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Abstract: With the continuous expansion of the urban rail transit network, metro lines become increasingly

interconnected, and the number of stations continues to increase. Improving the accuracy of short-term
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passenger flow prediction is crucial for formulating passenger flow guidance strategies; therefore, this
paper constructed an improved CNN-BiLSTM model combining ensemble learning strategies through
passenger flow data analysis and loss function optimization to achieve station-level short-term passenger
flow prediction. First, through the classification analysis of data distinguishing regular stations and
transfer stations, a sliding window data partitioning method based on the autocorrelation function
was designed, and a multi-feature enhanced dataset under a limited dataset was constructed. Second,
the time features were transformed into periodic cyclic features through sine and cosine functions, and a
weighted combination loss function of MSE and R*> was designed as the optimization objective.
Meanwhile, the model integrated multi-scale convolution, spatiotemporal attention mechanism, and
BiLSTM/GRU module to enhance the prediction capability. Furthermore, the ensemble learning strategy
was introduced, and Adaboost was used to weight and calculate the prediction results of five improved
models to obtain more stable passenger flow prediction values. Finally, the empirical analysis shows
that the constructed multi-feature improved CNN-BiLSTM model has excellent prediction effects.

Keywords: Short-Term Passenger Flow Prediction; Multi-Feature; Multi-Scale Convolution; Improved

CNN-BiLSTM; Attention Mechanism; Ensemble Learning
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Tab.3 Prediction evaluation metrics of model for Sancha Station
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Tab.4  Prediction evaluation metrics of model for South Railway Station
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Tab.5 Prediction evaluation metrics of model for Sancha Station
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Tabh.6  Prediction evaluation metrics of model for South Railway Station
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