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Abstract: With the rise of artificial intelligence, researchers have widely used deep neural networks in the
field of electric power. However, due to the uncertainty of the parameters of neurons in the hidden layer of
deep neural networks, the prediction accuracy of electric power is low, resulting in an imbalance between
the supply and demand of electric power and in power redundancy. To this end, we propose the Sin Particle
Swarm Optimization Number of Neurons of Deep Neural Networks (SPSONN-DNN) algorithm, which is
based on the mutation operation and inertia weight of the particle swarm algorithm improvement, to opti-
mize the parameters of the hidden layer neurons of the deep neural network. The experimental results
show that compared with DNN, extreme gradient boosting, linear regression, and the two improved
PSONN-DNN algorithms, the prediction accuracy of the SPSONN-DNN algorithm is improved by 1.
926%, 2.820%, 1.500%, 0.633%, and 0.582% , respectively; Compared with the two improved PSONN-
DNN algorithms, the DNN algorithm reduces the number of iterations by 6 and 4 times, respectively.

Keywords: power prediction; deep neural network; particle swarm optimization; prediction accuracy
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