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Abstract: This paper presents an adaptive Transformer with GA-based hyperparameter
tuning for battery SOH prediction in energy storage systems. First, terminal voltage and
operating current are extracted as input features based on a second-order RC equivalent
circuit model, combined with SOH to form multi-dimensional time-series inputs. Then, the self-
attention mechanism of the Transformer is employed to capture long-range dependencies in
the charging and discharging process. Finally, GA is utilized to globally optimize key
hyperparameters including learning rate, batch size, network depth, and the number of
attention heads, thereby enhancing the model's generalization capability and prediction
accuracy. Experimental results on the NASA battery aging dataset demonstrate that the
proposed GA-Transformer outperforms CNN, RNN, LSTM, and GRU in terms of MAE, RMSE,
MAPE, and R?, validating the effectiveness and superiority of the proposed method.
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Fig. 1 SOH prediction results of the GA-Transformer
model
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Table 1 Comparison of predictive performance
across different models

LAY MAE RMSE MAPE R?
CNN 0.0386 0.0446 4.81% 0.8046
RNN 0.0217 0.0267 2.58% 0.9302
LSTM 0.0212 0.0255 2.58% 0.9360
GRU 0.0324 0.0393 4.14% 0.8483
Transformer 0.0099 0.0148 1.11% 0.9784
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