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Exhaust Gas Temperature Margin Prediction of Aeroengine Based on
Fusion Neural Network

Li Jie,Meng Fanxi,Zhang Zichen,Zhu Wei

(School of Electronics and Control Engineering, Chang’an University, Xi'an 710064, China)

Abstract: The change trend of exhaust gas temperature margin (EGTM) of civil aviation engine reflects its per-
formance degradation. In order to employ the change trend of EGTM to map the performance degradation of the
engine, an deep integrated neural network prediction method based on empirical mode decomposition (EMD) al
gorithm and convolution short—term memory network (CNN-LSTM) is proposed in this study. EMD was used
to decompose the original EGTM sequence into multiple natural mode components and residual components, and
all the resulting components were used as model input. The convolution long—term and short—term memory net-
work was used to capture the nonlinear correlation of each component and extract the long—term dependence to
construct the framework of deep learning model. In order to verify the effectiveness of the proposed method, the
actual test data of EGTM of an airline for 10 years were used for experimental analysis, and five kinds of neural
networks were designed as competitive models for comparative study. The experimental results show that the

proposed EMD—-CNN-LSTM fusion neural network model can reduce the mean absolute error and the root mean
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square error by 37.82% and 33.01%, and increase the goodness for fitting by 1.02%, compared with competitive

models. Furthermore, when EGTM is in the sensitive area, EGTM single—point prediction accuracy of the pro-

posed model is significantly higher than that of other competitive models. Therefore, the proposed fusion neural

network model has good accuracy and stability in EGTM prediction of civil aviation engine.

Key words: exhaust gas temperature margin prediction; civil aeroengine; empirical mode decomposition; fusion
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Fig.1 Data distribution of EGTM of civil aviation engine
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Tab.l Parameter settings of the model

Type Parameters

First layer of ConvlD 5(size=1x3)

Second layer of ConvlD 5(size=1x3)

First layer of LSTM 200
Second layer of LSTM 50
Dense 1
learning_rate 3.5e-2
batch_size 64
epoch 50
Loss function MAE
Stride 1
Time step 7
Optimizer Adam
Dropout 0.5
Pooling size 1x2
Activation function Relu
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Tab.2 Comparison of the experimental results

Models MAE RMSE R?
MLP 2.62 3.69 0.942
CNN 1.88 2.72 0.967
RNN 2.23 3.01 0.962

LSTM 1.84 2.52 0.973

CNN-LSTM 1.56 2.09 0.982
EMD-MLP 1.46 2.26 0.980
EMD-CNN 1.54 1.98 0.983
EMD-RNN 1.35 1.88 0.985
EMD-LSTM 1.22 1.74 0.987
EMD-CNN-LSTM 0.97 1.40 0.992

M 2 A, A% F MLP,CNN,RNN,LSTM,
CNN-LSTM %5 5% 4+ %  EMD-CNN-LSTM /) MAE
45 R BT 62.98% ,48.40% ,56.50% ,47.28%
37.82% ;RMSE 43 5l T B¢ T 62.06% ,48.53% |,
53.49% ,44.44% ,33.01% ;R2 43 % LT+ T 5.31% |
2.59%,3.12%,1.95% ,1.02%, 74k, #4F EMD-
MLP,EMD-CNN,EMD-RNN,EMD-LSTM % f& 4 |
EMD -CNN -LSTM ) MAE 4> % F B¢ T 33.56% ,
37.01%,28.15%,20.49% ; RMSE /35!~ % 17 38.05%,
29.29% ,25.53% ,24.29% ; R* 73 % E T+ T 1.22%),
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Tab.3 Parameter comparison of fitting analysis

Models 0 b R
MLP 1.139 95 -8.274 19 0.987 19
CNN 1.004 06 0.519 20 0.986 08
RNN 0.931 66 6.110 02 0.986 90
LSTM 1.014 08 -0.223 97 0.988 25
CNN-LSTM 0.992 04 0.395 68 0.990 81
EMD-CNN-LSTM  0.996 45 0.304 88 0.995 83
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