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Abstract: To address the limitations of conventional state of health (SOH) point estimation
methods for lithium-ion batteries, this study develops a more practical SOH interval estimation
method. Most previous interval estimation methods rely on distribution assumptions. However,
when real-world battery data deviate from these assumptions, estimation biases may be
introduced, consequently reducing estimation reliability. Consequently, the distribution-free
lower upper bound estimation (LUBE) method has gradually attracted attention, although it
still faces critical challenges. First, the loss function is non-differentiable, complicating model
optimization. Second, several studies employed Sigmoid functions to transform non-
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differentiable loss functions into differentiable loss functions; however, this approach often
requires manual slope-parameter tuning. Third, previous studies mostly rely on capacity as an
ideal health indicator; however, accurately measuring capacity is costly, and this limits the real-
world applicability of this method. To address these shortcomings, this study proposes a
distribution-free SOH interval estimation method for quantifying LIB SOH using multiple health
indicators. First, the kernel principal component analysis (KPCA) method is applied to reduce
the dimensionality of the extracted health indicators. Based on this, a dual-output neural
network model is constructed; this model introduces a loss function that eliminates the need
for manual slope-parameter tuning, enabling it to stably output high-quality prediction intervals
based on the reduced-dimensional data. Experimental results using the publicly available
CALCE dataset demonstrate that the proposed method consistently meets nominal-
confidence-level requirements while significantly improving prediction-interval quality.

Keywords: lithium-ion batteries; state of health; distribution-free interval estimation; lower

upper bound estimate; kernel principal component analysis
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Table 1 Specific parameters of the charging and
discharging phase in the CALCE dataset
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CS2_35 4.2 27 0.5 1
CS2_36 4.2 27 0.5 1
Cs2_37 4.2 27 0.5 1
CS2_38 4.2 27 0.5 1
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Fig. 1 SOH degradation curves of lithium-ion
batteries
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Fig. 7 Interval estimation results of the GD_LUBE
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Table 3 Performance evaluation results of the
GD_LUBE method on the CALCE dataset

Hil PICP MPIW cwcC
CS2_35 0.9095 0.0765 0.0765
CS2_36 0.9060 0.0777 0.0777
CSs2_37 0.9890 0.0688 0.0688
CS2_38 0.9442 0.0683 0.0683
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Table 4 Comparison of KPCA and non-
dimensionality reduction interval estimation results
G e 24 TN X [
PICP MPIW CWC
0.9780 0.0783 0.0783
0.9404 0.0798 0.0798
0.9681 0.0700 0.0700
0.9818 0.0710 0.0710

KPCA [ T3l X 1)
PICP  MPIW  CWC
0.9095 0.0765 0.0765
0.9060 0.0777 0.0777
0.9890 0.0688 0.0688
0.9442 0.0683 0.0683
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Fig. 8 CALCE dataset SOH interval estimation results
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Table 5 SOH interval estimation evaluation results for the CALCE dataset
211 Jiidi PICP MPIW CcwC
QD_LUBE 0.9584 0.0850 0.0850
€S2 35
GD_LUBE 0.9095 0.0765 0.0765
QD_LUBE 0.9358 0.0886 0.0886
CS2_36
- GD_LUBE 0.9060 0.0777 0.0777
QD_LUBE 0.9901 0.0761 0.0761
CS2_37
- GD_LUBE 0.9890 0.0688 0.0688
QD_LUBE 0.9721 0.0817 0.0817
CS2_ 38
GD_LUBE 0.9442 0.0683 0.0683
72 6 CALCE##E5&#ISOH Z S X E)EiHTEHER
Table 6 Evaluation results of SOH multi-step interval estimation for the CALCE dataset
\ . 1T 25T 3T
it I
PICP MPIW CcwC PICP MPIW CcwcC PICP MPIW CcwcC
QD_LUBE 0.9584 0.0850 0.0850 0.8996 0.0829 1.1014 0.8848 0.0830 2.2208
R GD_LUBE 0.9095 0.0765 0.0765 0.0911 0.0716 0.0716 0.9044 0.0754 0.0754
cs2 36 QD_LUBE 0.9358 0.0886 0.0886 0.9357 0.0955 0.0955 0.9184 0.0953 0.0953
- GD_LUBE 0.9060 0.0777 0.0777 0.8955 0.0885 1.3394 0.9322 0.0872 0.0872
cs2 37 QD_LUBE 0.9901 0.0761 0.0761 0.9879 0.0834 0.0834 0.9923 0.0827 0.0827
- GD_LUBE 0.9890 0.0688 0.0688 0.9901 0.0779 0.0779 0.9857 0.0787 0.0787
cs2 38 QD_LUBE 0.9721 0.0817 0.0817 0.9549 0.0792 0.0792 0.9624 0.0791 0.0791
B GD_LUBE 0.9442 0.0683 0.0683 0.9624 0.0745 0.0745 0.9720 0.0782 0.0782
\ . 45 55T 6 LT
it Jii:
PICP MPIW CcwcC PICP MPIW CcwcC PICP MPIW cwcC
QD_LUBE 0.9055 0.0774 0.0774 0.9263 0.0811 0.0811 0.7909 0.0778 234.0272
Cs2_35 GD_LUBE 0.9043 0.0712 0.0712 0.9080 0.0751 0.0751 0.9079 0.0773 0.0773
cs2 36 QD_LUBE 0.9471 0.0975 0.0975 0.9424 0.0975 0.0975 0.9400 0.0951 0.0951
- GD_LUBE 0.9344 0.0914 0.0914 0.9320 0.0879 0.0879 0.9181 0.0953 0.0953
cs2 37 QD_LUBE 0.9901 0.0784 0.0784 0.9834 0.0830 0.0830 0.9856 0.0832 0.0832
- GD_LUBE 0.9867 0.0742 0.0742 0.9790 0.0750 0.0750 0.9878 0.0766 0.0766
cs2 38 QD_LUBE 0.9709 0.0843 0.0843 0.9591 0.0888 0.0888 0.9364 0.0785 0.0785
B GD_LUBE 0.9580 0.0736 0.0736 0.9515 0.0760 0.0760 0.9622 0.0771 0.0771
% ,,—'% jc Fﬁk estimation with real-world data for electric vehicles[J]. Energy,
2023, 270: 126855. DOI:10.1016/j.energy.2023.126855.

[11 CHENY Q, KANG Y Q, ZHAOQ Y, et al. A review of lithium-ion  [4] ZHANG D F, LI W C, HAN X D, et al. Evolving Eiman neural
battery safety concerns: The issues, strategies, and testing networks based state-of-health estimation for satellite lithium-ion
standards[J]. Journal of Energy Chemistry, 2021, 59: 83-99. DOL: batteries[J]. Journal of Energy Storage, 2023, 59: 106571. DOI:
10.1016/j.jechem.2020.10.017. 10.1016/j.est.2022.106571.

[2] NI'Y L, SONG K, PEI L, et al. State-of-health estimation and 5] CAI L, LIN J D, LIAO X Y. A data-driven method for state of
knee point identification of lithium-ion battery based on data- health prediction of lithium-ion batteries in a unified framework[J].
driven and mechanism model[J]. Applied Energy, 2025, 385: Journal of Energy Storage, 2022, 51: 104371. DOI: 10.1016/].
125539. DOI:10.1016/j.apenergy.2025.125539. est.2022.104371.

[3] TIAN J Q, LIU X H, LI S Q, et al. Lithium-ion battery health [6] vk, EK. ZooFmE ML H A B 7 il SOC 5 SOH[J]. Hijt,



1386 & fE

Bo% 5 R

2026 #5515 %

2024, 54(5): 688-692. DOI: 10.19535/j. 1001-1579.2024.05.017.
ZHU B, XIA T. Estimation of SOC and SOH for Li-ion battery by
multi-verse optimization[J]. Battery Bimonthly, 2024, 54(5): 688-
692. DOI:10.19535/j.1001-1579.2024.05.017

[71 LI HJ, WANG S K, YANG L, et al. SOH estimation method for
lithium-ion battery packs under real-world operating conditions
based on a new attenuated model without additional experiments
[J]. Energy, 2025, 330: 136802. DOI:10.1016/j.energy.2025.136802.

[8] OKOSHI T, YAMADA K, HIRASAWA T, et al. Battery condition
monitoring (BCM) technologies about lead-acid batteries[J].
Journal of Power Sources, 2006, 158(2): 874-878. DOI:10.1016/j.
jpowsour.2005.11.008.

[9] CHEN L P, XIE S Q, LOPES A M, et al. A new SOH estimation
method for lithium-ion batteries based on model-data-fusion[J].
Energy, 2024, 286: 129597. DOI:10.1016/j.energy.2023.129597.

[10]LIN M Q, YOU Y Q, MENG J H, et al. Lithium-ion batteries SOH
estimation with multimodal multilinear feature fusion[J]. IEEE
Transactions on Energy Conversion, 2023, 38(4): 2959-2968.
DOI:10.1109/TEC.2023.3282017.

[11] GONG D L, GAO Y, KOU Y L, et al. State of health estimation for
lithium-ion battery based on energy features[J]. Energy, 2022,
257: 124812. DOI:10.1016/j.energy.2022.124812.

[12] GOU B, XU Y, FENG X. State-of-health estimation and remaining-
useful-life prediction for lithium-ion battery using a hybrid data-
driven method[J]. IEEE Transactions on Vehicular Technology,
2020, 69(10): 10854-10867. DOI:10.1109/TVT.2020.3014932.

[13]CHEN C, TAO G Y, SHI J T, et al. A lithium-ion battery
degradation prediction model with uncertainty quantification for
its predictive maintenance[J]. |IEEE Transactions on Industrial
Electronics, 2024, 71(4): 3650-3659. DOI:10.1109/TIE.2023.3274874.

[14]HE Y, BAI WY, WANG L L, et al. SOH estimation for lithium-ion
batteries: An improved GPR optimization method based on the
developed feature extraction[J]. Journal of Energy Storage, 2024,
83: 110678. DOI:10.1016/j.est.2024.110678.

[15]WANG Z P, YUAN C G, LI X Y. Lithium battery state-of-health
estimation via differential thermal voltammetry with Gaussian
process regression[J]. IEEE Transactions on Transportation
Electrification, 2021, 7(1): 16-25. DOI:10.1109/TTE.2020.3028784.

[16] KHOSRAVI A, NAHAVANDI S, CREIGHTON D, et al. Lower

upper bound estimation method for construction of neural
network-based prediction intervals[J]. IEEE Transactions on
Neural Networks, 2011, 22(3): 337-346. DOI:10.1109/TNN.2010.
2096824.

[171PEARCE T, BRINTRUP A, ZAKI M, et al. High-quality prediction
intervals for deep learning: A distribution-free, ensembled
approach[C]//Stockholm: Proceedings of the 35th International
Conference on Machine Learning, 2018, 80: 4075-4084.

[18]PANG X Q, GUO Z Y, JIA J F, et al. A distribution-free interval
estimation method for lithium-ion battery state of health[J]. lonics,
2025, 31(8): 7939-7952. DOI:10.1007/s11581-025-06470-3.

[19] WILLIARD N, HE W, OSTERMAN M, et al. Comparative analysis
of features for determining state of health in lithium-ion batteries
[J]. International Journal of Prognostics and Health Management,
2013, 4(1): 14-20. DOI:10.36001/ijphm.2013.v4i1.1437.

[20] HE W, WILLIARD N, OSTERMAN M, et al. Prognostics of lithium-
ion batteries based on Dempster-Shafer theory and the Bayesian
Monte Carlo method[J]. Journal of Power Sources, 2011, 196(23):
10314-10321. DOI:10.1016/j.jpowsour.2011.08.040.

[21]XING Y J, MAE W M, TSUI K L, et al. An ensemble model for
predicting the remaining useful performance of lithium-ion
batteries[J]. Microelectronics Reliability, 2013, 53(6): 811-820.
DOI:10.1016/j.microrel.2012.12.003.

[22]WENG C H, CUI Y J, SUN J, et al. On-board state of health
monitoring of lithium-ion batteries using incremental capacity
analysis with support vector regression[J]. Journal of Power
Sources, 2013, 235: 36-44. DOI:10.1016/j.jpowsour.2013.02.012.

[23] PANG X Q, LIU XY, JIA J F, et al. A lithium-ion battery remaining
useful life prediction method based on the incremental capacity
analysis and Gaussian process regression[J]. Microelectronics
Reliability, 2021, 127: 114405. DOI:10.1016/j.microrel.2021.114405.

[24]LV Z H, SONG Y, HE C L, et al. Remaining useful life prediction
for lithium-ion batteries incorporating spatio-temporal information
[J]. Journal of Energy Storage, 2024, 88: 111626. DOI:10.1016/j.
est.2024.111626.

[25] SHRIVASTAVA N A, KHOSRAVI A, PANIGRAHI B K. Prediction
interval estimation of electricity prices using PSO-tuned support
vector machines[J]. IEEE Transactions on Industrial Informatics,
2015, 11(2): 322-331. DOI:10.1109/T11.2015.2389625.



