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Abstract

Available Parking Spaces prediction constitutes a crucial component of parking guidance systems
and represents one of the significant issues in the field of intelligent transportation. However, most
current prediction models for available parking spaces inadequately address the nonlinearity and
non-stationarity of parking spaces data, leading to substantial prediction errors and poor predic-
tion accuracy. To enhance the prediction accuracy of available parking spaces, a hybrid prediction
model based on Variational Mode Decomposition (VMD) and Long Short-Term Memory (LSTM) net-
works is proposed, tailored to the changing characteristics of available parking spaces. Using his-
torical available parking spaces data from curbside parking as the foundation, the available parking
spaces data is first decomposed into several linear and stationary modal components through VMD.
Each component is then divided into training and testing sets, and LSTM networks are employed to
predict each component separately. The prediction results are subsequently aggregated and recon-
structed to obtain the final prediction. To validate the effectiveness of the model, actual curbside
parking spaces data is selected for case verification. The results indicate that the proposed VMD-
LSTM hybrid prediction model outperforms other prediction models in terms of metrics such as R2,
Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error
(MAPE), achieving the highest prediction accuracy and the smallest prediction error. The research
reveals that the VMD method can effectively reduce the nonlinearity and non-stationarity of parking
spaces data. Compared with neural network prediction models without modal decomposition, the
prediction accuracy is improved by 40%~62%, demonstrating a significant increase in precision.
The VMD-LSTM hybrid prediction model successfully captures the patterns and trends in the varia-
tion of available parking spaces.
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