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Abstract: Accurate prediction of lithium-ion battery life is imperative for ensuring the safety of
battery systems. Traditional methods rely on complex feature engineering and struggle to
quantify prediction uncertainty. To address these limitations, this paper proposes a lithium-ion
battery life prediction framework integrating ensemble learning and quantile regression. The
proposed framework utilizes a Gated Recurrent Unit (GRU) augmented with an attention
mechanism as the fundamental learner. Incorporating a Bootstrap Aggregating strategy and
quantile regression, the approach necessitates only battery capacity sequences processed via
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a sliding window for prediction, thereby eliminating the requirement for complex feature
extraction. Validation on degradation data from five lithium-ion batteries with varying capacity
specifications demonstrates that the proposed framework maintains high prediction accuracy
across different prediction horizons. At a prediction horizon of 300 cycles, the Root Mean
Square Error, Mean Absolute Percentage Error, and Mean Absolute Error are as low as
0.4097%, 0.3246%, and 0.1104%, respectively, significantly outperforming traditional point
prediction models. A comparison of the proposed framework with single models and the
standard GRU model reveals that the former attains superior and more stable prediction
performance across all tested batteries. This enhancement can be attributed to the ensemble
learning strategy, which augments model robustness and generalization. In the context of
uncertainty quantification, the prediction intervals generated by the framework effectively
encompass the actual capacity values of the test batteries. Furthermore, the coverage rates of
the framework are notably higher than those of comparative models, underscoring its
superiority in uncertainty assessment. This study innovatively combines ensemble learning
with quantile regression, enabling high-precision point predictions while generating 95%
confidence prediction intervals. Consequently, this combination significantly improves the
accuracy and uncertainty quantification capability of lithium-ion battery life prediction.
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Table 1 Detailed specifications of the five tested
lithium-ion batteries with different rated capacities
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Fig. 1 Capacity degradation trends of the five
lithium-ion batteries with different rated capacities
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Fig. 2 Schematic diagram of the sliding window algorithm
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Fig. 7 Point prediction results of the capacity for the last 300 cycles of the five lithium-ion batteries with
different capacity specifications: (a) 3.0 Ah; (b) 3.4 Ah; (c) 3.6 Ah; (d) 3.8 Ah; (e) 4.0 Ah
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Table 3 Evaluation metrics for capacity prediction

results under different prediction steps
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Fig. 8 Comparison of capacity prediction errors of the three models for lithium-ion batteries: (a) 3.0 Ah;
(b) 3.4 Ah; (c) 3.6 Ah; (d) 3.8 Ah; (e) 4.0 Ah



% 6 1]

FBSLIAAE Bl STRN 237 5 m] U P8 10 1 o b 7 i T 5 2%

2389

B 25 & S R a3 B A ae 71, (A
S FROI RS G P 1B o A i GRU 8L R D A A
B IV 2 BOR 28 R B K B B AR
P, THD EAIE 193 R DL LE 4 4 s AR 2R 1 32 9k 5T
BRI SEEE T . BEULE 4.0 Ah IR 1 TN 2
AR RSN B BRE, SPHGEETE S, X
LT H T I IE A A3 AR, AR S I
R H R ek, A RYTE R AT PO B 5% 2 52 T R AR
SERERES A, WK ESE, HR4T7H,
A AILE TR AN A I 25 SRR 1 RMSE. MAE
FNMAPE $8 b5 535 A0 T AR P Fpox AR A . ax 75
25 T8 2 o) il i Bagging SIS PR T 7 7 2,
2/ HE 5 ) 2R T ST 250 R T T R A
. Attention-GRU HA5 A EAR 51 N T ¥ = /I HLH
DASREE OCRALI B, 75 2 MO 0 FL T 25 AL o7
WA T hr i GRU, H H F0MI 25 BEAE AN [R) R sk
BRI AN . X FEYR T HAR R — R, Gl
SHEAF R RN, SEENEREATRE. 5
{1 GRU Y [ FR0M 15 2 317 30 95 vy, L AE K T30
o R R R ZE RS, X T A T
REJIAE
F4 TEERNEETNERITNERR

Table 4 Evaluation metrics of capacity prediction
results for different models.

gi kit RMSE MAE MAPE
Ensemble Attention-GRU 0.4304% 0.3580% 0.1350%
3.0 Ah Attention-GRU 0.6173% 0.5797% 0.2023%
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