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xd, wihAwidzay 2NIECELEE TSR, FETRROACLHKIE S AHMAR B, 4243444 SOH &
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RAFIE, ARG BB X A BAZT AR B E T AL BAZ &, 580 koA LI T AL & A/ BLed
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. mE, ATFEEBRRMEMAL (National Aeronautics and Space Administration, NASA) 42, b4k 35
AT RIBIGE, FARRAEL B A HAT b, RI LR A, FriR7 ik £ SOH &7 @AM+, &K
W3 Fix £ 4 0.00012, F3¥Lstiz £ 4 0.00892, F34sta nbiz £4 1.14%.
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Abstract: Accurate estimation of the state of health (SOH) lithium batteries is crucial for
ensuring the stable operation of energy-storage systems. In practical applications, the battery-
charging process often exhibits incomplete and non-stationary characteristics, resulting in
predominantly random segments of charging data. This poses significant challenges to
traditional SOH-estimation methods. To address this issue, in this paper we propose an SOH-
estimation method based on a dual-branch fusion network (DBFN) and meta learning (ML).
First, we divide the raw charging data into multiple voltage-interval segments, and we extract
from them the average incremental capacity, charging capacity, and charging time as health
features. We utilize the initial and terminal voltages of each segment as positional-information
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features. Subsequently, we construct a DBFN model that includes two independent branches
designed to process the aforementioned two types of features. This approach captures both
the health-related information associated with battery degradation and the contextual
positional information from the segments. We then employ a fusion module to estimate the
SOH based on the random charging segments. Furthermore, we introduce ML to facilitate

multi-battery task learning with limited samples, thereby rapidly optimizing the DBFN
parameters and enhancing the capability for generalizing the model. Finally, we performed
experimental validation using the NASA lithium-battery dataset and compared the proposed

model with other benchmark models. Our results demonstrate that the proposed method
excels in SOH estimation, achieving an optimal mean square error of 0.00012, a mean
absolute error of 0.00892, and a mean absolute percentage error of 1.14%.
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Table 1 DBFN parameter configuration
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Table 2 ML parameter configuration
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Fig. 6 MSE heatmap of the DBFN-ML model estimation results
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Fig. 7 MAE heatmap of the DBFN-ML model estimation results
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Fig. 8 MAPE heatmap of the DBFN-ML model estimation results

RIYI T BRI S &% BN R E
452K . B000S Hith (i fli tHhs i, H it MAPE
N 1.14%, & Z 15 00T I Al i 2.16%.
B0006. B0007 5 B0018 Hi ith [1] i . MAPE %] 4
2%, AL T B i ZE MAPE 2419 5%, SUA
1M 5, DBFN-ML 45 B 7E 46 K 22 # e [ B B R
MAPE X T 3%, /D80T Bolid 5%, R E
R TS L

*3 JVHEMENMRKNIRELER
Table 3 Minimum and maximum error results of
each battery
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Fig. 9 Optimal estimation curve of the DBFN-ML
model
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