TP S H. 2022, 30(5)

Computer Measurement & Control + 55

i 5 A S

NXEHS 1671 -4598(2022)05 - 0055 - 07

FESHE S TP183

EF DAM #1 CNN-LSTM I3 B 5h 5
KEMRSHMNRE

i 2,5 %
(L R ERAKSE BULH RSB K 3003005 2. sERATAS b F(58 5 A3 L. KM 300300)

DOI:10. 16526/j. cnki. 11—4762/tp. 2022. 05. 010 XEkHRIRAS : A

WE: fxHighsh 1% (APU, auxiliary power unit) 482 BOE LAV A T5000 A9 ) R0, 2 5 — i 3% R AL 55 1 5 B9 XL B
EEAPLE (DAM, dual-stage attention mechanism) FIEEFMM LML (CNN) — K2 M4 (LSTM) RS/, fFrig
B4 7 T 0 5 AT F B B T 338 3 B /1 UL (CAM, channel attention mechanism) s i H By Be A T W FE £ 7% J1 LI (TAM,
temporal attention mechanism), & T CNN I 5 %2 FFAE 1 $2ICRE 77 F0 7 5 OC 58 5 8 6F 700000 4 tb 0952 w00 D o ik 1 bz A
ARG SR T SR TR B SCI R R, R MRS B M AMZ LK APU SRR E (EGT. ex-
haust gas temperature) il Hr 5 UM T ARAF A R0CR . THOIDORG B2 R E 42 5 .

KEEW: Wi B ARSI B B AL KEWHCIZ ML s HERORE s kLR

Prediction Model of Auxiliary Power Unit Performance
Parameter Based on DAM and CNN-LSTM
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Abstract: In order to solve the handicap that the performance parameters of auxiliary power unit (APU) are hard to accurately

2. College of Electronic Information and Automation, Civil Aviation University of China, Tianjin

forecast, a hybrid model of dual-stage attention mechanism (DAM) and CNN (convolutional neural network) -LSTM (long short-
term memory) based on characteristic and temporal is proposed. A channel attention mechanism is obtained in the characteristic ex-
traction phase and joined a temporal attention mechanism in the output phase. The ability for CNN is enhanced to extract important
characteristics. The influence of key information from historical moments on the prediction output was enhanced simultaneously. In
order to improve the accuracy of prediction, the improved pso algorithm was used to optimize the hyper parameters of the LSTM net-
work. The proposed method has extremely low errors in the prediction of APU exhaust gas temperature (EGT) with multi-variable
input and multi-step length, and the experimental results show that the accuracy of predition is significantly improved.

Keywords: auxiliary power unit; performance parameter prediction; dual-stage attention mechanism ; long and short-term mem-

ory network; exhaust gas temperature; particle swarm optimization
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