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Abstract. This study focuses on Line 10 of the Nanjing subway system, analyzing the spatiotemporal 
distribution characteristics of passenger flow data from the perspectives of network layout and station 
functionality. The research summarizes the unevenness, temporal variability, periodicity, and 
similarity characteristics of passenger flows along this line. Addressing these characteristics, a 
preprocessing method combining Self-Organizing Map (SOM) algorithm with Isolation Forest is 
proposed for handling passenger flow data, which involves data classification and anomaly detection. 
Input features such as periodic flows, weekday identification, weather conditions, and passenger 
flow categories are constructed. A Short-Term Passenger Flow Prediction Model (PSO-SVM) is 
developed, employing Support Vector Machine (SVM) algorithm optimized by Particle Swarm 
Optimization (PSO) for enhanced parameter tuning capability. The integrated predictive model is 
applied within the operational decision-making framework of Line 10, facilitating data storage, 
retrieval, and analysis of future station passenger flows. This enables rail transit operators to adjust 
operational strategies more accurately based on predicted passenger flows, thereby improving 
overall energy efficiency.  

Keywords: Urban rail transit, passenger flow prediction, passenger flow analysis, support vector 
machine, long short-term memory neural network, BP neural network.  

1. Introduction 

With the vigorous development of China's economy and the accelerated urbanization process, the 

urban resident population continues to grow steadily, leading to increasingly severe traffic congestion 

issues.[1-3] In order to improve the traffic situation, China has invested substantial resources in urban 

rail transit construction. Urban rail transit boasts advantages such as high passenger capacity, high 

punctuality, energy conservation, emissions reduction, and comfort and convenience, particularly 

demonstrating significant characteristics of a low-carbon economy in ecological conservation. With 

increasing societal concern over climate change and energy consumption issues, the country has 

explicitly outlined in the 14th Five-Year Plan the promotion of comprehensive green and low-carbon 

transformation, aiming to achieve peak carbon dioxide emissions and carbon neutrality goals.[4] 

Consequently, urban rail transit plays an indispensable role in the public transportation system, 

increasingly favored by residents as their primary choice for daily travel.[5] However, as urban rail 

transit networks continue to expand and extend, facilitating daily travel for people, they also bring 

about some significant issues that cannot be ignored: 

(1) Operating authorities find it challenging to adjust operational strategies based on real-time 

changes in passenger flow, leading to increased operational safety risks. 

(2) The increase in passenger volume results in corresponding increases in energy consumption 

for rail transit, thereby reducing energy utilization efficiency. 

Passenger flow forecasting involves the use of various appropriate theoretical knowledge and 

technical methods, considering relevant influencing factors, to analyze known historical data and 

information.[6] This allows for scientifically predicting future passenger numbers and demands. 

Passenger flow forecasting can be divided into long-term, medium-term, short-term, and very short-

term forecasts based on time granularity.[7] Long-term forecasts cover periods exceeding one year 
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into the future, while medium-term forecasts extend beyond one month, providing reference for the 

planning and construction of passenger transport. Short-term forecasts cover periods beyond one 

week but within one month, and very short-term forecasts cover periods within the next day, both 

serving as scientific guidance for train scheduling (timetables and operating plans).[8] Short-term 

passenger flow forecasting methods mainly include statistical, nonlinear, and neural network methods. 

Statistical models are primarily based on the assumption that future changes in passenger flow are 

similar to known historical patterns, using probability theory and mathematical statistics to establish 

models that precisely express historical passenger flow changes and infer future flows. Representative 

models include time series models and regression analysis models. Due to the nonlinear and volatile 

nature of rail transit passenger data, these forecasting models may not effectively handle such data, 

resulting in less precise predictions. Therefore, nonlinear prediction models and neural network-based 

prediction models are increasingly being introduced into passenger flow forecasting, including 

support vector machines, K-nearest neighbors, and random forests. For instance, Zhang and Xie 

constructed a v-support vector machine prediction model based on support vector machine theory, 

comparing its results with those of a multilayer perceptron neural network prediction model, and 

found their prediction model to be more effective.[9] Zhang Kai successfully combined the 

knowledge of least squares support vector machines (LSSVM) with wavelet kernel functions to 

establish the LSWSVM prediction model, further developing CPSO-LSWSVM and MCPSO-

LSWSVM models through particle swarm optimization algorithms, providing effective prediction 

methods for both daily and sudden large passenger flows.[10] Guo Wen improved the support vector 

machine prediction model to a certain extent by using genetic algorithms to determine various 

parameters in the GA-SVM model.[11] Zhu Bingjie introduced the K-nearest neighbors algorithm 

into passenger flow forecasting, optimizing it with dynamic K-value methods and continually 

adjusting the error correction model, ultimately achieving more accurate predictions compared to the 

original K-nearest neighbor method.[12] Finally, Cha Min constructed a random forest model on the 

Spark engine, optimizing algorithms for calculating random forest similarity and selecting features, 

thereby reducing errors from minor influencing factors and enhancing prediction accuracy.[13] 

This study is based on passenger flow data from Nanjing Metro Line 10, focusing on urban rail 

transit passenger characteristics. By integrating factors such as periodic passenger flow, weather 

indicators, weekday status, and passenger classification, a combined optimization forecasting model 

based on PSO-SVM and LSTM is designed and constructed. The model adjusts weight allocation 

appropriately to obtain forecasting results, thereby meeting operational demands of the metro 

enterprise. Experimental validation demonstrates that this combined model exhibits lower error 

metrics and higher prediction accuracy (89% and 87% accuracy for entry and exit forecasts, 

respectively). Successful application of this model facilitates proactive management of passenger 

flow data, enabling urban transit enterprises to adjust subway operation strategies more timely and 

accurately, thereby enhancing passenger convenience, improving energy efficiency, and accelerating 

the process of intelligent urban development. 

2. Methodology 

2.1. Prediction Model Based on Improved Support Vector Machine 

Support Vector Machine (SVM) is an algorithm based on VC dimension theory and the principle 

of structural risk minimization.[14-16] The core idea is to construct an optimal hyperplane in the 

feature space to separate training samples, where the process of seeking the optimal hyperplane aims 

to maximize the margin. "Support vectors" are the specific sample points closest to this decision 

hyperplane. Under non-linear conditions, the training samples {(𝑥𝑗, 𝑦𝑗)|𝑗 = 1,2, … , 𝑠} are mapped 

non-linearly to 𝐺(𝑥𝑗, 𝑦𝑗) in a higher-dimensional space, transforming the objective function (1) 

through similarity transformation. 
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                       (1) 

By formulating the dual problem, the resultant regression model obtained is: 

                     (2) 

In this context, G, also known as the kernel function, C represents the penalty parameter, and 𝜃 

denotes the training error.  

For optimization algorithms, we opt for Particle Swarm Optimization (PSO), chosen for its fast 

search speed and high execution accuracy. PSO simulates birds foraging where each particle 

iteratively updates its velocity and position under the guidance of a leading particle, converging from 

a dispersed state towards the target, i.e., the optimal solution of the problem.[17] The core of this 

algorithm lies in the updates of velocity vector 𝑉(𝑑) and position vector 𝑋(𝑑) for each particle. 

Additionally, the quality of the solutions found is evaluated through fitness. Specifically, during 

particle optimization, both individual best 𝑝𝑏𝑒𝑠𝑡,𝑑 and global best 𝑔𝑏𝑒𝑠𝑡,𝑑 solutions are recorded and 

particles continuously update their positions by following these two solutions. Based on this setup, 

calculations proceed as shown in Equation (3), where 𝑑 denotes the iteration count, 𝜔 represents 

inertia weight, 𝑐 denotes learning factor, and 𝑟 signifies a uniformly distributed random number 

between [0,1]. 

                (3) 

In response to the issues of parameter dependency and weak fault tolerance in SVM, employing 

PSO for SVM optimization addresses both the complex nonlinear features of passenger flow data and 

utilizes a global heuristic optimization algorithm to seek the optimal solution for model parameters[5, 

18]. The implementation of this model involves preprocessing the passenger flow data, inputting it 

into the model for training, and subsequently testing it with test data, followed by result analysis and 

comparison. The core structure primarily involves optimizing the penalty parameter and kernel 

parameter of SVM through PSO, where each particle represents an SVM model corresponding to its 

respective optimized parameters. The main steps are outlined as follows: 

Step 1: Read and normalize processed sample datasets, dividing them into training and test sets.  

Step 2: Select a kernel function and map the parameters to be optimized (penalty parameter (C), 

kernel parameter (γ)) to the particle swarm.  

Step 3: Initialize the population, including population size, iteration count, initial particle velocities 

and positions, inertia factor, learning factor, acceleration constants, etc. The population size affects 

algorithm speed and diversity; typically recommended values range from 20 to 100. Inertia factor, 

ranging from 0.5 to 1, influences global and local optimization performance. Iteration count, typically 

between 50 to 600, balances solution stability and computational efficiency. Particle velocity limits 

are set according to SVM parameter ranges to prevent over speeding past optimal solutions or 

convergence difficulties. Each particle is represented by (C, γ).  

Step 4: Define the fitness function to compute each particle's fitness value, determining the best 

position for each particle and the entire population. Update particle velocities and positions 

accordingly.  

Step 5: Evaluate fitness values for each particle's new position, compare them with individual and 

population historical best positions, and decide whether to replace current optimal values based on 

newfound superiority.  

Step 6: Determine termination conditions based on reaching the iteration limit or meeting a fitness 

threshold. If not met, iterate back to Step 4.  
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Step 7: Integrate the optimal (C, γ) values from Step 5 into the SVM prediction model for further 

training and evaluate its performance using test set data. If the set threshold is met, output final results; 

otherwise, continue optimizing relevant parameters. 

2.2. Prediction Model Based on Long Short Term Memory Network 

The Recurrent Neural Network (RNN) is an artificial neural network model that leverages its 

inherent recursive properties to process information characterized by strong spatiotemporal features 

or sequential dependencies.[19, 20] Fig. 1 illustrates the basic structure of an RNN, with the detailed 

structure shown on the right side. Similar to traditional neural network architectures, the RNN 

introduces an additional layer of self-recurrence and updates its parameters through backpropagation. 

In this framework, xₜ denotes the sequentially input data from time step 1 to t; hₜ represents the output 

after activation at time step t; and Sₜ refers to the hidden state at time step t, which serves as the 

memory unit of the network. The final output hₜ is generated by combining the output from the 

previous time step hₜ₋₁ and the current input data xₜ, expressed mathematically in equation (4), where 

f is typically a nonlinear activation function. The matrices U, W, and V denote the weight parameters 

for the input data, the memory unit, and the output data, respectively. 

𝑆𝑡 = 𝑓(𝑈𝑥𝑡 + 𝑊𝑆𝑡−1)                                    (4) 

 

Fig. 1 Basic structure diagram of RNN 

The Long Short-Term Memory (LSTM) network prediction model extends upon the foundation 

of Recurrent Neural Networks (RNNs) by incorporating forget and memory cells, effectively 

mitigating the issues of gradient vanishing and long-term dependencies. LSTM networks excel in 

short-term forecasting tasks.[21] The overall architecture comprises an input layer, hidden layers, 

fully connected layers, and an output layer. Initially, pre-processed passenger flow data is inputted 

through the input layer. Subsequently, the hidden layers propagate the passenger flow data, extracting 

relevant information features. This information is then transformed in dimensionality by the fully 

connected layers to retain useful information. Finally, the output layer generates predictions. The 

optimization process unfolds as follows: 

Step 1: The prepared dataset is partitioned into training and testing sets. The model reads the 

passenger flow sequence 𝑋 = (𝑥1, 𝑥2 … 𝑥𝑇), where 𝑇 denotes the sequence length, and 𝑥𝑖 represents 

embedded vectors composed of confirmed influencing factors in this study, serving as model inputs 

at time 𝑖. Training parameters are initialized accordingly. 

Step 2: Upon entering the LSTM layer, forward propagation computes output values. This 

primarily involves transmitting hidden state ℎ𝑖, where the entire layer shares network parameters 𝜔1 

and 𝑏1. Additionally, candidate values for memory state 𝐶𝑡 are propagated. 

Step 3: By employing an appropriate loss function, the model calculates error values for each 

neuron during backpropagation. This process involves backward propagation not only through the 

network layers but also along the time axis, thereby determining error terms for each neuron. 

Step 4: Based on the training errors computed in Step 3, gradients for each parameter are 

determined. 

Step 5: Using the optimization algorithm selected in Step 4, weights and other parameters are 

updated iteratively until convergence. 
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2.3. Combination prediction model based on weight allocation 

To avoid the deficiencies of single-point algorithms and further enhance prediction accuracy, a 

composite forecasting model was designed, namely the Weight Allocation Model based on PSO-SVM 

and LSTM. The main concept of this model framework is as follows: after separately forecasting 

passenger flow using PSO-SVM and LSTM and considering additional input features (such as 

weather, weekday characteristics, passenger flow classification status), appropriate weights are 

adapted to the forecast results. This forms a pattern such as 𝑊1 ∗ 𝑟𝑒𝑠𝑢𝑙𝑡1 + 𝑊2 ∗ 𝑟𝑒𝑠𝑢𝑙𝑡2 + 𝑊3 

∗  𝑟𝑒𝑠𝑢𝑙𝑡3, resulting in the final prediction. This approach not only leverages the strengths of 

individual models but also complements them, and macroscopically adjusts and predicts the relevant 

influencing factors again, leading to more accurate predictions. [22, 23] 

The structure of the Error Back Propagation (BP) algorithm is feedforward, composed of input 

layer, hidden layers, and output layer.[24] Its core involves backward feedback, where the output 

obtained by forward propagation between neurons is compared with the actual value to compute an 

error value. This error value is then propagated backward, automatically updating corresponding 

weights and thresholds iteratively until the desired error value is achieved. 

Let 𝑓 denote the activation function, 𝜇 denote the learning rate, 𝜔 denote weights, 𝑏 denote 

thresholds, 𝑒 denote error, and ℎ denote hidden layer output. As shown in Equation (5), each iteration 

adjusts 𝜔 and 𝑏 of each node to minimize 𝑒 as much as possible: 

                             (5) 

The key step of the BP algorithm is to find the partial derivative solution of the above equation, as 

shown in equation (6): 

                       (6) 

Due to its high precision and strong adaptive capability, the BP neural network can effectively 

allocate weights among various inputs through its robust nonlinear mapping capability. In this study, 

the BP neural network is employed for the purpose of distributing combined weights among various 

inputs. The specific training steps of the composite forecasting model are outlined as follows: 

Step 1: Prepare processed sequences of passenger flow data samples (𝑥, 𝑦) across 𝑡 groups, 

including predictions from PSO-SVM and LSTM, indicators for weekday features, weather factors, 

and passenger flow classification values. Specify the number of nodes for input and output neurons 

as 𝑚 and 𝑛 respectively, and set the number of nodes in the hidden layer to 𝑞. 

Step 2: Compute the values of hidden layer neurons 𝑃 based on input values, weights 𝜔 between 

neurons, and thresholds 𝑏. This computation is performed using Equation (7), where 𝑓 denotes the 

activation function. 

                              (7) 

Step 3: The output layer calculates the final output value 𝑂𝑡 based on the hidden layer results and 

weights, using the formula (8).  
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                             (8) 

Step 4: Compare the output value of the previous step with the actual value to calculate the error 

result 𝑒, using the formula (9). 

                                 (9) 

Step 5: Backpropagate the calculated error and automatically update the weights and thresholds, 

as shown in equation (10), where 𝜇 is the learning rate. 

                               (10) 

Step 6: Continuously iterate the training until the preset error is met, otherwise proceed to Step 2 

for continuous training. 

3. Experiment results and analysis 

3.1. Experimental Data Processing 

This section primarily utilizes the passenger flow data of Yuantong Station on Nanjing Metro Line 

10 from July 1, 2019, to November 24, with a time granularity of 60 minutes from 06:00:00 to 

24:00:00, as the subject of simulation and prediction research. Specifically, the data from November 

22 to 24 are designated as the test set for final evaluation of the model's predictive performance. 

To effectively assess the composite model's performance, three commonly used evaluation metrics 

are employed: Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root 

Mean Square Error (RMSE). Their respective formulas are provided below: 

                                 (11) 

                                  (12) 

Among them, K represents the number of samples in the test set, 𝑦𝑖 is the actual passenger flow 

value, and 𝑦 ̂𝑖 is the predicted passenger flow value. The smaller the error values of these three 

evaluation indicators, the closer the actual passenger flow value is to the predicted passenger flow 

value, which means that the accuracy of the prediction model is higher. 

Regarding the determination of input features, firstly, SOM is used for preliminary classification 

processing. Then, the passenger flow dataset is input into an isolated forest model to detect outliers 

and correct them. Finally, the visualized passenger flow trend of Yuantong Station is obtained as 

shown in Fig. 2, which conforms to the changing characteristics of a 7-day cycle. 

 

Fig. 2 Visualized passenger flow trend at Yuantong Station 



Highlights in Science, Engineering and Technology MMADP 2024 

Volume 115 (2024)  

 

181 

Further perform SOM classification processing to obtain 5 types of passenger flow as shown in 

Fig. 3. 

 

Fig. 3 Five types of passenger flow based on SOM classification   

Then, based on the characteristics of working days and non working days, a correlation analysis 

was conducted for each day of the week, and the results are shown in Fig. 4. 

 

Fig. 4 Correlation analysis for each day of the week 

3.2. Construction of Combination Prediction Model Examples 

The PSO-SVM and LSTM models used to predict passenger flow at Yuantong Station incorporate 

input features such as historical passenger data, weekday indicators, and weather factors. The 

composite forecasting model includes predictions from PSO-SVM and LSTM, weekday indicators, 

weather factors, and passenger flow classification values. Different sets of input features are 

employed to construct these models. 

For the PSO-SVM prediction model, specific input features are extracted as shown in Table 1 

after processing. In this context, the target prediction period is defined as the 𝑡-th time segment of the 

𝑑-th day, where 𝑥𝑑(𝑡) represents the inbound or outbound passenger flow at that time, serving as the 

output variable 𝑥𝑑(𝑡). 
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Table 1. Description of single model passenger flow input characteristics 

Variable Relevant characteristics 

𝑥𝑑−7(𝑡) Passenger flow during the same period of the first week 

𝑥𝑑−14(𝑡) Passenger flow during the same period in the first two weeks 

𝑥𝑑−21(𝑡) Passenger flow during the same period in the first three weeks 

𝑥𝑑−28(𝑡) Passenger flow during the same period in the first four weeks 

w(𝑑) Whether it is a workday characteristic 

𝑡(𝑑) Temperature 

𝑟(𝑑) Precipitation 

v(𝑑) Wind speed 
 

Based on the study of SVM models and existing research, the selection of the RBF kernel as the 

model's kernel function is confirmed due to its strong local learning ability and generalization 

capability. Following the algorithmic steps, parameter optimization of the core parameters is 

conducted using the PSO algorithm. Initially, the population is initialized, relevant parameters are 

defined, and initial particles and velocities are generated. Iterative optimization updates are performed 

to achieve individual and swarm best solutions. The loss function is set as Mean Squared Error (MSE), 

aiming to minimize MSE to identify the optimal parameter combination within the population for 

training and prediction of the PSO-SVM model. 

Through iterative parameter tuning, specific experimental parameter settings are finalized as 

detailed in Table 2. 

Table 2. PSO-SVM Core Parameter Values 

parameter value parameter value 

c1 1.5 popcmax 1000 

c2 1.7 popcmin 0.1 

maxgen 100 popgmax 1000 

sizepop 20 popgmin 0.001 
 

Using 𝑐 as the penalty factor and 𝑔 as the kernel parameter, the optimal combinations of 𝑐 and 𝑔 

for inbound passenger flow training were obtained through PSO global search, with 6.0762 and 

3.1711, respectively, and an MSE of 0.0013. The optimal combinations of 𝑐 and 𝑔 for outbound 

passenger flow training were 11.7611 and 13.0241, respectively, with an MSE of 0.0017. Then pass 

the result down to train the SVM model for prediction. Fig. 5 shows the population fitness curves for 

entering and exiting the station for optimization. 

 

 

Fig. 5 Population fitness curve chart for station entry and exit optimization 

For LSTM prediction models, their input features are the same as PSO-SVM. The main structure 

of the model consists of an input layer, a hidden layer, a fully connected layer, and an output layer. 
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This article confirms the setting of a single-layer hidden layer through comparative experiments., 

Then, based on the coefficient of determination 𝑅 2, the final confirmed number of entry model nodes 

is 80, and the number of exit model nodes is 90. 

Table 3. Hidden layer node count performance 

Station entry model Outbound model 

Number of nodes 𝑅2 Number of nodes 𝑅2 

60 0.9304 60 0.9412 

70 0.9048 70 0.9383 

80 0.9533 80 0.9409 

90 0.9423 90 0.9483 

100 0.9491 100 0.933 
 

However, it may still fall into local optima. During training, stochastic gradient descent or 

momentum techniques are commonly employed. Considering the critical role of learning rate in 

model optimization, too small a learning rate may hinder convergence, while too large a rate can lead 

to fluctuating loss functions. Selecting an appropriate learning rate for gradient descent and its 

variants poses challenges. Momentum methods can strengthen relevant directions while weakening 

irrelevant ones, promoting stable convergence and reducing oscillations. The AdaGrad algorithm 

updates gradients adaptively based on the scale of sparse and frequent data, while the Adam algorithm 

combines these advantages by independently adapting learning rates using first and second moment 

estimates. [25-27] 

Based on the passenger flow data in this section, the optimization algorithm adopts Adam, with 

Mean Squared Error (MSE) as the loss function and 500 iterations specified. Table 4 details the 

critical parameters for LSTM, while Fig. 6 and Fig. 7 depict the iterative convergence processes for 

inbound and outbound traffic, respectively. 

Table 4. The values of key parameters 

Parameter Value 

MaxEpochs 500 

GradientThreshold 1 

InitialLearnRate 0.005 

LearnRateDropFactor 0.2 

Verbose 0 

L2 0.004 

 

Fig. 6 The iterative convergence process of entering the station 
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Fig. 7 The iterative convergence process of outbound 

In the combination model section, the passenger flow dimension of its input features first includes the 

predicted values of PSO-SVM and LSTM, respectively. In addition, to ensure the accuracy of the 

prediction results, other influencing factor indicators were also inputted and assigned weights together for 

training, as shown in Table 5. 

Table 5. Description of passenger flow input characteristics in combination model 

Variable Relevant Characteristics 

𝑥𝑆𝑉𝑀 Prediction of passenger in PSO-SVM 

𝑥𝐿𝑆𝑇𝑀 Prediction of passenger in LSTM 

w(𝑑) Whether it is a workday characteristic 

𝑜(𝑑) Value of passenger flow classification 

𝑡(𝑑) Temperature 

𝑟(𝑑) Precipitation 

v(𝑑) Wind speed 
 

The input layer is set to 7 nodes, and the output layer to 1 node, producing the combined predicted 

values. Backpropagation (BP) similarly relies on the processing capability of the hidden layer with 

increasing computational complexity and training speed as the number of layers increases. Through 

experimental comparison, it was found that a single hidden layer is sufficient to address the data 

issues in this study when an adequate number of neurons are employed in the hidden layer. Therefore, 

to minimize unnecessary computational overhead, a single hidden layer architecture was chosen. The 

number of hidden layer nodes was determined based on empirical formulas and previous research, 

confirmed by the coefficient of determination 𝑅2 of the final results. As shown in Table 6, it was 

determined that the number of nodes in the inbound model is 10 and in the outbound model is 11. 

Table 6. The number of nodes and determination coefficients in the inbound and outbound model 

Station entry model Outbound model 

Number of nodes 𝑅2 Number of nodes 𝑅2 

8 0.9326 8 0.9291 

9 0.951 9 0.892 

10 0.9617 10 0.9352 

11 0.9583 11 0.9518 

12 0.9464 12 0.8897 

13 0.9341 13 0.8531 
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After continuous experimental adjustments, Table 7 shows the values of key parameters for the BP 

combination model, and Fig. 8 shows the fitting results for both inbound and outbound training. 

Table 7. The values of key parameters in the BP combination model 

parameter value parameter value 

TF1 logsig mc 0.3 

TF2 purelin epoch 300 

lr 0.1 goal 1e-5 
 

 

Fig. 8 Fitting situation of entrance and exit training 

3.3. Analysis of Experimental Results 

Fig. 9 shows a comparison between the predicted passenger flow of three models and the actual 

situation. And the comparison table 8 of passenger flow evaluation indicators. The error after visible 

combination is basically lower than that of PSO-SVM and LSTM models. 

 

Fig. 9 Comparison between the prediction of inbound passenger flow by various models and the 

actual situation 
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Fig. 10 Comparison between the prediction of outbound passenger flow by various models and the 

actual situation 

Comparing the prediction errors of the three models in different time periods, it can be seen that 

the combined error is basically lower than that of the PSO-SVM and LSTM models. 

 

 

Fig. 11 Comparison of prediction errors of different models for inbound passenger flow in different 

time periods 

 

Fig. 12 Comparison of prediction errors of outbound passenger flow in different models at different 

time periods 
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It can also be seen from the overall evaluation index error statistics table 9 that the results of the 

combined prediction model are better than those of the single model PSO-SVM and LSTM, with 

strong applicability. The combined performance effectively improves the prediction accuracy. The 

LSTM model outperforms the PSO-SVM model in overall performance, possibly due to its "memory 

unit" function. In addition, it was found in the prediction results of all models that the accuracy of the 

last few time periods predicted daily was relatively low, due to the relatively small passenger flow 

base of Yuantong Station in the last few time periods at night. 

Table 8. Comparison of evaluation indicators for inbound passenger flow among various models 

Models MAE MAPE RMSE 

Combining Model 21.33 10.87% 26.29 

PSO-SVM 30.64 14.68% 38.03 

LSTM 27.58 12.71% 33.41 
 

Table 9. Comparison of evaluation indicators for outbound passenger flow among various models 

Models MAE MAPE RMSE 

Combining Model 28.17 12.94% 34.10 

PSO-SVM 38.98 17.79% 49.45 

LSTM 31.68 15.59% 40.99 

4. Conclusion 

This paper proposes a passenger flow data combination preprocessing method combining self-

organizing SOM algorithm and isolated forest method based on the passenger flow characteristics of 

Nanjing Metro Line 10, and constructs passenger flow input features. SVM and LSTM were used, 

and the particle swarm optimization (PSO) algorithm was applied to optimize the core parameter 

searching ability of SVM. PSO-SVM and LSTM short-term passenger flow prediction models were 

constructed separately. A short-term passenger flow combination prediction model based on PSO-

SVM and LSTM was proposed, and the BP neural network algorithm was used for weight adaptation 

to improve the prediction accuracy. The experimental results show that the combination method has 

better predictive indicators than other methods. This combination model provides a new and effective 

approach for the further development of passenger flow forecasting methods. 
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