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Abstract

A new data cleaning method for the GPS trajectory data on Didi Chuxing GAIA Open Dataset is de-
veloped. Random forests algorithm is employed to the identification of invalid, weak, and normal
data of the Didi Chuxing GAIA Open Dataset raw data. Firstly, the feature set is selected according
to the mathematical characteristics of three types of data, and then the optimal feature subset di-
mension is determined. Finally, to implement the proposed method, the Pandas and scikit-learn
Python library are used to read and process the data and the result illustrates the effectiveness of
this method.
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Table 1. The fields of GPS trajectory data of Didi Chuxing GAIA Open Dataset
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Table 2. The fields of order data of Didi Chuxing GAIA Open Dataset
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Figure 1. Typical patterns of vehicle speed from raw Didi Chuxing GAIA Open
Dataset
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Figure 2. The influences of the number of feature variables on the out-of-bag
classification error
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Figure 3. The results of the automatic cleaning of Sample
Data Set
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