F49E F1W H 3 tb % #k
2023 1 A ACTA AUTOMATICA SINICA

Vol. 49, No. 1
January, 2023

ETRRB BRI HARE B 77 AR R TN A H

ks oM Wek g #F
W OFE R R BN AR BB BORE P AR AN I s S 1 ), A TR B AE 2R R Y T — b e AR e S ST R A
(Nonlinear independent components estimation, NICE) [t 5 I [8] 77 51 A2 7725 1% 77 V2400 5 T 4 R0 HE B8 A A R s i
s R R RS, F 45 AR F RIS (Particle swarm optimization, PSO) ik NICE 4= i 45 KA 18
KSH, WNGR2E > I TR I B S oA, AT S5 IS 04 i 2 358 70 1 e RSB AN . DadE— 35 40 B8 BT 4R J7 v 1 B PR Y e, o) 2
TR B )R 2 B A 7 VAR B ) A A, e g S A = L R B AT TR AZ P 4% (Bidirectional long short-
term memory with attention, Bi-LSTM-Att) iR L 15 2% T A | S B 4% T X 75 o MO MERR TN . i /5, @ 48 A i iR
A B B SEBIATE 7S, BRAIE T 1% 7V IR A A 7R B AR A
KRR AR, RS, KRR, R IHLE, R P T
SRS ok, MR, HEME, k) . AL T RUB S R e B A BT IR R R A ar T R IR . B 3R,
2023, 49(1): 185-196
DOI 10.16383/j.aas.c220219

Missing Data Generation Method Based on Flow Model and Its

Application in Remaining Life Prediction

ZHANG Bo-Wei' ZHENG Jian-Fei' HU Chang-Hua' PEI Hong' DONG Qing’

Abstract Aiming at the problems of low accuracy and slow training speed of the missing data generation model,
this paper proposes a missing time series generation method based on the flow model framework, which improves
the nonlinear independent components estimation (NICE). The method relies on the flow model framework. The ad-
vantages of the high accuracy of the generative model and the fast training process are combined with the particle
swarm optimization (PSO) algorithm to optimize the annealing parameters of the NICE generation network
sampling, and the training and learning to monitor the real distribution of the data, so as to achieve the most op-
timal part of the missing data. In order to further broaden the application scope of the proposed method, this pa-
per uses the generated data obtained by the missing data generation method based on the flow model, and estab-
lishes a bidirectional long short-term memory network (Bidirectional long short-term memory with attention, Bi-
LSTM-Att) degradation device prediction model to achieve accurate prediction of the remaining life of the device.
Finally, the effectiveness and potential application value of the proposed method are verified through a case study
of lithium battery degradation data.

Key words Generative model, flow model, particle swarm optimization (PSO), attention mechanism, remaining life
prediction
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Table 3

PSO-NICE model parameters with different missing rates

UIGRERIR R REARIRR AP S R Be

SH EMAIT itk NICE SMRUKEL KP4 R/ BFRERDN PSO SR

10% 771 16 5 1000
30% 643 14 5 1000
50% 513 12 5 1000
70% 438 10 5 1000

128 1000 2 2 15
64 1000 2 2 15
64 1000 2 2 15
64 1000 2 2 15
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Table 4 The EM distance between generation sample and the complete sample under different missing rates
et P VAE GAN NICE PSO-NICE DCGAN-KS!
10% 0.081 0.064 0.056 0.012 0.007 0.024
30% 0.218 0.175 0.159 0.014 0.011 0.049
50% 0.357 0.282 0.207 0.024 0.013 0.072
70% 0.431 0.397 0.284 0.028 0.015 0.122
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Table 5  Parameters of existing common prediction networks
To ™ 2% M AE EEOUE Attention BUTHL AEREES BEMSEAE BARF AteERE SRR
RNN 1 64 0 1 1 3 16 4
GRU 1 64 0 1 1 0 16 5
LSTM 1 64 0 1 1 0 16 5
Bi-LSTM 2 64 0 1 1 0 16 5
Bi-LSTM-Att 2 64 1 1 1 0 16 5
LSTM #1 Bi-LSTM-Att 554 % F 70l X 45 (1) 2 nE .
W — v \ N N " U1 1 gk EPN
B TR, KNS R T BEHL i
T, [EE NS R . IZRiF &8R4 5, 5 5EAE 0% %
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K AT T 4% 75 A P
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MEIFE, LA 10%. 30%. 50% F170% PUFp o %
J, B9 o T [E— Bi-LSTM-Att [ 2% ) F5)
B
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(Root mean square error, RMSE) Fl#tE 2% (R-
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£ 6 AFETI A E R AL
Table 6  Effectiveness evaluation of different

forecasting methods

MAWIRES BkFE  RMSE R? BATI I (B)
RNN 0% 0.1679 0.77041 14
GRU 0.1376  0.72191 15
LSTM 0.0902 0.8713 15

Bi-LSTM 0.0746 0.9114 17

0% 0.0213 0.9907
10% 0.022 0.99
Bi-LSTM-Att 30% 0.0224 0.9898 26
50% 0.0328 0.978
70% 0.0424 0.9632

1M R? 1L 3RAR, M, yaFN (0, 1).7F
RN U
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Table 7 Quantification results of Bi-LSTM-Att
repeated prediction after imputation with
different missing rates

ot

10

Bk MBI 95% B {5 X1
0% 0.0213 [0.0379, 0.0468]
10% 0.0215 [0.0460, 0.0493]
30% 0.0294 [0.0526, 0.0657]
50% 0.0300 [0.0428, 0.1024]
70% 0.0468 [0.0560, 0.1054]
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