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Abstract

For the prediction problem of the remaining useful life of proton-exchange membrane fuel cells
(PEMFCs), this paper proposes a prediction method based on beluga whale optimization (BWO) op-
timized extreme learning machine (ELM). The method first applies a locally weighted regression
scatter smoothing method for data reconstruction and smoothing to retain the main trends of the
original data while effectively removing noise and spikes. Then, the relationship between voltage
and other parameters is explored through correlation analysis. Finally, the parameters of the ELM
model are optimized using the BWO optimization algorithm to obtain the optimal parameters for
accurate prediction of the remaining useful life of the PEMFC. The results show that the coefficient
of determination of the method is close to 1, and the mean average percentage error can be mini-
mized to 2.7309e-10, which demonstrates the excellent accuracy of the method in remaining useful
life prediction.
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Figure 1. PEMFC partial monitoring parameters
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Figure 2. Preprocessing comparison chart
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Figure 3. Correlation analysis results
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Figure 4. The prediction framework of this paper
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Figure 5. Comparison chart of prediction results
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Table 1. Comparison of evaluation indicators for different methods

= 1. FRIGEFNIEIRIEL

T R? RMSE MAPE
BP 0.96029 0.0030341 0.00074823
ELM 0.99955 0.00032454 4.6345¢-05
PSO-ELM 0.99998 2.989¢-09 8.0077e-10
BWO-ELM 0.99999 1.437¢-09 2.7309¢-10
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