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Abstract

The flow of passengers entering urban rail transit stations exhibits characteristics such as nonli-
nearity, randomness, and periodicity. These traits pose challenges for the Long Short-Term Mem-
ory (LSTM) neural network, as its algorithm performance is highly dependent on preset parame-
ters when effectively dealing with such data characteristics, leading to a decline in prediction per-
formance. In order to enhance the accuracy of the model’s predictions, the study employs Empiri-
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cal Mode Decomposition (EMD) to decompose the time information of passenger flow into several
Intrinsic Mode Functions (IMFs), thereby removing some noise interference. The LSTM neural
network is then used to learn and predict the various IMFs. The results of the predictions demon-
strate that the combined EMD-LSTM model, compared to the LSTM model alone, achieves higher
accuracy in predicting passenger flow, thereby providing important references for predicting
passenger flow in urban rail transit stations.
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Figure 1. Schematic diagram of LSTM neural network structure
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Figure 2. EMD-LSTM neural network combination
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Figure 3. Line chart of inbound traffic
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Figure 4. EMD decomposition results
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Figure 5. LSTM model results
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Figure 6. EMD-LSTM model results
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Figure 7. Comparison of prediction results between two models
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Table 1. Evaluation and comparison of forecast results
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