparative experimental results show that the method reduces validation loss by 0.097% to 0.474% and
prediction loss by 1.230% to 1.411%, outperforming current mainstream approaches. These results demonstrate its
potential to advance predictive maintenance in industrial equipment.

Keywords: lifting machinery; health prediction; bidirectional long short-term memory; convolutional neural

network; encoder-decoder
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Fig.1 Process of data prediction
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Fig.2 The structure of recurrent neural network in LSTM
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n=c(W,[m. ., x]+b,), (5)

m,=n,xReLU(U,), (6)
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Fig.3 The structure of the target algorithm model
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Fig.4 Structure of metallurgical lifting machine
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Fig. 5 Location of measuring points

1 MWAMERER

Table 1 Information of measuring points’ location
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Table 2 Predict result in 11:18:04.493

Ik | €| Foe = e n, AL
CNN+ED-BLSTM 191.269 605 1.068 041 8.756 003 safe
ED-LSTM 193.349 503 3.147 939 8.661 813 safe
CNN+ED-LSTM 192.076 910 1.875 346 8.719 201 safe
ED-BSLTM 192.617 437 2.415 873 8.918 450 safe
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Table 3 Predict resultin 11:18:04.893

WZRES Eue ave ~ Eine n, B
CNN+ED-BLSTM 190.872 124 0.759 785 8.774 237 safe
ED-LSTM 192.439 920 2.327 581 8.702 754 safe
CNN+ED-LSTM 191.415 793 1.303 454 8.749 316 safe
ED-BSLTM 191.264 907 1.152 568 8.756 218 safe
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Fig. 8 Experimental result of validation loss Fig. 9 Experimental results of prediction loss
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Table 4 Experimental results of prediction loss

Times CNN+ED-BLSTM ED-BLSTM CNN+ED-LSTM ED-LSTM
1 4.539 4.892 6.312 5.6927
2 3.792 7.016 4.389 4.863 7
3 4.392 5.003 6.327 5.3296
4 4.948 6.472 5.032 7.314 8
5 4.023 5.364 5.932 4.642 3

Avg 4.339 5.750 5.600 5.569 0
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ED-LSTM 4 5.600% ,ED-BLSTM 4 5.750% .
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