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Research on aircraft engine thrust estimation method incorporating

attention mechanism
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(College of Energy and Power Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: Accurately predicting the thrust of aircraft engines is of great significance for directly controlling engine
thrust. This study aims to enhance the accuracy and practicality of thrust estimation models for aero engines. The re-
search first constructs a multi-task LSTM-Attention model that integrates Long Short-Term Memory (LSTM)
and attention mechanisms for time series forecasting. Additionally, to address the issue of thrust estimation under
different flight conditions, this paper employs Fine—tuning and an improved Domain—-Adversarial Neural Network
(DANN) transfer learning method to strengthen the model’s adaptability to multiple operational conditions. The re-
sults demonstrate that LSTM combined with the attention mechanism can effectively model long time series data,
rectifying LSTM's insufficiency in global modeling capabilities, while also overcoming the limitation of the atten-
tion mechanism in capturing relative position information. The multi—task learning strategy can significantly im-
prove the model’s prediction accuracy at the abrupt changes in the throttle levers, further enhancing the model’s ac-
curacy. The study of thrust prediction under different conditions based on transfer learning methods indicates that
Fine-tuning should be selected when there is limited target domain data, while the modified DANN method will
yield a model with higher accuracy when there is sufficient target domain data.
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Fig.7 Comparison of prediction curves
from various models
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Fig.9 Validation experiment workflow for transfer learning
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Table5 Experimental results before and after

single-source domain transfer model
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Table 6 Experimental results for multi-
source domain transfer models

Fine—tune DANN
L2/ EiL 7y
S00FEA 200084 500FEA 2 000FEA
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#£7 H=10 km,Ma=1.5 5 5 % 45
Table 7 H=10 km, Ma=1.5 Results of

the single-source domain model
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Fig. 11 Distribution of source domain dataset
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