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PEMFC performance degradation prediction based on optimized CNN-LSTM
using improved grey wolf optimization algorithm

GAO Fengyang', LIU Qingyin', ZHAO Lili%, QI Fengxu', LIU Jia'
(1. School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China;
2. CRRC Tangshan Co., Ltd., Tangshan 063035, China)

Abstract: To further improve the prediction accuracy of stack degradation and remaining useful life of proton exchange
membrane fuel cell (PEMFC) for vehicles, a novel vehicle PEMFC degradation prediction method is proposed based on
convolutional neural network-long short-term memory (CNN-LSTM) optimized by improved grey wolf algorithm
(IGWO). First, the data set is denoised and reconstructed using stationary wavelet transform, and IGWO is then used to
analyze the measured PEMFC stack degradation data to obtain the optimal hyperparameters for the CNN-LSTM model.
Next, the CNN-LSTM network model is trained with the optimal hyperparameters to predict PEMFC performance
degradation and calculate the remaining useful life of the PEMFC stack. Finally, under both static and dynamic operating
conditions, the proposed method is compared with traditional LSTM, gated recurrent unit network, and unoptimized
CNN-LSTM models. Results show that under static conditions with a 60 % training set ratio, the proposed method
reduces the root mean square error by 59.02 % compared with the traditional CNN-LSTM. With a 70% training set ratio,
the predicted remaining service life differs from the actual value by only 1.16 hours. Under dynamic conditions with a
40% training set ratio, the average absolute error is reduced by 18.78 %.
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Fig. 1 LSTM neural network structure
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Fig. 2 CNN-LSTM prediction process
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Fig. 3 Comparison results of performance evaluation
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Table 1 Feature parameters of data set FC1
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Fig. 7 Preprocessed experimental data set
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