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Impact of bus alighting information on fine
classification of transit riders

LI Jun, OU Jingyi, and ZHAO Wenting

School of Intelligent Systems Engineering, Sun Yat-sen University, Guangzhou 510006, Guangdong Province, P. R. China

Abstract: The widely used bus one ticket system lacks off boarding information, and the passenger classification
based on the dataset of one-ticket bus system needs to be refined to evaluate the classification effect. This study uses
the large-scale bus ticket data with alighting information to compare and analyze the transit rider classification
models with and without the alighting information to explore the impact of the missing alighting information on the
fine classification of transit riders. The classification indexes and combined clustering method are adopted to refine
the classification of bus passengers. A case study of Beijing conventional buses which contain boarding and alighting
data of 28 consecutive days is presented and used to analyze the impact of bus alighting data and classification
indexes on the transit rider classification results. The result indicates that both models successfully complete the fine
classification of the riders and reflect the spatio-temporal characteristics of each type of riders. The model with
alighting information is able to identify the distance-concerned type with few samples such as the long-distance
transit riders accounting for 0. 25%. The standard deviation of the average proportion of categories in the model
without alighting information is much smaller than that in the model with alighting information. The results obtained

from the model without alighting information are more balanced, and the regularity of various categories of passengers

in multiple dimensions is significantly different, which can better reflect the macro characteristics of classification.
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Table 1 Shared classification indexes of transit riders between

model O and model W
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Table 2 Subsitude classification indexes of transit riders between model O and model W
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Table 3 Additional classification indexes of the transit rider

in model W
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