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Urban Space Parking Difficulties Prediction Based on Ensemble Learning

TAN Wen’an, LIU Xinle
(School of Computer and Information Engineering, Shanghai Polytechnic University, Shanghai 201209, China)

Abstract: Parking space prediction technology is a feasible solution to solve the problem of urban parking difficulties. In view of the
difficulty of predictive models such as neural networks in dealing with complex situations like roadside parking, an integrated model
training method based on support vector machine and decision tree is proposed, which no longer focuses on predicting the number of
parking spaces, but on predicting the parking difficulty of a certain location. In each training cycle, a support vector machine model is
fitted, and the prediction error samples are collected. Finally, the decision tree model is trained on the set of misclassification samples
to improve the prediction accuracy of the whole model. This method is used to train a prediction model of parking difficulty in urban
space, and the model is used to predict parking difficulty in nearly a week. The experimental results show that the prediction effect of
this method is better than that of using support vector machine, decision tree and fully connected neural network model alone, and can
capture the basic situation of parking difficulty changing with time.
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