o5t 5 3] M, i 7 I Vol. 24 No. 3
2026 4F 3 H Journal of Power Supply Mar. 2026

DOI: 10.13234/j.issn.2095-2805.2026.3.170 HRESES: TMI12 XEREMS: A

BEEnRETHrMEEEsEE R it PDF
FFIEFR BN SOH it
BB RERZ ARRL B R A

(LAZEFEAEED)ARTAEASE], a4 010000; 2.4 7 b 5h 9 TR AR A,
B ¥ 211102)

HWE: A T35 F IC(incremental capacity)#) o7 7 ik B il b BT & 3 A4 iek, T T 4L 5T
AU R SR, B, ICHEXRF G o m s N £, LR BAFIE S % 3ok Bkwy Tk, At
RILFIR, AR IR B 1A TR B TS 5F B % 3 PDF(probability density function)#F 4242
B R A SOH(state-of-hedlth) &3 77 i . B sk, @it shd B b & 5 5 E B 44F %) PDF w4k, RG@
T F R EMERIT PDF A= |C i &K AR IR R BVERAEHEAT AT TR0, 2ok, AR5 3 duey 5 3 ik F Aol
AUk, M E R STBAER R K — BRI TANIR £, %5, £ CALCE RBELHITT RARFLHT
# SOH 16+t 28, EM T EF R EAR S ERTIENR,

XERIF: B TRl BERE; MESERK; ERFT

PDF Feature Extraction and SOH Estimation for Energy
Sorage Lithium-ion Batterieswith Noise | mmunity

YANG Yong', ZHU Haobin? ZHU Jingwu®, GE Jing?, ZHU Dan?

(1. Inner Mongolia Power (Group) Co., Ltd., Hohhot 010000, China; 2. Nanjing Nanrui Jibao Engineering Technology Co.,
Ltd., Nanjing 211102, China)

Abstract: The analysis method based on incremental capacity (IC) achieves effective analysis of the aging
mechanism of lithium-ion batteries by converting voltage plateaus into characteristic peaks. However, the immune
capability of 1C curves with respect to noise is poor, and the extracted health features are susceptible to interference
from the noise peaks. To solve this problem, a state-of-health (SOH) estimation method based on noise immunity
probability density function (PDF) feature extraction combined with an ensemble learning model is proposed. First, the
PDF curve is obtained by calculating the PDF of the voltage curve, and different peak features extracted from the PDF
and IC curves are analyzed and compared by setting different values of signal-to-noise ratio. Second, the learning speed
and randomness of extreme learning machine are used to construct an ensemble learning model framework, so as to
reduce the prediction error of a single model. Finaly, SOH estimation experiments under different noise conditions
were conducted on the CALCE dataset, and results demonstrated the high accuracy and reliability of the proposed
method.
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Tab. 1 Calculation of correlation coefficient of HF under different values of SNR
M P A AR FAL L Jhi = HF1 HF2 HF3 HF4 HF5
CS 35 0.99 0.86 -0.78 0.99 -0.93
Tl CS 36 0.98 0.84 -0.76 0.98 -0.93
CS 37 0.99 0.78 -0.71 0.98 -0.92
CS 35 0.99 0.85 -0.77 0.98 -0.11
SNR=50 CS 36 0.98 0.81 -0.74 0.95 -0.25
CS 37 0.99 0.78 -0.71 0.97 -0.18
CS 35 0.99 0.85 -0.76 0.92 -0.18
SNR=40 CS 36 0.98 0.81 -0.74 0.85 -0.25
CS 37 0.99 0.78 -0.68 0.82 -0.32
CS 35 0.98 0.83 -0.63 0.78 -0.12
SNR=30 CS 36 0.98 0.80 -0.64 0.68 -0.20
CS 37 0.98 0.84 -0.60 0.74 -0.21
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Tab. 2 Calculation results of error indexes for

SOH estimation

OX A
e 8 MAE/%  MAPE/%  RMSE/%
25
. ELM 335 5.65 4.18
SEEG 1

EnELM 0.85 141 112
. ELM 2.80 6.26 4.85
S

EnELM 112 2.76 158

" ELM 2.65 5.46 4.24

g 3

EnELM 0.87 1.70 119
. ELM 5.02 8.33 6.11
w4

EnELM 1.60 2.59 211

N T SR BRI PERE , TERSF S AR T
S LSTM. GPR fil ELM HEf7XTHL, 2550
% 3, HH RMSE,, & RMSE F¥H, «, b FiT
BRtEl, nTRIAEH, EnELM AR SE R AR,

*3 AEEEMMHIHREMITERE
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