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Short Abstract. The model predictive control method is proposed. A
spatio-temporal convolution prediction model is established to predict the
crowded location of subway stations in advance. The simulation model
was developed and effective facility management and control strategies are
given in time according to the forecast results.

1 Introduction

The continuous growth of operating lines and mileage of subway system attracts more and
more passengers, resulting in tremendous pressure for the subway cooperation to provide a
safe and efficient environment for passengers. As a result, passenger flow control in
subway stations has become a great concern for subway operation and management,
especially when dealing with emergencies and rush hour congestion[1]. Massive crowd
congestion and casualties in subway stations might occur when managers are unable to
detect subway passenger flow congestion in advance and take timely and effective crowd
control measures.

Summarizing the current studies on the topic of subway passenger flow control in
subway station, we can divide the passenger control methods into two categories, i.e., one
method tackles congestion by focusing on pedestrian behaviors, while the other approach
addresses congestion indirectly through the management of pedestrian infrastructure.
Considering the inherent challenges in directly regulating pedestrian behavior, more and
more researchers are turning their focus to leveraging pedestrian infrastructure as a means
to manage pedestrian flow. For instance, studies investigate how the width of building exits
affects pedestrian evacuation congestion [2], control pedestrian flow using moving
walkways [3], explore the influence of S-shaped guardrails on pedestrians in bottleneck
areas [4]. Most current research on pedestrian flow management focuses on individual
pedestrian facilities, neglecting their interconnected dynamics. Consequently, during peak
hours, it becomes challenging to coordinate the control of all pedestrian facilities within
subway stations. Considering the intricate system formed by pedestrian facilities in subway
stations, effectively modulating their status during peak traffic periods to alleviate
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pedestrian congestion poses a substantial challenge. Although there are few existing studies
on orchestrating the coordinated use of pedestrian facilities to manage pedestrian flow in a
single subway station. In order to reduce the congestion risk in subway station, a model
predictive control (MPC) method based on deep neural network is proposed. Firstly, the
subway station is modeled based on the social force model. Secondly, a spatio-temporal
convolution prediction model is established to predict the crowded location of subway
stations in advance. Finally, according to the forecast results, effective facility management
and control strategies are given in time.

2 Methodology

Model predictive control (MPC) method can well take into account the perturbation of
pedestrian flow in subway stations by the control measures. Predictor, controller and
simulation model were involved in the MPC method. The overall control logic is shown in
Fig 1. Firstly, based on the historical data of congestion and the historical state of
pedestrian facilities, prediction model generated the prediction data of congestion in the
control time domain. Then, in the optimizer, different control strategies were generated,
guided by the control objective function (Crowd Dangerous CD) proposed by Claudio
Feliciani [5], and the optimal control strategy was identified.

Controller Confrol strategy

Simulation model

Predictor

Sampled data

Rolling optimization
Fig. 1. Control process of MPC

2.1 Spatio-temporal convolution prediction model

The temporal-spatial traffic flow prediction framework [6] proposed in 2018 was selected
to build the deep learning model. The temporal convolution module consists of two layers
of temporal information processing module and one layer of graph convolution networks
(GCN) module. Recurrent neural network (RNN) is capable of handling variable-length
sequence data and plays a key role in a variety of sequence-related tasks. RNN and GCN
were used to improve the spatio-temporal convolution module, and an improved spatio-
temporal convolution prediction model RNN-GCN was established. Fig 2 is the overall
architecture diagram of RNN-GCN network.
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Fig. 2. RNN-GCN Overall network architecture
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Hyperparameters that need to be adjusted in the spatiotemporal convolution prediction
model include training batch Size, learning rate, input time step and prediction time delay.
Using the grid search method to optimize the training batch and learning rate. The training
batch was set to 10. The learning rate was set to 10™. The input time step was 17, and the
best prediction time delay was 10s.

2.2 Simulation model and sampled data

The simulation model developed in this paper included the tactical layer and the execution
layer. In tactical layer, boundedly rational route choice behavior was considered [7]. For
execution layer, the social force model was used to simulate the micro movement of
pedestrians. In order to obtain sampled data used for prediction, in the simulation process,
CD of train doors, escalators and stairs, and gates were collected. To fit with the inputs of
the deep learning network during the construction of the dataset, a spatial average of CD in
each sampled region was calculated, which was used to characterize the level of congestion
in that region. CD, opening number of pedestrian facilities and passing time of pedestrian
facilities were the key parameters. Then the time-series sampled data set was constructed.

2.3 Simulation model and sampled data

Cumulative crowding dangerous (CCD) was proposed to measure the crowding risk during
crowd movement in subway stations. CCD was calculated by cumulative CD exceeding the
risk management and control threshold a per 10s of simulation at subway station. In this
paper, o was set to 3m-3. In the MPC method, CCD of all facilities in the subway station
was the control target of the controller. Through the loop iteration between the predictor
and the controller, the optimal control strategy reduced CCD to the minimum. The control
strategy was a combination of state of pedestrian facilities. By adjusting the number of open
facilities of each node in a control time domain, the control objectives in the control time
domain were optimized. A total of six nodes of pedestrian facilities need to be adjusted.
Four nodes were escalators. The state of the escalator is open and closed respectively. The
other two nodes are two groups of gates. Each gate in each group has two states: open and
closed. Enumeration method and heuristic genetic algorithm were used to solve the control
strategy in each control time domain.

3 Results

3.1 Comparison of control effect

A non-interchange subway station in Shenzhen, China was selected to model and

simulation. The station layout and the CD collection areas are shown in Fig 3.
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Fig. 3. Crowding dangerous collection area setting

In this station, we initially assessed the influence of the number of open pedestrian
facilities and the required service time of these facilities on congestion. As depicted in Fig
4, a decrease in the number of open pedestrian facilities correlates with heightened
congestion in front of these facilities. Similarly, an increase in the required service time of
pedestrian facilities corresponds to increased congestion levels in front of the facilities.
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Fig. 4. The relationship between the status of pedestrian facilities and the congestion in front of pedestrian
facilities

3.2 Effect of large passenger flow control

CCD of the facilities in the subway station was calculated every 10s. The result is shown in
Fig 5. After the implementation of the MPC control strategy, CCD of the subway station
after 70s is significantly lower than that of the uncontrolled case. The MPC control strategy

reduced CCD to 42.5% of what it would have been without control.
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Fig. 5. Comparison of cumulative crowding dangerous before and after control

3.3 Conclusion

MPC method for subway station congestion management is proposed. The essence of MPC
method is to adjust the distribution of passengers in subway stations and reduce local
congestion by adjusting the opening and closing strategies of gates and escalators
cooperatively in different periods under the condition of large passenger flow. Through
case analysis, The MPC approach successfully leverages collaboration between pedestrian
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facilities to reduce congestion in metro stations. The effectiveness of MPC method is well
verified. In subsequent studies, the method proposed in this paper can be applied to more
complex subway station. The prediction model can be further optimized. The efficiency of
passengers entering and leaving the subway station is improved and the risk of crowd
congestion is reduced by controlling more facilities, such as station broadcasting, gate
opening and closing time, elevator scheduling form, etc.
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