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Abstract :

Keywords :

Predicting the Remaining Useful Life (RUL) of lithium—ion batteries represents a critical technical
challenge for ensuring equipment operational safety and enabling intelligent operation and maintenance.
However, existing methods still suffer from small-sample data scarcity, heavy reliance on handcrafted
features, and poor model generalization performance. To address these issues, this paper proposes
a RUL prediction framework integrating data augmentation and deep learning to enhance prediction
accuracy and model robustness. First, Fuzzy C-Means (FCM) clustering is applied to categorize
battery degradation patterns based on the evolution of capacity degradation curves, and the
Wasserstein GAN with gradient penalty (WGAN-GP) is employed for conditional data augmentation,
generating synthetic samples consistent with real degradation trends to effectively alleviate the small—
sample data scarcity issue. Second, an autoencoder optimized through meta—learning is designed
to dynamically adjust the learning rate and momentum parameters, thereby improving the stability
and robustness of feature extraction and overcoming the convergence instability of traditional
autoencoders. Subsequently, a Bidirectional Long Short-Term Memory (BiLSTM) network equipped
with a hierarchical adaptive attention mechanism is constructed, which automatically focuses on
key time—step features to enhance temporal modeling capability. Finally, the proposed method is
evaluated on the publicly available NASA and CALCE lithium—ion battery datasets. Experimental
results demonstrate that the proposed approach achieves significantly higher RUL prediction accuracy
compared to baseline methods.

remaining useful life prediction; intelligent operation and maintenance, WGAN-GP;
BiLSTM; meta-autoencoder
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Table 1: Selection of Health Factors (HNEI)

Feature Columns Description

Cycle_Index Cycle index

Discharge Time (s) Discharge time (in seconds)

Decrement time for voltage range 3.6—

Decrement 3.6-3.4V (s) 3.4V

Max. Voltage Dischar.(V) Max voltage during discharge

Min. Voltage Charg. (V) Min voltage during charge

Time at 4.15V (s) Time spent at 4.15V

Time constant current (s) Time constant current is applied

Charging time (s) Charging time (in seconds)
F2: [HEH YR (CALCE)

Table 2: Selection of Health Factors (CALCE)

Feature Columns Description

Charge_Capacity(Ah) Charge capacity in ampere—hours (Ah)

Current(A) Current in amperes (A)

Voltage(V) Voltage in volts (V)

Discharge capacity in ampere—hours

Discharge_Capacity(Ah) (Ah)

Charge_Energy(Wh) Charge energy in watt—hours (Wh)

Discharge_Energy(Wh) Discharge energy in watt—hours (Wh)

AV/dL(v/s) Rate of change of voltage with respect
) to time in volts per second (V/s)

Internal resistance of the battery in
ohms ()
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Table 3: Statistics and Window Size ( Common )

LR TR ZISPVIN R pa

Rolling Mean (15) 15 B R/ 16 REN T8
Rolling Std (15) 15 B LA/ 16 TR bRife 2
Rolling Max (15) 15 B R/ 16 (sl KA

Rolling Min (15) 15 B RN 16 s e/IMA

Rolling Mean (20) 20 T RANA 20 (B T-HAME
Rolling Std (20) 20 7 CR/INH 20 s slbRifE
Rolling Max (20) 20 1 R/INA 20 HOEET RS
Rolling Min (20) 20 P FIR/NA 20 IR e/ IME

2. /N AT AR 4

T PR R P RS LI JR R S AR R B T SR T FELR S
HIRURIAEAE, XA RETN . RUL i M SOl S 45 B
BRI, R T S R AE R OR AR SOR /N
ARSI 5 S P RE AT AT o CEMee /NI RE I, I T
Daubechies 4 (db4) /NE, FHAEFEERSLAES T TH A
BRFEMS, IR S T E, RS T
ST EA R SR B PR M S AP 5SS

TE/NAOAE RN 2 0%RE L, B B S 2
(AT EOE R DU ARFESEIR 55K, A e A4 BP0 E R 3,
B ERE R IR NE S TSGR, NEHEE AR
IPERZ AT T RAFI T, e T airses 5Hftt. &
o WPT, BERSRSH IR 5 (4 AR B, g —aR
FHIFEE R, RIRSIT AR s i (22 S (L i =F
A RRAIE SRR . N AR R R LR 6 A 7

FRIEBREES

" TAVEGIE

MREERENRY

0 " » » a ) “ 0 0 0 [ @
HAEY L]

El6: /NEETIRMERIILLE (HNEL)

Fig.6: Comparison of Wavelet Packet Transform Effects (HNEI)
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Table 4: Parameter Selection and Rationale (Common)
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Table 5: Cluster Number Selection Criteria (HNEI)

UKL | B XL | RERAL Calinski-Harabasz f§%{

2 0.8249 0.5079 11399.0814

3 0.7840 0.5864 14581.8557

4 0.6929 0.4628 11858.7251

5 0.6426 0.3934 10033.8812

6 0.6358 0.4091 10255.4739

7 0.5896 0.3700 9014.7011

8 0.5862 0.37562 8816.1670

9 0.5488 0.33561 8020.1542

10 0.5258 0.3195 7274.6745

6. FFEFETIR (CALCE)
Table 6: Cluster Selection Criteria (CALCE)
RAHL BRI XL e Calinski-Harabasz f5%{

2 0.8274 0.5696 25937.8647
3 0.8439 0.6375 22636.0165
4 0.7782 0.5176 17094.1645
5 0.7810 0.5521 57612.9704
6 0.7270 0.4481 11172.8021
7 0.7314 0.4806 43681.6356
8 0.7145 0.4802 37992.6625
9 0.6625 0.3819 7049.3613

BRI I IXEL BIRAREL Calinski-Harabasz f§4{
10 0.6904 0.4577 38902.5276
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Fig.10: Data Augmentation Workflow
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Table 7: WGAN-GP Parameter Settings
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Table 8: BILSTM Parameter Selection
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Table 9: Model Performance Comparison (HNEI)

Model MAE MSE RMSE R?
BILSTM 00221  0.0012 0.033 0.98
LT wi

BILSTAM with 00211 00111 0.032 0.99
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Fig 11: Tllustration of Prediction Results (HNEI)
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F10: BURATEREILESE (CALCE)
Table 10: Model Performance Comparison (CALCE )

Model MAE MSE RMSE R2
BILSTM 0.0189 0.0006 0.024 0.97
BiLSTM with Hybrid
. 0.008 0.0003 0.0179 0.98
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Fig.12: Illustration of Prediction Results (CALCE)
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Fig.13: BILSTM Model Loss Curve
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Fig. 14: BILSTM Model Loss Curve with Attention Mechanism
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Fig.11: Comparison of Experimental Result ( HNEI )

UIRES MAE RMSE R2
GPR+CNN-LSTM 0.5173 0.9982 0.9987
Tr—AttentionLSTM 0.6662 1.0107 0.9982
Transformer 0.7937 1.2072 0.9977
DNN 0.9970 1.4537 0.9978
GPR+CNN-LSTM 0.7351 1.0823 0.9984
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Fig.12: Comparison of Experimental Result ( CALCE )
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