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A Hybrid Method Based on N-BEATS and Relevance Vector
Machine for Predicting State of Health of Lithium-Ion Batteries

LI Zelong, QIAO Gangzhu, CUI Fangshu, CAI Jianghui
(School of Computer Science and Technology, North University of China, Taiyuan 030051, China)
Abstract: As a core energy component in many fields, accurate prediction of state of health(SOH) is crucial
for lithium-ion battery during their lifecycle. A hybrid prediction method based on Neural Basis Expansion
Analysis (N-BEATS) and relevance vector machine (RVM) was proposed. Firstly, variational mode
decomposition was used to decompose the original time series to improve the accuracy of prediction; Secondly,
the decomposed subsequence was divided into high-frequency and low-frequency subsequences based on the
center frequency, and the deep neural network N-BEATS model with residual principle and RVM model were
used to model and predict them respectively; Finally, the prediction results of each subsequence were overlaid

and reconstructed to obtain the final prediction results. To verify the effectiveness of the proposed method,
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this paper conducted simulation experiments using lithium-ion battery data provided by NASA and CALCE.
The experimental results show that compared with the single N-BEATS model and the RVM model, the

proposed hybrid method can effectively combine the advantages of the two models and demonstrate higher

prediction accuracy. Furthermore, compared with the long short-term memory network, Gaussian process

regression, and support vector regression models, the root mean square error of the proposed method is reduced
by about 96. 5%, 74.5%, and 62.5%, and the mean square error is reduced by 97.3%, 76.7%, and 58. 8%,

respectively.

Key words: lithium-ion battery; state of health; N-BEATS model; variational mode decomposition; rel-

evance vector machine
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Fig. 7 Prediction results of capacity degradation for 6 types of

batteries in different charge and discharge cycles
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Tab. 3 Prediction results of a hybrid model in different charge and

discharge cycles

RIBAS  BOIGES Ew/ % Eys/ /0 R/ %
05 70 0.239 4 0.3389 99.87
90 0.1650 0.2200 99.91

806 70 0.430 4 0.5383 99.75
90 0.229 8 0.303 2 99.90

Bo7 70 0.1754 0.3197 99.82
90 0.1300 0.1838 99.90

B8 70 0.279 3 0.376 1 99.30
90 0.340 2 0.4189 97.99

o or 286 0.067 2 0.089 5 99.98
(5299 430 0.0720 0.095 7 99.98
278 0.078 0 0.098 8 99.98

(8250 416 0.083 7 0.106 6 99.96
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Tab.4 Performance evaluation for different models

Bk Eva/ % Ervs/ %
ATy 0.28 0.42
LSTM 10.21 12.02
GPR 1.20 1.65
SVR 0.68 1.12
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