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Tab. 2 RUL prediction results of Bl cardiac pacemaker Lithium battery under different algorithms
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Operations Research and Cybernetics

Improved Grey Wolf Optimization Algorithm for Life Prediction of Medical Lithium Batteries

HE Cheng', LIU Changchun?, WU Yang®, WU Tao*, CHEN Tong’
(1. School of Intelligent Manufacturing and Control Engineering, Shanghai Polytechnic University;
2. School of Environmental and Material Engineering, Shanghai Polytechnic University, Shanghai 201209;
3. Shanghai First People’s Hospital, Shanghai 200080, China)

Abstract: [ Purposes]To improve the life expectancy of medical lithium batteries by improving the gray wolf optimization algorithm,
50 as to ensure the rescue timing and reduce the purpose of medical accidents. [ Methods] The improved gray wolf optimization algo-
rithm WKELM-NGWO algorithm was formed by the algorithm of wavelet kernel learning machine (WKELM) and niche grey wolf
algorithm (NGWQO). The NGWO algorithm is used to optimize the WKELM parameters, and the classification accuracy of the
training set is maximized as the objective function to obtain the mathematical model of the optimization process. The time series of
the lithium battery capacity of the medical electronic device is processed by differential method, and the multi-dimensional time se-
ries feature vector is obtained, and the feature vector is obtained by normalization, and is divided into a training set and a test set.
The fitness value of each gray wolf individual is calculated. and the fitness value is sorted. The individual positions of the fitness val-
ue ranked in the first three are respectively recorded as . After selecting the optimal gray wolfl individual position as the WKELM pa-
rameter to train the data, the remaining life prediction operation is performed on the lithium battery Bl of the cardiac pacemaker and
the lithium battery test sample for the cardiac defibrillator. [ Findings] Under the same prediction starting point, the root mean
square error (RMSE) error of the WKELM-NGWO algorithm is lower than that of the WKELM and NGWO algorithms, and the
remaining life of the medical electronic device based on the fusion algorithm WKELM-NGWO (Remaining Useful Life) The predic-
tion curve is closer to the degradation curve of the battery. [Conclusions]The WKELM-NGWO fusion algorithm enhances the adapt-
ability to different data, overcomes the problem of slow learning and structural instability of the wavelet kernel limit learning ma-
chine (WKELM), and overcomes the niche grey wolf algorithm (NGWQO). Low precision and slow convergence result in the prob-
lem of not jumping out of the local optimal solution.

Keywords: medical lithium battery; remaining useful life prediction; wavelet kernel extreme learning machine;niche grey wolf opti-

mization; improved grey wolf optimization algorithm WKELM-NGWO
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