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Abstract: Passenger flow prediction of urban rail transit is an important issue of 

intelligent transportation. To improve the prediction accuracy, we comprehensively 

considered weather conditions, temperature, holidays and other factors, and 

employed Seasonal Auto-Regressive Integrated Moving Average with an Exogenous 

regressor (SARIMAX) model and Gate Recurrent Unit (GRU) model for modeling and 

prediction. Furthermore, we designed an online learning scheme, Normalized 

Exponentiated Gradient (NEG) method, to dynamically weight the prediction results of 

SARIMAX and GRU. The experimental results have shown that NEG algorithm 

improved the prediction accuracy of the model on various tested sites. 
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1. Introduction 

Most of the relevant research on passenger flow has focused on passenger flow 

visualization and passenger flow prediction. Through the analysis and processing of 

data, objective and visual graphics are used to illustrate the pattern of the passenger 

flow.  

In terms of passenger flow prediction, Wen Yinghui et al. [1] established a short-term 

passenger flow prediction model of subway based on a two-way short-term memory 

network; Bao Lei[2] predicted the actual passenger flow of the next station in real-

time by establishing the grey model and Markov chain; Long Xiaoqiang et al. [3] 

proposed a deep prediction model for short-term passenger flow of urban rail transit 

(DBN-P/GSVM) based on deep belief network (DBN) and support vector regression 

machine (SVM), and optimized the SVM parameters based on genetic algorithm (GA) 

and particle swarm optimization (PSO); Yang Jing et al.[4] proposed a combined 

forecasting model based on a change point model, wavelet transform and 
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autoregressive moving average model (ARMA) to meet the demand for short-term 

forecasting. 

Considering the influence of time dependence and the external factors of passenger 

flow, the time series models for analyzing seasonal factors are combined with the deep 

learning models. The advantages of the two types of models could be taken to realize 

the prediction of single-day passenger flow. In this work, the passenger flow prediction 

model has been established by using the multi-seasonal moving average differential 

autoregressive model (SARIMAX) and gated cycle unit (GRU). The prediction results 

of the two models are integrated according to the normalized exponential gradient 

(NEG) online learning framework, by which the passenger flow at each site could be 

predicted in real-time. The codes can be accessed at https://github.com/Isaac-

QiXing/NEG. 

 

2. Method 

2.1 Seasonal Auto-Regressive Integrated Moving Average with Exogenous 

regressor(SARIMAX) 

The advantages of SARIMAX model lie in its rich theoretical basis, its ability to analyze 

the stable trend, its small number of parameters, and its consideration of seasonal 

factors. Compared with the original ARIMA model, SARIMAX model considers more 

factors and uses more widely. In addition, in order to further improve the prediction 

accuracy of the model, exogenous variables can also be added to the model. 

Given a time series 𝑌(𝑡), on the basis of the original ARIMA model, lag operator B and 

difference operation are introduced, and the SARIMAX model is formed after adding 

seasonal factors. The specific expression is as follows: 

φ(𝐵)Φ(𝐵𝑆)(1 − 𝐵)𝑑(1 − 𝐵𝑆)𝐷𝑌(𝑡) = θ(𝐵)Θ(𝐵𝑆)ε𝑡  (1) 

where φ(𝐵) = 1 −  φ𝐵 −  φ𝐵2 − ⋯ −  φ𝐵𝑝 is the coefficient of autoregressive term, 

θ(𝐵) = 1 −  θ𝐵 −  θ𝐵2 − ⋯ −  θ𝐵𝑞 is the coefficient of the moving average 

term, Φ(𝐵𝑆) = 1 − Φ1𝐵𝑆 − Φ2𝐵2𝑆 − ⋯ Φ𝑝𝐵𝑃𝑆 is the seasonal coefficient of the 

autoregressive term, Θ(𝐵𝑆) = 1 − Θ1𝐵𝑆 − Θ2𝐵2𝑆 − ⋯ Θ𝑝𝐵𝑄𝑆 is the seasoanl coefficient 

of the moving average term, 𝑆 is the seasonal period, d is the difference order, D is 

the seasonal difference order. 

2.2 Gate Recurrent Unit(GRU) 

GRU[5] is developed on the basis of Recurrent Neural Network (RNN)[6], which is the 

neural network structure obtained after simplified processing of Long Short-Term 

Memory (LSTM) network[7]. At the same time, it retains the advantages of traditional 

RNN and LSTM, and can be used for the analysis and processing of time series data. 

GRU recurrent neural network has one less gating setting than LSTM, so it has fewer 

https://github.com/Isaac-QiXing/NEG
https://github.com/Isaac-QiXing/NEG
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parameters than LSTM, is relatively easy to train, and can achieve the effect similar to 

LSTM. The input and output structure of GRU is the same as that of ordinary recurrent 

neural network. Each unit receives two variables, which are the original input value of 

the current state and the output value of the previous unit. After complex operation 

inside the unit, the output information vector will also be input to the next neural unit 

as the input value.  

The internal mechanism of GRU simplifies LSTM into two gating structures: update 

gate 𝑧𝑡 and reset gate 𝑟𝑡.The structure of its neurons is shown in Fig 1。 

 
 

Fig. 1 The structure of GRU 
The update gate is used to control the transfer of the state information of the previous 

hidden layer to the current hidden layer state. Reset the hidden layer information of 

the previous state is transferred to the current candidate hidden layer state ℎ̃. GRU 

neural network internal update calculation formula is as follows: 

 

𝑟𝑡 = sigmoid(𝑖𝑡𝑊𝑖𝑟 + ℎ𝑡−1𝑊ℎ𝑟 + 𝑏𝑟)  (2) 

𝑧𝑡 = sigmoid(𝑖𝑡𝑊𝑖𝑧 + ℎ𝑡−1𝑊ℎ𝑧 + 𝑏𝑧)   (3) 

ℎ̃𝑡 = tanh(𝑖𝑡𝑊𝑖ℎ + 𝑟𝑖☉ℎ𝑡−1𝑊ℎℎ + 𝑏ℎ)  (4) 

   ℎ𝑡 = 𝑧𝑡☉ℎ𝑡−1 + (1 − 𝑧𝑡)☉ℎ̃𝑡    (5) 

where 𝑖𝑡 is the input at time 𝑡 , ℎ𝑡 is the output at time 𝑡, sigmoid and tanh are neuron 

activation functions, 𝑊𝑖𝑟 , 𝑊ℎ𝑟 , 𝑊𝑖𝑧 , 𝑊ℎ𝑧 , 𝑊𝑖ℎ, 𝑊ℎℎ are weight matrices, 𝑏𝑟 , 𝑏𝑧 , 𝑏ℎ are bias 

vectors. 

2.3 Normalized Exponentiated Gradient (NEG) 

The normalized exponential gradient (NEG)[8] algorithm is an algorithm derived from 

the Online Mirror Descent (OMD) framework, where 𝑺 = {𝒘: ‖𝒘‖1 = 1 ∧ 𝒘 ≥ 0} ⊂ ℝ𝑑 
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represents the probability simplex, 𝑔: ℝ𝑑 → ℝ𝑑  represents the vectored valued 

function, and the 𝑖𝑡ℎ component function is: 

𝑔𝑖(𝜽) =
𝑒𝜂𝛉[𝑖]

∑ 𝑒𝜂𝛉[𝑗]
𝑗

. (6) 

Therefore, 

𝒘𝒕+𝟏[𝑖] =
𝑒𝜂𝛉𝒕+𝟏[𝑖]

∑ 𝑒𝜂𝛉𝒕+𝟏[𝑗]
𝑗

=
𝑒𝜂𝛉𝒕+𝟏[𝑖]

∑ 𝑒𝜂𝛉𝒕+𝟏[𝑗]
𝑗

·
∑ 𝑒𝜂𝛉𝒕[𝑘]

𝑘

∑ 𝑒𝜂𝛉𝒕[𝑘]
𝑘

 

=
𝑒𝜂𝛉𝒕[𝑖]𝑒−𝜂𝒛𝒕[𝑖]

∑ 𝑒𝜂𝛉𝒕[𝑗]𝑒−𝜂𝒛𝒕[𝑖]
𝑗

·
∑ 𝑒𝜂𝛉𝒕[𝑘]

𝑘

∑ 𝑒𝜂𝛉𝒕[𝑘]
𝑘

 

=
𝒘𝒕[𝑖]𝑒−𝜂𝒛𝒕[𝑖]

∑ 𝒘𝒕[𝑗]𝑒−𝜂𝒛𝒕[𝑗]
𝑗

. (7) 

where 𝜂 is the learning rate, 𝒛𝒕 ∈ ∂𝑓𝑡(𝒘𝒕),𝑓 is the loss function,such as mse. 

The SARIMAX and GRU models are integrated by NEG to realize the dynamic 

optimization of the weight of the prediction results. After the prediction results are 

constantly given by the two models, the combined weights of the two prediction 

results are dynamically updated, and the weighted results are closer to the real value. 

 

 
 

Fig. 2 seasonal decomposition result 
 

3. Case Study 

3.1 Data 

The data is provided by Baweitong Technology Co., Ltd, which is largest intelligent 

travel platform service operator in China. The data consists of historical trip data, site 
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data dictionary, user data, weekday data dictionary, weather conditions and other 

necessary non-privacy data. 

3.2 SARIMAX 

Taking Sta126 station as an example, there is no passenger flow in February 2020 due 

to the impact of the COVID-19. Therefore, we conducted seasonal decomposition on 

site 126 from the time series of passenger flow from March 4, 2020 to July 6, 2020. 

The results are shown in Fig. 2. It shows that the time series has significant seasonality 

and the period is one week (7 days), which conforms to the fluctuation law of urban 

rail transit passenger flow. 

3.2.1 Data Preprocessing 

The fluctuation of passenger flow is not only affected by its own periodicity, but also 

by external factors. For example, if the weather is bad on a certain day, the number 

of people traveling on that day will decrease. Therefore, we comprehensively consider 

external factors such as weather conditions, temperature and whether it is a holiday 

to conduct multivariate time series modeling analysis of passenger flows at a certain 

station. 

Temperature 

The travel time of rail transit is concentrated from 06:00 to 23:00. Generally speaking, 

the maximum temperature occurs between 1 and 2 p.m. and the minimum 

temperature occurs in the early morning. Therefore, the minimum temperature has 

little influence on the travel volume of the day, so it is weighted: 0.7*maximum 

temperature+0.3*minimum temperature, representing the average travel temperature 

of the day. 

Holidays 

The most direct way to deal with holidays is to create two dummy variables, one to 

indicate whether it is a weekend and the other to indicate whether it is a holiday. 

Because the time span of the data provided is short and the data in February is missing, 

the data from March to July are selected for analysis. In this period, there are few 

festivals, only Tomb Sweeping Day, Labor Day and Dragon Boat Festival. When fitting 

parameters, if weekend and festival are distinguished, their regression coefficients 

cannot pass the significance test. Therefore, we don’t distinguish between festivals 

and weekends, that is, only a dummy variable is built to indicate whether it is a holiday. 

Weather 

The description form of the weather condition is "xx/xx", and "xx" represents the 

weather condition, such as fine, light rain, heavy rain, etc. If the weather condition is 

simply converted into a dummy variable, it will cause serious sparsity, which is not 

conducive to the fitting of the model. Moreover, "aa/bb" and "bb/aa" have different 

impacts on the day's travel. Based on the actual situation and the significance test of 
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variable regression coefficient, this study planned to select two dummy weather 

variables: whether it was heavy rain (the worst condition was heavy rain or rainstorm) 

and whether it was moderate rain (the worst condition was moderate rain). 

Passenger Flow 

We performed standard normalization on the passenger flow in the training set. 

We used grid search to filter model parameters, which is determined by the Aic or Bic 

information criteria. 

3.3 GRU 

The temperature and passenger flow variable were treated in the same way as 

SARIMAX, but for weather and holiday category variables, we used dense embedding 

vectors instead of sparse dummy variables, and we use the LeakyReLU activation 

function to extract the nonlinear features. Also, Dropout [9] is added to prevent 

overfitting. 

3.4 NEG 

Taking site 126 as an example, SRIMAX and GRU models were respectively used for 

prediction, and NEG was used for dynamic weighting. It is worth noting that the 

passenger flow data of one day in the test set was abnormal, and it was found that it 

might be caused by rainstorm on that day. However, such weather conditions did not 

appear in the training set. Therefore, we corrected the passenger flow of that day by 

changing the actual passenger flow to the average passenger flow of the same 

weekday in history. 

The experiment results are as shown in Fig. 3 and Table 1. 

 
Fig. 3 predicted results 
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We use root mean square error (RMSE), mean absolute error (MAE) and average 

absolute percentage error (MAPE) as the evaluation metrics. In table 1, we can see 

that the results of the NEG model are better than that of the single model in RMSE 

and MAPE, which demonstrates that the NEG method can effectively improve the 

accuracy of passenger flow prediction, especially when the predicted value of the two 

models are greater than and less than the true value respectively. 

 

Table 1 metric results 

Station Method RMSE MAE MAPE 

Sta126 

SRIMAX 31.116 24.425 8.45% 

GRU 32.073 25.602 8.50% 

NEG 29.022 22.619 7.75% 

Sta63 

SRIMAX 29.433 24.292 9.62% 

GRU 30.295 24.605 9.72% 

NEG 28.225 22.480 8.92% 

Sta89 

SRIMAX 36.205 28.425 10.53% 

GRU 36.590 27.400 9.88% 

NEG 35.647 27.524 10.08% 

Sta134 

SRIMAX 50.265 34.831 16.70% 

GRU 52.244 39.457 18.06% 

NEG 48.399 34.578 16.21% 

 

4. Conclusion and Discussion 

The experimental results have shown that by combining two different types of models, 

SARIMAX and GRU, the NEG algorithm has improved the prediction accuracy on 

various stations.  

In future work, we’d like to consider to combine more types of time-series models by 

the NEG algorithm for dynamic weighting to improve the prediction performance. In 

addition, in the experiments we had neglected the spatial correlation among the site，

which would be considered in future.  
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