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Abstract: The state of health (SOH) of lithium-ion batteries is a key indicator reflecting the degree of battery aging.
However, due to the nonlinearity and uncertainty of battery aging, it is challenging to estimate SOH accurately. Besides,
affected by the high time cost of battery data collection and the phenomenon of capacity regeneration, the traditional
data driving method is less effective when the number of historical charge-discharge cycles is small. To solve the above
problems, this paper innovatively proposes a two-dimensional region of support transductive learning (2D-RoSTL) method,
and establishes a precise data division method from coarse to fine, which is used for SOH prediction oriented to few charge-
discharge cycles. On the one hand, considering the batch characteristics of the same model block battery, using historical
data and batch data to construct a two-dimensional region of support to expand the information source of the model,
providing an extensive range of samples for selection. On the other hand, we first attempt to solve the SOH prediction task
by transductive learning method. Using offline and online information in the sample feature space, our model finely divides
each sample to improve the online prediction reliability in the case of a few charge-discharge cycles. Based on the NASA’s
public data set, the proposed two-dimensional region of support transductive modeling method has a prediction error of less
than 1.56% on the four batteries, and has realized the accurate prediction of the early history of lithium batteries and the
point of regeneration.
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Table 1 Experimental dataset partition

S Mg S HRA ORI S
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I No.7 No.5, No.6, No.18
v No.18 No.5, No.6, No.7
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Table 2 Comparing the predictive performance with
regression algorithms for direct modeling

PERefebr FEigmS LR SVR RF 2D-RoSTL

No.5 137 169 125 092
No.6 2.52 3.85 2.18 1.50
RMSE/% No.7 127 1.02 1.58 1.56
No.18 1.11 1.08 0.88 1.04
WHE 157 191 147 1.26

No.5 1.07 134 099  0.75
No.6 226 3.06 1.55 1.17
MAE/% No.7 083 0.70 122  0.96
No.18 0.80 0.94 0.71  0.78
WE 124 151 112 092
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Fig. 8 The SOH prediction effect of the regression algorithm
and the 2D-RoSTL algorithm on the No.5 battery
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Table 3 Comparing the predictive performance with

transfer learning algorithms

PEReFEdr Hign 'S DaNN CORAL DAN 2D-RoSTL

No.5 299 344 1.63 0.92
No.6 446 1195 3.23 1.50

RMSE/% No.7 1.50 740 127 1.56
No.18 0.66 742 082 1.04

WE 240 755 174 1.26

No.5 2.57 327  1.26 0.75

No.6 424 11.74  3.09 1.17

MAE/% No.7 1.10 720  0.96 0.96
No.18  0.50 7.19  0.55 0.78

WiE 2.10 735  1.47 0.92
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Table 4 Ablation experiment

eI op =y N = 1D- 2D-
PERETEAR SRS 2D-RoS 2D-TL ROSTL RoSTL
No.5 1.19 137 160  0.92
No.6 358 252 304 150
RMSE/%  No.7 153 127 182 156
No.18 1.06 111 194  1.04
Py 1.84 157 210 126
No.5 092 107 139 075
No.6 256 226 244 117
MAE/%  No.7 094 083 155 096
No.18 182 080 153 0.78
¥ 156 124 173 0.92
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