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Prediction Method of Auxiliary Power Unit Exhaust Temperature
Based on BAM and CNN-GRU Mixed Model

HE Yong-bo, CAO Zhu-bing, YU Jie

(School of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract: Accurate prediction of exhaust gas temperature (EGT) of aircraft auxiliary power unit (APU)
can provide important information for APU health management. Traditional methods have low accuracy in long—
term forecasting. A hybrid model of bilateral attention mechanism (BAM) and convolutional neural network
(CNN)—gated recurrent unit (GRU) based on characteristic and temporal is proposed , five characteristic param-
eters with high correlation degree with exhaust temperature were selected to make multivariate prediction of EGT.
The introduction of BAM can automatically quantify the correlation between input variables and EGT, and
strengthen the expression of historical key information on the predicted output. The introduction of CNN can ex-
tract high—dimensional features that reflect the non-stationary dynamic changes of EGT. Experimental results

show that the proposed hybrid model achieves good results in single—step and multi—step long time series and mul-
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tivariate input EGT predictions. Compared with the BAM=GRU model, CNN-GRU model, GRU model, long
short—term memory (LSTM) model, support vector machine (SVM) model and back propagation (Back Propaga-

tion, BP) model, the prediction accuracy of the hybrid model has been greatly improved.
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Fig.1 1D-CNN
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Fig.2 GRU network
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Fig.3 Characteristic attention model
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Fig. 4 Temporal attention model
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Table 1 Part of raw data

Sample EGT/C N,/% N,/% W(kg/h) p,/kPa T /C

1 621 64.06 93.69 2792 442.06 107.63
2 618 64.00 93.75 2823 443.99 107.56
3 615 63.94 93.75 2809 442.68 107.50

1000 648 76.31 99.25 4583 502.56  102.56

APU Y HEACIRL B 5 A0 5C R IR 2 B07E RLA AT

4 2 A P Bl v FEIAR DR, HROHE i B 49 9l AN [
3 SR RO AT U — A A TAL B

x=——" (18)
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AR OB SF- 15 246 %1 15 22 (Mean Absolute Error, MAE) |
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# %} 1% 22 [ 4 H (Mean Absolute Percentage Error,
MAPE) VE JJ V- H 25 A5 20 15000 OKG 2 19 46 A, 2236 =X 40
TR

RN L L TN

(19)

(20)

MAPE = 12M X 100% (21)
ni Yi

K n HEEARNEC y, 5 7,00 R i DA 1 SE PR e
5 A A
42 1RBEILIGERSH

X FE A RS K AR SCH2 ) BAM Al CNN-GRU
HIR A #E 8 BAM-GRU £ (CNN-GRU B %! . GRU
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FA 1127 S 51 1 o< B G P <19 B 71 B 4 s O
B H 9 K2 GRU R 4% 55 LSTM ¥ 4% 45 ¥4 11 4 5% J1 A1
6] (4 8 2 8 (B2 oo B 2 o 128, W sh i 1 o
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#5341 2R H velu £ 2 3005 oRE, JF 1 ] Softmax bR K XF
HHEFTIH — 4k ; CNN W 25 (1 & FUZ R &8 64, 5
1, E KA JE R 4, dropout 24 0.3 ; BP W 2% 5% ] [
JZ R TOA B 8 1 X £ 25 44 5 SVML IR £ 2% A% )

R I8 A SOk AR 3 DA 48 B R E A AN ] A5 Y
) TO0I 1 i S5 ORG B SIS R L A5 R AN 2 BT OR .

Table 2 Comparison of prediction accuracy of different

models

Model MAE RMSE MAPE
BP 4.48 4.57 0.67
SVM 3.12 3.76 0.48
LSTM 2.96 3.47 0.46
GRU 2.71 3.17 0.42
CNN-GRU 2.02 2.98 0.32
BAM-GRU 1.97 2.39 0.30
Proposed 1.10 1.81 0.17
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HE 4l 158 25 45 S 4 b7, LR 2% 2 9 77 75 (BP,SVM)
TE T AR O G TR BE A= ) 1 5 v5 (LSTM, GRU,
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% i CNN-GRU ## %1 5 BAM-GRU #5 % %5 81 — iy I
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Fig. 6 Comparison of predicted values between the

proposed model and the machine learning model
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Fig.7 Comparison between the predicted value of the proposed model and the deep learning model
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