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Abstract: In order to study the residual life prediction of aeroengine rotor blades, a prediction model of
deep long short term memory (DLSTM) based on multi-sensor signal fusion was proposed. First, the DLSTM net-
work was constructed by the combination of DLSTM. Then, the multi-sensor signal data were fused to find the
hidden long—term dependence between the sensor timing signals through deep learning. Furthermore, given the
grid search strategy, the network structure and parameters of DLSTM were adjusted by the adaptive moment esti-
mation algorithm, and a random loss strategy was introduced into the DLSTM model to alleviate the over fitting
problem and standardize the prediction model. Finally, the CMAPSS turbofan engine was used to test and verify.
Under one failure mode and two failure modes, the evaluation indexes of DLSTM network prediction model were
relatively better than those of other traditional methods. The results show that the method proposed in this paper

has higher accuracy and stability.
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Table 1 Training results of DLSTM with combination of parameters

No. Layer No. Number of neurons in each layer RMSE Training time/s
1 2 150 20.40 34804.87
2 3 200 20.35 69720.27
3 3 250 18.56 98679.69
4 4 250 20.52 153776.33
5 5 100 18.43 56994.93
6 5 300 18.70 260307.16
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Table 2 Parameters of DLSTM model

Parameter Value
Initial learning 0.001
Training period 1000

Batch size 10

Loss function Mean square error
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Fig. 9 Prediction results of 4 engines
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Fig. 10 Actual and predicted RUL of 100 engines

(Based on similarity algorithm, SBA)"™ . % 3 W R T
PERE LR, P NJA KRR FE AT, RP IR T
DLSTM FI7E £ 4 42 FDOO1 H i il ik & sh ML 1 52 B A
SR E AR B MERE, 7T LLE H, AE X R RUL 3 0 [ 851
O Z TR RN T 4 A WA #1455 DCNN,
ELM,SBA %, H5HE ML, DLSTM B A /M
1547 S,R M RUL R 226 [l o XF b & 07 i h e 4%
4% ,DLSTM k2> T 17.19% , 1fi R {ELAH X+ He e 7 ik il e
MAEA IH FRE T 0.65% , RUL 1% 22 35 il i 2 r A3 7 25
T /N o 3K B R A TR Y DLSTM BAT A 4f 1) 13
T B 33X 16 B BT 42 A9 DLSTM Xt % & sh AL 750 1)

R A B
3.4.2 WA S G

H AL T 5 2 0 s =, (8 A 50 42 FD003
HEATHEE A9 RUL B0 LE 098 45 FDOOL1 IR XER 2. A
SCHIH FDOO3 %45 4 3¢ T DLSTM F1H &2 RNN Jf
W) RUL B0 P 68 . A0 55 IR JE 38 13 B 2 W 4%
(DRNN) | % [T # i 5 . 5¢ (DGRU) | A 1] GRU

Table 3 Performance comparison

Method s R RUL error range
MLP 17992 37.56 N/A
SVR 1381 20.96 N/A
RVR 1502 23.80 N/A
DCNN 1287 18.45 N/A
ELM-FC 1046 N/A [-80,120]
SVM N/A 29.82 [-64,69]
ESN-KF N/A 63.46 [-185,120]
SBA 791 N/A N/A
DLSTM 655 18.33 [-47,56]

(BDGRU) FIXL[ii] LSTM(BDLSTM) . A B J5 v #F R
AT PS8 R LR BT ok R e AR, R4
ICSR T A i s S5

B T AR RUL B 22 A TE .
FHABLRLE) 100 5 % ShHLAY RUL 5% 22 8 P 7E O BT,
HH e B, DLSTM (/9 RUL T % 22 5 4L
Ui BH DLSTM il £& 5 1 B 4f-

3 5 MRPE = AN VEAL 8 A5 A ) AR LA T A
BN ) JRI 45 5, AT LA, BB A DLSTM 7 S, R
A RUL 12 22 3 [ J7 10 fn 208 T B B i RNN A
R, FHorp DLSTM (4 S AHXT T H & 5 ik b e A T %
T 14.37% , T R {E AH X F 3 07 g i fe /MEAL &
FH T 1.54%, 1% 236 B J& e A3 7 b e/ iy o i
BDLSTM #1 BDGRU HH T~ H: 2t 45 (8 B 1] B 2% 4544 , fig
% W7 47 b 4b B A R A0 EHlE o Bk, BDLSTM Al
BDGRU (34 ¥8 bro g 22 TR ALZ5 R . BT DRNN 45
P fa 8, 5 B #E LAY RNN 454 45 L , DRNN fi4 7

Table 4 Key parameters of all methods

Model Layer number of LSTM Number of neurons in each layer Discarding rate
DRNN 4 100 0.5
DGRU 4 150 0.5
BDLSTM 3 150 0.6
BDGRU 3 300 0.6
DLSTM 2 250 0.7
Table 5 Performance comparison of five models on FD003
Method S R RUL error range Training time/s Online average cumulative time/s
DRNN 1358 26.12 [-73,44] 81503.25 0.11
DGRU 1105 20.86 [-48,45] 296997.23 0.15
BDLSTM 980 19.48 [-54,67] 234484.16 0.28
BDGRU 967 19.94 [-52,67] 449436.09 0.36
DLSTM 828 19.78 [-44,38] 346454.71 0.18
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