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State prediction method for power plant fans based on the
CNN-LSTM-AM dynamic integrated model
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Abstract: To solve the problem of low accuracy of the fan state prediction model when the power plant load changes, a dynamic
integrated state prediction method based on convolutional neural network ( CNN), long short-term memory ( LSTM) network and
attention mechanism (AM) is proposed. Firstly, the CNN is used to divide the sample data into different classes with overlapping
boundaries to achieve soft classification of wind turbine operating conditions. Then, the AM layer is introduced into the traditional LSTM
network. LSTM-AM networks as sub-learners are established under different work conditions. The soft classification labels output by
CNN are used as the initial weights, and the genetic algorithm is used to search for the optimal weight bias. Finally, the output of each
sub-learner is multiplied with corresponding weights and summed to obtain the integrated prediction value, which could improve the
prediction accuracy under different operating conditions of power plant fans. The experimental results show that, compared with each
LSTM-AM sub-model and signal LSTM-AM model, the proposed CNN-LSTM-AM dynamic integrated model can reduce the relative mean
square error by 11. 5% and 22. 3% when power plant fans are operating under variable loads. Results indicate that the model has better
robustness and applicability.
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Fig. 1  Architecture of the LSTM-AM model
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Table 1 Description of forced draft fan parameters
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Table 3 Prediction results

x| AR i P 4 t I I

RMSE 0.563 8.482 0.067 0.183 0.031 0.020
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3

34 LSTM-AM IS 1 DMREEM 1 DR
TIHUHIZ, 235 B 50 4B & 2 P20 M 36 > 42 i% H: pf
LUK, WIER 24 2T RN 0. 015, 2R Adam 3595 52 L
4%

4) AU B S

F SR rh 0 S H AR AL B8 e 4 1 T D0 1
5 SRR ) 321 7 2% e /NVE R EL bR pRE, B AR 1
3 AMACE B E, FRIEF B E N[0, 0. 1], FREERLE
50, FACEFEME 3 PR, AT LA B R 13485, B
oR IS B B b, B ORI E e OE W R E R
[0, 0.01345, 0],

3.2 REAK

P I A B i 4 S A A AR SCHRE HH 9 CNN-LSTM-AM
AR 5 B — LSTM-AM BERLHEFT 0, Sy PRIEXT L 25 5 11
AEEYE, P — LSTM-AM BUEIZEYIZmt i S8 B 5 13

MAE 0.347 5.202 0.076 0.300 0.023 0.015

CNN- RMSE 0.496 7.301 0.059 0.234 0.028 0.019
LSTM- RSE  0.072 0.071 0.008 0.007 0.178 0.517
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Fig. 4 Prediction results of the CNN-LSTM-AM model
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