S

B

A2 R ANHLE RHLBAZ OB, A BRIRBUN KL IE s fT 20 EE . 57K
ITAESS R, KWL ZE N 2R S 28 S AT 5, IR 380 1 J8 it A B A 2 il
AL ARG ar I MERE o BEE N TR B R R PRl A g, T2t B 5l 1) Tl 77 v 52
BT TTRMIE, VAT R ST A FEIR O DL R T e A A AL TR S R
fRRTT 28 o A BN )5 A1 M 2% (Temporal Convolutional Network, TCN) [1]45
AT AL, IRk T RESAE (mproved Particle Swarm Optimization, IPSO)
FAe A sk i TR] B AR N 2% Clmproved Temporal Convolutional Network, ITCN) [
%, @ IPSO-ITCN A BT HA 1) F6 42 45 FH 25w TR AR o AR S 3 B FE N
BUTR:

B, PEH T RS S (R SRR L o R AR R 2% A K DR R B i A
HOVEAZEY, (HIEARERMY KETFLL 2 fn k7 TigE, 52558 EEER
BRK . ARICANAR TR RA 2n =LA AT S K AR 2 PUT 5 R A R ZE P AT I
e, FRRE M AT DL, WS 1 RS B . M KL =K
SHARZ, W IR R SR BN TCN EAT T 25 ) 20 G BRFAIE 52
Wiy, DRI A P 2 I WL SR SR BT 25 R B AL 75 i B R AAE o g D5k Bk 22 B 5 4D ]
T AR X 48 25 5 T TS 380 2 IR TR) A RA R 285, 0 5k i [) o5 AR W 24 5 o [) o4
TR J1M 2% (Temporal Convolutional Attention Network, TCAN). X¥ A K4 i 42
M 4% (Bi-directional Long Short-Term Memory, BiLSTM). £ ¥ B {5 M4 (Deep
Belief Networks, DBN) %577 i%i@id SLIRgE T PEREXS Lo SLER A5 SRR, Sk iy [a]
LA 2 A S RS

B BN e AR X 48 () 2 AN [ 2 5 OB SN R B2 U B A i) R, AR SCAR
H—Fh IPSO-ITCN KI5 418 H %y (Remaining Useful Life, RUL) il 7%, i
SUHERL 7 3 SRR A S B [B) 5 AR Y 25 (1) B AR A RN B A . 7R AR R 4L
R ek R R ARE S A R AT LU, 5 SRR B U R A R R B B A
MRS R Oy TIAUEFTER IPSO-ITCN BEAY A 1, 7E C-MAPSS i 4E FikiT 1
Sz, TR ik S SR & R (Support Vector Regression, SVR). A Al B3
K| (Directed Acyclic Graph, DAG). IRE Gt M 4% (Deep Convolution Neural
Network, DCNN ) . ¥ 5 X [ 32 U5 #1 25 % 4% ( Deep Bidirectional Recurrent Neural
Networks, DBRNN) #EATELHE, 45 R H] IPSO-ITCN AR BA AT KL RE .«

K. NGRS RRMEMHGa RTHEE ERANE §KET



Abstract

Abstract

Aero-engine is the core component of an aircraft, and its performance condition is
crucial to the normal operation of the aircraft. In the mission, the aircraft needs to face a
variety and complex operating environment, which increases the difficulty of predicting
the remaining life of the engine through physical models. With the continuous progress of
artificial intelligence technology, data-driven prediction method has been widely
concerned, which provides a more reasonable solution for evaluating the health status of
aeroengines and predicting the remaining life. In this thesis, the structure of Temporal
Convolutional Network (TCN) is optimized, and the Improved Particle Swarm
Optimization (IPSO) is used to optimize the parameters of the Improved Temporal
Convolutional Network (ITCN), and the expected remaining useful life is predicted by
establishing IPSO-ITCN model. The main research contents of this thesis are as follows:

Firstly, an Improved Time Convolution Network is proposed. Time Convolution
Network uses expansion factor to increase the receptive field of the network, but the
expansion factor of the original residual block increases by the n power of 2, which easily
leads to the loss of implicit information. In this thesis, the residual block whose expansion
factor increases with the law of 2n-1 is supplemented and connected in parallel with the
original residual block, and then the outputs of the two blocks are spliced to avoid the
omission of important data information. Aeroengine data is large in quantity and has many
parameters. Directly inputting monitored aeroengine data into TCN for prediction can
easily ignore the influence of key features. Therefore, attention mechanism is used to
extract aeroengine life data features. Improved Time Convolution Network is obtained by
combining the improved residual block with attention mechanism, and the Improved
Temporal Convolutional Network is compared with Temporal Convolutional Attention
Network (TCAN), Bidirectional Long Short-Term Memory Network (BILSTM), Deep
Belief Networks (DBN) and other methods through experiments. The experimental results
show that the improved Temporal Convolutional Network has higher accuracy.

Secondly, in order to solve the problem that different parameters of the ITCN will
lead to the fluctuation of the prediction accuracy of the model, this thesis proposes an
IPSO-ITCN prediction method and uses IPSO to optimize the convolution kernel size and
convolution kernel number of the ITCN. The IPSO is compared with other algorithms on



Abstract

the test function, and the results show that the IPSO achieves better test results. In order to
verify the effectiveness of the proposed IPSO-ITCN model, experiments are conducted on
the C-MAPSS dataset, and the proposed method is compared with Support \Vector
Regression (SVR), Directed Acyclic Graph (DAG), Deep Convolutional Neural Network
(DCNN), and Deep Bidirectional Recurrent Neural Networks (DBRNN). The results show
that the IPSO-ITCN model has better performance.

Key words: Temporal convolutional network Remaining useful life Particle swarm

Optimization Attention mechanism Expansion factor
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