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Abstract

With the gradual improvement of the urban public transportation system, it is crucial to study and
predict the public transportation passenger flow in depth through big data and other emerging
technical means. The current public transportation OD (origin-destination) identification effi-
ciency and prediction efficiency are relatively limited, and the passenger flow distribution is not
reasonable enough to effectively support the analysis of public transportation travel characteris-
tics and public transportation special planning management, etc. Further in-depth research and
exploration are urgently needed from theory and practice, so the existing technology needs to be
improved. This article combines big data and machine learning techniques to analyze public
transportation data. Firstly, it optimizes the public transit OD identification algorithm by inte-
grating Transcad’s shortest path method. Secondly, it constructs five different models to develop
short-term public transportation passenger flow prediction algorithms and compares them. The
results show that after optimizing the public transit OD identification algorithm, there is a signifi-
cant improvement in algorithm efficiency. Additionally, the Tensor + ARIMA method performs
well in terms of efficiency and accuracy for short-term public transportation passenger flow fore-
casting, making it more suitable for practical applications in this field.
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Table 1. Example of a transit stop geospatial data structure
F 1 AR S HIRE B BRI

AR b A A e TR TS Sl BT LA
R ER 119.426691 32.372699 69 1 71
a3 119.42825 32.37296 69 2 60
T 119.432293 32.373743 69 3 88
HBr bt 119.434716 32.37554 69 4 350
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d = R *arccos [sin (Latgps ) #sin(Latgs ) +cos( Latgpg ) *€0os(Latgs ) * COS(LONgpg — LON g )]% €))
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Figure 1. Spatial relationship between front and rear passes
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Figure 2. Different methods for short-term passenger flow prediction
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Figure 3. The combined model structure diagram
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Flgure 4. Deep learning model for OD prediction of bus passenger flow
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Figure 5. Short-time prediction of OD of bus passenger flow based on Tensor-ARIMA
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