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ABSTRACT 

With the rapid development of intelligent operation and management of urban rail transit, 

accurate passenger flow prediction is crucial for management and operation. However, the 

complex, nonlinear and non-smooth characteristics make detecting passenger flow evolution 

features challenging. In this regard, a novel decomposition integration model, IC-TLCA, is 

proposed. The model first decomposes the raw passenger flow data into multiple sublayers 

with different frequencies using an improved complete ensemble empirical mode 

decomposition with adaptive noise (ICEEMDAN) algorithm to better capture the intrinsic 

structure of the data. Then, the temporal convolutional network (TCN), long-short-term 

memory network (LSTM) and channel attention module (CAM) are combined to predict each 

sublayer separately. Finally, by combining the prediction results of each sublayer, the final 

passenger flow prediction is obtained. After comparing with all baseline models and 

conducting ablation experiments, the IC-TLCA model has been validated to be innovative in 

theory and superior in practical applications, thereby providing an effective solution for 

passenger flow prediction. 

KEYWORDS 

passenger flow prediction; improved complete ensemble EMD; temporal convolutional 

network; channel attention mechanism; long short-term memory; deep learning. 

1. INTRODUCTION 

Due to its big capacity, punctuality and convenience, travellers are favouring urban rail transit (URT) more 

and more. Nevertheless, the demand from traffic is also rising in tandem with the annual increase in the sharing 

rate. The administration and operation of URTs have come under intense pressure in recent years due to the 

sharp increase in the demand for passenger transit in many cities [1]. In general, the outcomes of forecasting 

can assist in supporting the choices made by passengers (route selection) and metro authorities (demand 

management, moment optimisation) [2]. Specifically, predictive insights allow metro authorities to 

dynamically adjust train scheduling and energy allocation, thereby improving operational efficiency. Enhanced 

safety management through proactive crowd control measures can mitigate risks and ensure passenger security. 
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From a user perspective, predictive analytics facilitate congestion reduction strategies that directly improve 

commuter experiences. Furthermore, such results drive the synergy of a smart city and support multi-modal 

transportation linkage and scheduling. Unfortunately, because URTs are typically complex systems that are 

vulnerable to heterogeneous influences, the time series they produce frequently show a high level of 

complexity, making it difficult to capture the evolutionary features of passenger movements. As a result, 

developing a precise method for passenger flow prediction is an urgent and critical problem that requires 

immediate attention. 

To better establish predictive models, researchers employ various methods to identify the intrinsic dynamics 

of traffic time series [3]-[8]. Autoregressive integral moving average (ARIMA) has been used to model traffic 

time series as a traditional time-domain analytical model [4],[5]. Chaos theory has been utilised to identify 

patterns in time evolution [6], complexity [7] and traffic time series [8] to represent the nonlinear nature of 

dynamics. Traffic time series typically show signs of multiscale volatility, including weekly and daily 

variations. From a frequency domain perspective, the Fourier transform [9], spectral analysis [10] and wavelet 

transform [11] were utilised to mine frequency features of traffic time series. The fitting capability of the model 

plays a significant role in predicting the forecasting error during the passenger flow forecasting procedure. 

Fortunately, because of their great fitting ability and portability, deep learning models are increasingly widely 

utilised to tackle tasks such as self-supervised traffic demand forecasting [12], vehicle control [13] and 

categorisation [14]. Researchers used automatic fare collection (AFC)-extracted single-time granularity 

passenger flows of URTs as inputs to deep learning models to fit the models and predict future passenger flows 

[15].  

Building upon deep learning models, scholars believe that incorporating the empirical mode decomposition 

(EMD) method can enhance the accuracy of predictive performance [16], [17]. To predict travelling speed, 

Hamad et al. [18] suggested a hybrid EMD-BPNN (back-propagation neural network) model that consists of 

an artificial neural network (ANN) prediction stage, an IMF filtering stage and an EMD decomposition stage. 

Wei and Chen [19] proposed an EMD-BPNN model to predict passenger flow, which includes an EMD 

decomposition stage, a component identification stage and a BPNN prediction stage. Based on correlation 

analysis (CA), the IMF was split into two parts during the component identification stage. To predict high-

speed rail demand, Jiang et al. [20] built the EEMD (ensemble empirical mode decomposition)-GSVR (gray 

support vector machine) model, which is composed of an individual prediction stage, an integrated prediction 

stage and an EEMD decomposition stage. The GSVR predictor forecasts each IMF separately in the individual 

forecasting stage and the ensemble forecasting stage. The individual forecasts are then combined to provide 

the final forecast. Furthermore, two studies by Li et al. [21] and Yang and Chen [22] presented an EEMD-

based model with two stages: predicting and EEMD decomposition. For network-wide traffic speed prediction, 

Zhang et al. [23] presented a hybrid model that combines EEMD and 3D (three-dimensional) CNN 

(convolutional neural network). The EEMD breakdown of locations, individual prediction, integration and 

fusion of additional features (external and historical) are the four processes in the EEMD-3DCNN model. A 

hybrid EMD/EEMD-LSTM model with an IMF processing stage, wherein the noiseless part of the IMF is 

chosen based on energy analysis, was created by Chen et al. [24].  

To effectively improve the accuracy of passenger flow sequence prediction for urban rail transit, this paper 

presents a new hybrid model, IC-TLCA, for urban rail passenger flow prediction.  Initially, we utilise the 

intrinsic computing expressive empirical mode decomposition with adaptive noise (ICEEMDAN) technique, 

which breaks through the constraints of conventional EMD/EEMD techniques by breaking down the passenger 

flow data into several intrinsic modal functions (IMFs). Second, we incorporate the channel attention 

mechanism into the temporal convolutional network (TCN)-long short-term memory (LSTM) architecture to 

investigate the precise influence of each reconstruction component more intuitively on the prediction 

outcomes. By leveraging the advantages of each component to the fullest, the combined model TLCA can 

extract deep, useful characteristics from the data and preserve both short- and long-term information. 

This paper’s primary objectives can be summed up as follows: 

1) An innovative decomposition framework is adopted to explore the intrinsic patterns of passenger flows.  

2) An improved TCN-LSTM model incorporating a channel attention mechanism is proposed for passenger 

flow prediction.  

3) To validate the effectiveness of the proposed model, comparative studies were conducted using actual 

datasets. 
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2. LITERATURE REVIEW 

2.1 Passenger flow prediction model 

For a long time, researchers have been interested in passenger flow prediction, as it has been a hot topic in 

recent years and forms the basis for managing and operating urban rail transit. Numerous studies have been 

conducted on modelling methods, research subjects and travel environments. There is a distinction between 

parametric and nonparametric modelling approaches. Generally, parametric approaches are easier to interpret 

but may be less accurate and adaptable. The autoregressive integrated moving average (ARIMA) [25] model 

represents a traditional parametric technique that accounts for the influence of random fluctuations and time 

series dependence. Apart from ARIMA, seasonality is also incorporated by the seasonal auto-regressive 

integrated moving average (SARIMA) [26], [27], which can handle cyclically fluctuating data more 

effectively. While parametric approaches work well for straightforward systems, they are challenging to apply 

for the analysis of intricate passenger flow data. 

On the other hand, because of their strong modelling capabilities, nonparametric approaches can efficiently 

model complicated situations. Support vector machine (SVM) [28] and basic Bayes [29] are two of these 

techniques that are frequently used for modelling because of how easy they are to construct and how little data 

they need. Furthermore, by resampling and randomly selecting data, integration techniques make use of all the 

information present in the data to increase prediction accuracy. Decision trees [30] and random forests [31] 

are two examples of multiple integration techniques that are frequently employed. 

With the advancement of deep learning in recent years, researchers have built increasingly complex 

passenger flow forecast models. Deep learning techniques, such as deep belief networks (DBN) [32] and 

stacked autoencoders (SAE) [33], are frequently employed to capture the spatio-temporal properties of 

passenger movement. Recurrent neural network (RNN) and its variations, including gated recurrent unit 

(GRU) and long short-term memory (LSTM), are popular deep learning models that are used to mine temporal 

characteristics of passenger/traffic flows [2],[34], [36]. This is because RNN can model sequential data. 

Furthermore, for traffic series prediction tasks, convolutional neural network (CNN) [37], [38] and graph 

neural network (GNN) [39],[40] have been extensively employed to collect spatial characteristics. An analysis 

of the above algorithms shows that they take into account the temporal dependence of the signals; however, it 

is usually limited to the temporal dependence between neighbouring time steps. Nonetheless, there is typically 

a long-term degradation tendency indicated by the effect of signal dependence on performance degradation at 

various time intervals. 

Compared to CNN and RNN, a temporal convolutional network (TCN) is far more efficient at extracting 

information on performance degradation over extended time scales. In particular, the TCN-LSTM framework 

[41] demonstrates its superiority when dealing with time-series prediction problems. Furthermore, the TCN 

framework has been effectively utilised to identify the temporal and spatial dependencies of prediction targets 

through the application of spatial attention mechanisms. For instance, Lin et al. [42] created a deep learning 

model based on the channel attenuation mechanism to anticipate the remaining service life of aircraft engines 

and confirmed the channel attention mechanism’s efficacy. However, previous studies have not realised to 

capture both long-term and short-term dependencies of passenger flow data. Therefore, the TCN-LSTM-CAM 

framework is proposed to fill the research gap. 

2.2 Empirical mode decomposition-based model 

In order to handle nonlinear and non-smooth time series, empirical modal decomposition (EMD) and its 

enhanced form, ensemble EMD (EEMD), can split the original data into several IMFs and one residual. EMD 

has been applied to investigate multiscale oscillations in transportation time series because of its benefits [43]-

[45].   

A hybrid model for short-term traffic time series forecasting was created using the data analysis 

methodology mentioned above as a basis [46]. Decomposing the traffic time series into meaningful 

components is advantageous to increase forecasting performance, especially given the complexity of the traffic 

time series. Consequently, researchers have made use of decomposition-based hybrid models; for instance, 

wavelet transformations are taken into consideration in hybrid models for passenger flow prediction [47],[48].  

Furthermore, time series analysis and prediction are still difficult because of their instability and 

randomness. Hamad et al. have demonstrated that prediction accuracy can be increased and the series’ 

characteristics can be adequately captured by frequency decomposition techniques [18],[19], [49]-[51]. 
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Specific methods include empirical mode decomposition (EMD) [52], ensemble empirical mode 

decomposition (EEMD) [53], complete ensemble empirical mode decomposition (CEEMD) [54], [55] and 

complete integrated empirical mode decomposition with adaptive noise (CEEMDAN), which can efficiently 

decompose any type of time series [56], [57]. Nevertheless, EMD faces the issue of “mode mixing”. EEMD 

reduces mode mixing by adding Gaussian white noise to the original signal; however, it also generates spurious 

components that interfere with later signal processing. Although CEEMD significantly reduces the 

reconstruction issue by adding white noise in pairs to the original data, it is unable to verify completeness. 

Adaptive noise is used by CEEMDAN to perform fully empirical mode decomposition, resulting in nearly zero 

reconstruction errors. It also resolves the issue of introducing noise to various signals to produce varying 

numbers of modes. Still, there is some residual noise in its modes. The improved complete ensemble empirical 

mode decomposition with adaptive noise (ICEEMDAN, IC-EMD) algorithm [58] addresses the shortcomings 

of the original CEEMDAN. It can significantly reduce the residual noise in intrinsic mode functions (IMFs) 

and also resolve the issue of averaging across different numbers of IMFs. Therefore, the prediction model 

proposed in this paper is based on IC-EMD, and its effectiveness has been demonstrated through experiments. 

Inspired by previous studies, this study proposes a novel hybrid model aimed at improving the accuracy of 

metro passenger flow prediction. The model is based on the IC-EMD decomposition and combines the parallel 

integration of the TCN-LSTM module and the channel attenuation module. In this way, the model is able to 

effectively capture the spatial and temporal dependencies in the prediction process, which is expected to 

provide more accurate prediction results. 

3. METHODOLOGY 

To reduce liquidity and volatility and improve the prediction accuracy of the passenger flow series, this 

paper proposed a passenger flow prediction model, which is called IC-TLCA. In this section, we analyse the 

models’ components and methods of learning or application first. Next, the combination algorithm’s basic idea 

is presented. Figure 1 shows the structure of the IC-TLCA model. 
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Figure 1 – The structure of the IC-TLCA 

3.1 Problem definition 

In this study, a time series forecasting method based on covariate forecasting is used for urban rail passenger 

flow forecasting. The method is based on the principle of multidimensional time series synergy analysis and 

realises multi-step forward forecasting by modelling the dynamic coupling relationship between the covariates 

and the target series. Given a collection of time series {(𝑋(𝑡), (𝑌(𝑡))}𝑡=1
𝑇 , where 𝑋(𝑡) =

[𝑥1(𝑡), 𝑥2(𝑡), … , 𝑥𝑝(𝑡)] represents a vector of p-dimensional covariates, Y(t) is the target passenger flow 

sequence, t represents a time step (t=1, 2, ..., T), and T denotes the observation window length. For time step 

t, past covariate information and target sequence information are utilised to predict future values. 
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The prediction task can be formally defined as constructing a mapping function F to predict the passenger 

flow data for the next k steps at any time step 𝑡0, based on the historical data 𝑋(1: 𝑡0), 𝑌(1: 𝑡0), which is 

defined as follows: 

𝑌̂(𝑡0 + 𝑘) = 𝐹(𝑋(𝑡0 − 𝜏: 𝑡0), 𝑌(𝑡0 − 𝜏: 𝑡0)) (1) 

where: 𝜏 is the time window length and k is the prediction step. When k=1, the output sequence is denoted as 

𝑦̂(𝑡0 + 1), which at this moment only predicts the target value of one time step in the future, belonging to 

single-step prediction. When t＞1, the output sequence is denoted as {𝑦̂(𝑡0 + 1), 𝑦̂(𝑡0 + 2), … , 𝑦̂(𝑡0 + 𝑘)} , 

which means predicting the target value of multiple future time steps, belonging to multi-step prediction. In 

this study, single-step prediction and multi-step prediction are used together to realise urban rail passenger 

flow prediction. 

3.2 Decomposition: ICEEMDAN 

Time-domain, frequency-domain and occasionally time-frequency domain processing techniques are 

frequently used in signal processing. 

Time domain: the dynamic signal is a function that characterises the value of the signal at various times; 

the link between amplitude and time is shown by the time domain graph. The independent variable is time; the 

dependent variable is the signal’s change. 

Frequency domain: the amplitude of the signal at that frequency is the dependent variable, while frequency 

is the independent variable. The frequency domain plot displays the peak amplitude vs frequency without 

displaying the amplitude change over time. 

The term “time-frequency domain” refers to a technique for analysing non-stationary, time-varying signals 

that integrate data from the frequency and time dimensions to clearly describe the relationship between signal 

frequency and time. By creating a combined function of time and frequency, this approach describes the energy 

density or intensity of a signal at various times and frequencies. These time-frequency distributions allow for 

the analysis of the signal’s instantaneous frequency and amplitude, as well as the execution of time-frequency 

filtering and time-varying signal studies. 

The fundamental advantage of empirical mode decomposition (EMD) as a time-frequency domain 

processing technique is that it solves the issue of the basis function’s lack of adaptivity; for a segment of an 

unknown signal, the decomposition can begin immediately without the need for earlier research and analysis. 

Without the need for human settings or interaction, this system will automatically follow a few solid modes 

hierarchically. Based on the local properties of the data itself, such as local maxima, local minima, and zero-

crossings, EMD can break down the original data into a set of intrinsic mode functions (IMFs) and residuals. 

Figure 2a shows the flowchart of EMD decomposition.  

As a variant of EMD, improved complete ensemble empirical mode decomposition with adaptive noise 

(ICEEMDAN, IC-EMD) decomposes complex signals into finite IMFs and residuals [58]. Every IMF can 

further minimise the noise and contain the signal’s local features. First, the modal estimation is substituted 

with the local mean. Second, the k-order modes are extracted using the local mean value of the signal rather 

than white noise directly. IC-EMD automatically determines the number of IMFs in decomposition. This 

makes it more flexible and precise in handling complex signals. During decomposition, it mainly stops when 

the residue shows monotonicity or has too few extremes to form a new IMF, ensuring reasonable and effective 

decomposition results. Figure 2b shows the flowchart of IC-EMD decomposition. 
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Figure 2 – The flowchart of signal decomposition: a) The flowchart of EMD decomposition; b) The flowchart of 

ICEEMDAN decomposition 

3.3 Temporal convolutional network (TCN) 

CNN processes an image by treating it as a matrix of m·n, or a two-dimensional “block”. The series can be 

thought of as a one-dimensional object (1·n vector) after converting to a time series. A sufficiently large 

receptive field can be achieved with a multi-layer network configuration. Because of the benefit of massively 

parallel processing, the CNN may be processed in parallel, regardless of its depth, which saves a significant 

amount of time. This approach makes CNN extremely deep. 

For the first time, temporal convolutional networks for video-based action segmentation were introduced 

in the groundbreaking work of Lea et al. [59]. There are two steps in this conventional process. Initially, a 

CNN is utilised to calculate low-level features, which typically encode spatiotemporal data. Subsequently, 

these low-level features are input into a classifier, which employs an RNN to obtain high-level temporal data. 

The primary disadvantage of this method is that it necessitates the use of two different models. Models based 

on the CNN architecture that are specifically designed to process time series data are called temporal 

convolutional networks (TCN). Convolutional operations are used by TCN to efficiently compute in parallel, 

capture local dependencies in sequence data, and maintain stable gradient propagation during training to 

prevent vanishing or ballooning gradients.  

At the moment, extensive studies have demonstrated the adaptability of TCNs across various sectors, 

including speech recognition, machine translation, traffic forecasting and human activity identification. 

Nonetheless, the utilisation of TCNs for predicting passenger flow is still not very frequent. To improve future 

passenger flow prediction, we use a TCN network in this study to extract time-step-specific features from 

short-duration passenger flow time-series data. We then use feature and trend learning through training. 

TCN possesses three core components: causal convolution, dilated convolution and residual connections. 

These fundamental characteristics offer a consistent method for hierarchically capturing all two layers of 

information. 
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Two characteristics of the causal convolution’s structure are as follows. 

It has a unidirectional architecture, is non-bidirectional, and ignores information that may become available 

in the future. Only the previously observed sequence (𝑥1, ⋯,𝑥𝑡) can be employed when given an input sequence 

(𝑥𝑖,⋯,𝑥𝑡) and a prediction (𝑦1, ⋯,𝑦𝑡). There are more hidden layers in information the further back in time it 

is tracked. When the first hidden layer is used as the output, its final node is linked to nine input nodes, such 

as 𝑥𝑡−8, 𝑥𝑡−7, ⋯, 𝑥𝑡−1,𝑥𝑡; if the first hidden layer is used as the output, its final node is linked to three input 

nodes, i.e. 𝑥𝑡−2,𝑥𝑡−1,𝑥𝑡. 

Suppose the TCN filter is F =(𝑓1,𝑓2,𝑓3,⋯,𝑓𝑘), and the causal convolution of sequence X = (𝑥1,𝑥2,⋯,𝑥𝑡) at 

𝑥𝑡 is: 

(𝐹 · 𝑋)𝑥𝑡
= ∑ 𝑓𝑘

𝐾

𝑘=1

𝑥𝑡−𝐾+𝑘 (2) 

The issue with typical convolutional neural networks persists in simple causal convolution as well: the 

number of layers that must be linearly stacked in order to capture longer dependencies, and the modelling 

length is restricted by the size of the convolutional kernel. CNN can get a larger sense of the field by 

incorporating more pooling layers; nevertheless, information loss following pooling remains a concern. This 

problem is extremely nicely solved using dilated convolution. Dilated convolution allows for intermittent 

sampling of the input throughout the convolution process, in contrast to standard convolution. As a result, the 

convolutional network requires fewer layers to create a bigger receptive field. This method has the benefit of 

not requiring the addition of a pooling layer, which could result in information loss, and enabling each 

convoluted output to include a wider variety of data. Equation 3 provides the definition of dilated convolution 

at 𝑥𝑡. 

𝐹(𝑠) = (𝑥 · 𝑓𝑑 )(𝑠) = ∑ 𝑓(𝑖)

𝑘−1

𝑖=0

⋅ 𝑥𝑠−𝑑⋅𝑖 (3) 

where d is the dilation rate, which generally grows exponentially by 2 as the number of network layers 

increases, s-d⋅i is the past direction, k is the size of the filter. Figure 3a depicts the architecture of a dilated causal 

convolution. The efficacy of residual connections in deep network training has been shown, allowing cross-

layer information transfer. A residual block has a branch that goes to a set of transformations F, the outputs of 

which are added to the block’s input X:  

𝑜 = 𝐴𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛(𝑋 + 𝐹(𝑋)) (4) 

TCN uses the rectified linear unit (ReLU) to represent the nonlinearity and dilated causal convolution layers 

within a residual block, as illustrated in Figure 3b. The convolutional filters are normalised by applying weight 

normalisation. Moreover, each layer incorporates a spatial dropout for regularisation, which results in the 

zeroing out of the entire channel at every training step, following dilated convolution. 

 

 
(a) (b) 

Figure 3 – The architecture of TCN: a) The architecture of a dilated causal convolution; b) The structure of TCN 
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3.4 Long short-term memory (LSTM) 

The LSTM model, which was introduced by Hochreiter and Schmidhub [60], is an enhanced version of the 

RNN that addresses the problems associated with gradient disappearance and explosion that are inherent in 

conventional neural networks. Constructed to address long-term dependency issues, the LSTM model 

primarily consists of memory cells, input gates, output gates and forget gates. The sigmoid function is utilised 

by the three gates to activate them. The forgetting gate stores previously learned information in reserve in the 

neuron at a prior time, the input gate controls the neuron’s input information at that moment, and the output 

gate controls the neuron’s output information at that same moment [61]. The LSTM network structure is 

depicted in Figure 4. Among them, the activation functions 𝜎 and tanh are Equation (5) and Equation (6) which 

increase the non-linearity of the neural network. 

𝜎 =
1

1 + 𝑒−𝑥 (5) 

𝑡𝑎𝑛ℎ( 𝑥) =
1 − 𝑒−2𝑥

1 + 𝑒−2𝑥 (6) 

The information from the preceding cell memory is filtered using the forget and input gates, as shown in 

Figure 4, to identify which old data should be deleted and which new data should be inserted. This procedure 

can be expressed using Equations (7)–(10). 

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝐶̃𝑡 (7) 

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [𝑦𝑡−1, 𝑥𝑡] + 𝑏𝑓) (8) 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [𝑦𝑡−1, 𝑥𝑡] + 𝑏𝑖) (9) 

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝐶 ⋅ [𝑦𝑡−1, 𝑥𝑡] + 𝑏𝐶) (10) 

In the above formula: 𝑊 is the weight matrix, [𝑦𝑡−1,𝑥𝑡] is the new vector created by concatenating vectors 

𝑦𝑡−1 and 𝑥𝑡 , and 𝑏 is the bias of each unit. 𝑓𝑡 ⋅ 𝐶𝑡−1 represents the information that remains after the cell 

discards some of the previously remembered information. The newly entered data that the cell has to remember 

is represented by 𝑖𝑡 ⋅ 𝐶𝑡. The cell memory 𝐶𝑡 and the current input 𝑥𝑡 are then fused using the output gate to 

produce the output 𝑦𝑡, which can be computed using Equation (11) and Equation (12). 

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [𝑦𝑡−1, 𝑥𝑡] + 𝑏𝑜) (11) 

𝑦𝑡 = 𝑜𝑡 𝑡𝑎𝑛ℎ(𝐶𝑡) (12) 
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Figure 4 – The structure of LSTM 
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3.5 Channel attention module (CAM) 

The attention mechanism’s core idea is to selectively focus on the desired target region to obtain more 

insightful data. It was first studied in the field of the human vision. This is also valid for time series, which are 

typically quite lengthy. However, only a small portion of the data is important or relevant for the conclusion, 

therefore, using attention mechanisms can frequently enhance the network’s performance. For passenger flow 

data series, efficient feature extraction – that is, high accuracy and high speed is required. To fulfil this 

requirement, this paper uses the channel attention module of the convolutional block attention module to 

improve the model’s perceptual ability and performance without increasing the network complexity. The 

structure of the channel attention module is shown in Figure 5. 

By giving effective channels a higher weight and less weight to less valid channels, channel attention 

concentrates on the most significant aspects. The steps to implement the channel attention module are as 

follows. 

Initially, the process begins with the application of global max and global average pooling to the input 

feature maps across each channel. This step extracts the maximum and average feature values for each channel, 

creating two distinct vectors that encapsulate the global extrema and mean characteristics of the channels. 

Subsequently, these vectors are fed into a shared dense layer, which is positioned after the pooling operations. 

The purpose of this dense layer is to ascertain the attention weights for the channels, enabling the model to 

discern and emphasise the significance of each channel relative to the task at hand. The channel-wise attention 

weights are derived by merging the global max and average feature vectors, followed by the application of a 

sigmoid function. This function scales the weights to a 0-to-1 range, which are then integrated into the original 

feature maps on a per-channel basis. Ultimately, the attention weights are doubled, augmenting the feature 

maps with a focus on task-relevant channels while downplaying the less pertinent ones.  

The above is expressed by: 

𝑀𝑐(𝐹) = 𝜎 (𝑊1 (𝑊0(𝐹𝑎𝑣𝑔
𝑐 )) + 𝑊1(𝑊0(𝐹𝑚𝑎𝑥

𝑐 ))) (13) 

where 𝜎 is the sigmoid activation function, 𝑊0 and 𝑊1 are weights, and F is the feature. 

 
Figure 5 – The structure of CAM 

3.6 Prediction: TLCA 

As shown in Figure 1, the TLCA model incorporates the TCN module and the LSTM module with the CAM 

module. The unique one-dimensional causal convolutional structure of TCN ensures the time-series properties 

of the data, while the dilation convolution ensures the extraction of all data features, and the residual 

connectivity unit speeds up the network’s convergence. Furthermore, as a variation of the classical RNN, the 

LSTM model effectively manages sequential data by fitting entities in a nonlinear manner. It captures long-

term dependencies within time series through its use of gating mechanisms and memory cells. The prediction 

of passenger flow is a nonlinear time series prediction problem. Passenger flow data has two characteristics: 

the diversity of features and the volatility of passenger flow. Inspired by the breakthrough of the ST-LSTM 

model [41] in network traffic prediction, we used TCN-LSTM, the model’s core component, and adjusted its 

structure. In the ST-LSTM model, TCN is composed of two residual blocks. The first block comprises two 

layers of causal dilated convolution, each with a kernel size of 5, a dilation factor of 1, and 10 filters. The 

second expansion factor is 2, and the remaining parameters are the same as the first one. In the TLCA model, 

we increased the number of layers. Specifically, the model utilised dilation factors of 8, 16, 32 and 64, along 

with a kernel size of 3; all other parameters remained consistent with the original model. In this study, we 

merge the TCN and LSTM models to create a TCN-LSTM module that accounts for the nonlinear 



Promet – Traffic&Transportation. 2026;38(6):1337-1356.  Data Analysis and Modeling  

1346 

characteristics of passenger flow and the influence of numerous parameters to forecast the number of 

passengers. Furthermore, we implement the CAM in TCN-LSTM to determine the relative weights of 

passenger flow data features. 

In the TLCA model, higher-dimensional features are created by the TCN-LSTM module through data-

driven learning. Subsequently, the channel attention mechanism is employed to prioritise various features 

based on their relative value, with a greater emphasis placed on the characteristics that have a larger reaction 

to passenger flow. The training dataset serves as the input for the TCN module, which uses the input data to 

extract features. After that, the data’s impurities will be significantly decreased, exposing the features more 

clearly and helping the LSTM model learn. The LSTM model receives the features extracted by the TCN 

module and uses the forget gate, input gate and output gate to control the network’s output. That enables the 

model to handle long-term serial data and produce accurate predictions by forgetting irrelevant information 

and remembering important information that must be remembered for a long time. 

3.7 Hybrid model IC-TLCA 

The decomposition and prediction phases make up the IC-TLCA model. First, the original dataset is 

decomposed using IC-EMD. Then, each IMF is predicted separately. The ultimate result is obtained by adding 

the sum of the individual predictions. Figure 1 shows the structure of IC-TLCA. 

IC-EMD first decomposes passenger flow data into residuals and IMFs. They are arranged from high to 

low frequency. The IMFs are then processed by the TCN model first, and then the LSTM and CAM models 

receive them to produce the prediction results for each IMF. The residual structure is then used to concatenate 

the TLCA model’s predictions with the real IMF data during the training phase, which improves stability and 

speeds up convergence. Ultimately, the total of each forecast is calculated to determine the outcome.  

The proposed IC-TLCA model comprises 143,360 trainable parameters, with the LSTM module accounting 

for the largest proportion (68.6%, 98,304), followed by the TCN module (25.7%, 36,864), and the CAM 

contributing the smallest share (5.7%, 8,192). In terms of computational complexity, the decomposition phase 

exhibits a time complexity of 𝑂(𝐿 ∙ 𝑁2), where the decomposition layer count L=8 and the input sequence 

length N=1095. The prediction phase (TLCA) requires 3.8 GFLOPs in total, with the LSTM module 

dominating 70% of the computational load, while the TCN and CAM modules contribute the remaining 30%. 

Based on the above, IC-TLCA offers practical applicability for urban rail transit passenger flow prediction 

tasks. 

4. EXPERIMENTS 

4.1 Dataset 

In this study, we use operational data and smart card data from Xi’an Metro to validate the proposed IC-

TLCA model. Xi’an Railway Transportation Group Co. provides these real datasets and covers the operation 

records from 1 January 2017 to 31 December 2019. It includes one metro line and 26 metro stations. We used 

1,095 days of passenger flow data during the target period. To achieve an accurate prediction of drastic changes 

in passenger flow, we specifically tagged the holiday data. A weekly cyclical dataset is obtained directly from 

the calendar, where Monday to Sunday is a repeating pattern for the week. In China, double holidays (Saturday 

and Sunday) are considered holidays. In addition, the dates of special holidays can be determined by querying 

the ‘Chinese calendar’ package in Python. We use 0-1 variables to mark the day of the week and whether it is 

a holiday. As a result, the input dataset has a dimension of 1095×10. We created three subsets of data: 70% 

for training, 15% for testing, and 15% for validation to ensure the robustness of the model. Before model 

training, we normalised the data to standardise variables of different magnitudes to improve the generalisation 

of the model. 

Employing the IC-EMD algorithm, we decomposed the passenger flow data into several independent 

intrinsic mode functions (IMFs) and one residual component. Figure 6 presents the IC-EMD decomposition 

results for the metro passenger flow data from 2017 to 2019, revealing a total of 8 IMFs and 1 residual. These 

decomposed IMFs are ordered from the highest to the lowest frequency. The high-frequency IMFs represent 

the rapid fluctuations within the original data, while the low-frequency IMFs reflect the more gradual changes. 

The residual component, which is the final output of the decomposition process, often encapsulates the 

underlying trend of the original data. However, its interpretation may vary depending on the specific 

characteristics of the dataset. 
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Figure 6 – The result of ICEEMDAN 

To accommodate the diverse needs of metro operations, we use forecasting methods with different time 

granularities, including predicting passenger flows for the upcoming 1 day, 3 days and 6 days. Specifically, 

the 1-day and 3-day forecasts are categorised as short-term predictions, enabling operators to swiftly reallocate 

resources in response to immediate operational challenges, such as abrupt passenger flow variations caused by 

unforeseen events or meteorological changes. Meanwhile, the 6-day forecast, which falls into the medium-

term category, equips operators with advanced insights into passenger flow trends over an extended horizon. 

This facilitates the strategic planning of vehicle deployment, workforce scheduling and infrastructure 

maintenance. This multi-granularity forecasting approach enables metro operators to obtain richer and more 

detailed information for decision-making, thus ensuring operational efficiency while improving service quality 

and passenger experience. 

4.2 Model configurations and evaluation metrics 

In this experiment, the hyperparameters of the model include the number of hidden units, batch size and 

learning rate. During the training phase, the number of hidden units was set to 64, chosen from the set {16, 32, 

64, 128} after preliminary experiments indicated optimal performance at this value. The batch size was 

determined to be 16, selected from the set {16, 32, 64, 128} based on computational efficiency and 

convergence speed considerations. The learning rate was set to 0.08, which was identified as the most effective 

value through a series of hyperparameter tuning experiments. The training process spanned 200 epochs to 

ensure thorough learning. To enhance the model’s generalisation capabilities, a dropout rate of 0.05 was 

incorporated during training. The model parameters were optimised using the ADAM optimiser, chosen for its 

robustness in handling issues related to vanishing and exploding gradients. The training objective was to 

minimise the mean square error (MSE), a standard metric for evaluating the accuracy of model predictions. 

This was achieved through the backpropagation algorithm, which facilitated the adjustment of model weights 

to reduce prediction errors. 

𝑀𝑆𝐸 =
1

𝑁
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑁

𝑖=1

 (14) 
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In this paper, root mean square error (RMSE), mean absolute error (MAE) and mean absolute percentage 

error (MAPE) are chosen as the assessment criteria to evaluate the performance of the proposed hybrid model: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑁

𝑖=1

 (15) 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑁

𝑖=1

 (16) 

𝑀𝐴𝑃𝐸 =
1

𝑁
∑ |

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖
|

𝑁

𝑖=1

× 100% (17) 

𝑦𝑖 is the real value, 𝑦̂𝑖 is the predicted value and 𝑁 is the number of data points. 

4.3 Baseline models 

To thoroughly assess the predictive performance of our proposed model, we compared it against seven 

established baseline models in our experiments. Furthermore, to ensure the rigour of our study, we have 

provided a comprehensive description of the programming software’s running environment in Table 1. 

Table 1 – Hardware and compiling environment 

Categories Version 

Central processing unit (CPU) 13th Gen Intel(R) Core(TM) i7-13620H   2.40 GHz 

Operating system (OS) Windows 11 Professional x64 

Random access memory (RAM) 16.0 GB 

Graphics processing unit (GPU) NVIDIA GeForce GTX 4060 8 GB 

Programming language Python 3.9.18 

Development environment 

VSCode 1.84.1 

CUDA 12.1 

Main Python modules 

PyTorch 2.3.0 

EMD-signal 1.4.0 

NumPy 1.26.4 

Pandas 1.5.3 

Matplotlib 3.8.3 

1) ARIMA: In this model, ARIMA, a widely utilised linear model for forecasting passenger flow, has its 

parameters configured as follows: the lag order is set to 2, the degree of difference is 1, and the order of 

moving averages is also 1. 

2) LSTM: LSTM is also used for time series prediction on its own because it can model time dependencies. 

By adding three gating mechanisms and an internal state, it preserves long-term relationships while 

allowing the network to infer long-term information from sequence data. In this model, there is one fully 

connected layer accompanied by two hidden layers. The hidden states are configured with a dimension of 

128, while the fully connected layer comprises 64 neurons. 
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3) GRU: Similar to LSTM, GRU is made to address the long-term dependency issue that arises when working 

with sequential data in classic recurrent neural networks. To decrease the number of parameters and 

computational complexity of the model, it is a simplified form of LSTM that merges the input and 

forgetting gates into a single update gate and does not have a separate cell state. In this model, there is one 

fully connected layer accompanied by two hidden layers. The hidden states are configured with a 

dimension of 128, while the fully connected layer comprises 64 neurons. 

4) LSTM-GRU [62]: GRU possesses fewer structural parameters compared to LSTM neural networks, which 

in turn have more gates than GRU. Combining LSTM and GRU can produce powerful learning capabilities 

with fewer network parameters. Thus, the model is used as a baseline. This model architecture consists of 

an LSTM layer, a GRU layer and a fully connected layer. The LSTM and GRU layers utilise hidden states 

with a dimension of 128. The fully connected layer, which serves as the output layer, comprises 64 

neurons. These parameter settings are consistent with those of the aforementioned LSTM and GRU 

models. 

5) Seq2SeqA: Seq2Seq is a powerful deep learning method with a wide range of applications in time series 

forecasting. Its capacity to handle long-term dependencies and nonlinear interactions in time series data is 

its main strength. It generates predictions for future values by using a paired encoder and decoder structure 

to understand the intricate links between sequence data. In this paper, the Seq2Seq model with attention 

(Seq2SeqA) is utilised as a baseline model. This model’s encoder comprises an LSTM layer, while the 

decoder consists of an LSTM layer followed by a Bandana attention mechanism. The output of the decoder 

is then processed through two linear layers to generate the final predictions. Specifically, the LSTM layer 

utilises 64-dimensional hidden states, and the fully connected layer consists of 128 neurons. 

6) Transformer [63]: The transformer is a groundbreaking architecture in the field of deep learning, 

particularly in natural language processing. However, its application has been extended to time series 

forecasting due to its ability to capture complex temporal relationships. Unlike RNN and CNN, the 

transformer uses self-attention mechanisms to weigh the importance of different parts of the input 

sequence, allowing it to focus on relevant temporal patterns. This makes the transformer highly effective 

in modelling long-term dependencies and effectively handling large-scale time series data. The model’s 

encoder-decoder structure is particularly useful for tasks requiring understanding the sequence’s context 

to make accurate predictions. In this model, the conventional transformer is composed of three encoder 

layers and three decoder layers, each equipped with eight multi-head attention mechanisms. The 

dimensions for 𝑑𝑘 and 𝑑𝑣 are both configured to be 64. Following the transformer’s output, it is fed into 

two fully connected layers, the first with 128 neurons and the second with 64 neurons.  

7) Informer [64]: Informer is an innovative variant of the transformer model, specifically designed for long 

sequence time series prediction tasks. It introduces a probabilistic sparse self-attention mechanism, which 

significantly reduces the computational complexity from 𝑂(𝐿2) to 𝑂(𝐿 𝑙𝑜𝑔 𝐿), effectively minimising 

both computation and memory usage during the processing of extended sequences. Furthermore, the 

informer employs a self-attention distillation technique that optimises allocating computational resources 

and memory consumption for long sequences by emphasising the most salient attentional patterns. This 

approach contrasts with traditional step-by-step decoding methods, as the informer’s generative decoder 

can predict entire sequences in a single pass, thereby markedly enhancing inference speed. These 

enhancements enable Informer to perform better than existing methods across multiple large-scale 

datasets. The parameters of the informer are the same as the transformer. 

4.4 Prediction performance 

To assess the performance of the proposed TLCA and IC-TLCA models, we conducted comparative 

experiments against established benchmarks, including ARIMA, LSTM, GRU, LSTM-GRU, Seq2SeqA, 

transformer and informer, for the task of passenger flow prediction. Table 2 presents the MAE, RMSE and 

MAPE values for 1-day, 3-day and 6-day forecasting horizons, with the best-performing values highlighted in 

bold. The TLCA and IC-TLCA models consistently outperformed all baseline models across all prediction 

intervals. Specifically, TLCA demonstrated an average reduction in error metrics of 5.3% for MAE, 4.3% for 

RMSE, and 5.6% for MAPE compared to the top-performing baseline model. The IC-TLCA model showed 

even more significant improvements, with average reductions of 9.6% for MAE, 7.8% for RMSE and 9.7% 

for MAPE. These enhancements were consistent across different prediction time frames. 
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Table 2 – Performance comparison of different models 

Model 
1-day 3-day 

MAE RMSE MAPE MAE RMSE MAPE 

ARIMA 8.549 15.783 7.447 9.872 18.242 8.855 

LSTM 5.364 9.917 4.672 5.989 9.504 4.909 

GRU 5.237 9.328 4.391 6.032 9.854 5.077 

LSTM-GRU 5.028 9.756 4.475 5.957 9.447 5.071 

Seq2SeqA 4.907 9.272 4.136 5.817 9.316 5.237 

Transformer 4.895 8.882 4.294 5.469 9.294 4.916 

Informer 5.085 9.693 4.413 5.352 9.705 4.823 

TLCA 4.634 8.273 4.028 5.089 9.126 4.505 

IC-TLCA 4.373 7.858 3.973 4.795 8.809 4.147 

Model 
6-day Average 

MAE RMSE MAPE MAE RMSE MAPE 

ARIMA 8.549 15.783 7.447 9.872 18.242 8.855 

LSTM 5.364 9.917 4.672 5.989 9.504 4.909 

GRU 5.237 9.328 4.391 6.032 9.854 5.077 

LSTM-GRU 5.028 9.756 4.475 5.957 9.447 5.071 

Seq2SeqA 4.907 9.272 4.136 5.817 9.316 5.237 

Transformer 4.895 8.882 4.294 5.469 9.294 4.916 

Informer 5.085 9.693 4.413 5.352 9.705 4.823 

TLCA 4.634 8.273 4.028 5.089 9.126 4.505 

IC-TLCA 4.373 7.858 3.973 4.795 8.809 4.147 

Through experimental testing, we observed that TLCA outperforms all baseline models across all 

assessment metrics. Specifically, for one-day prediction, TLCA achieved excellent performance with an MAE 

of 4.634, RMSE of 8.273 and MAPE of 4.028. For three-day and six-day predictions, TLCA continued to 

demonstrate superior performance, with MAE, RMSE and MAPE values of 5.089, 9.126, 4.505; and 6.361, 

11.425 and 5.383, respectively. Collectively, these results substantiate the effectiveness of our proposed 

method. Furthermore, IC-TLCA, enhanced by the IC-EMD algorithm, achieved even better prediction results. 

On one-day prediction, IC-TLCA obtained an MAE of 4.373, RMSE of 7.858 and MAPE of 3.973. For three-

day and six-day predictions, IC-TLCA exhibited outstanding performance, with MAE, RMSE and MAPE 

values of 4.795, 8.809, 4.147; and 6.171, 11.087 and 5.163, respectively. The results indicate that the model 

incorporating the IC-EMD decomposition outperforms the model without this feature. The predictive accuracy 

is substantially enhanced by the inclusion of IC-EMD decomposition. Consequently, we conclude that IC-

EMD decomposition is crucial for improving the accuracy of metro passenger flow predictions. 

Compared with other models, the ARIMA model exhibits inferior performance, which suggests that this 

conventional linear model fails to capture the evolutionary characteristics of passenger flow. On the other hand, 

both LSTM and GRU are capable of effectively modelling the temporal dependencies inherent in passenger 

flow. As a variation of the LSTM, the GRU displays a comparable level of capability, and in some cases, even 

surpasses LSTM. The LSTM-GRU method harnesses the advantages of both: the robust memory retention of 

LSTM and the significant computational efficiency of GRU, collaboratively enhancing the model’s 
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performance and training velocity without compromising the capture of long-term dependency information. In 

situations where computational resources are limited, this combined approach can yield exceptional outcomes 

in certain complex sequence modelling tasks. Moreover, the benefits of its encoder-decoder design and the 

attention mechanism, the Seq2SeqA model outperforms the LSTM-GRU structure in time series prediction 

tasks, proving especially valuable for capturing the complex interconnections between sequences. In all 

scenarios, the proposed TLCA model demonstrates the best performance, indicating that it is an effective 

model for forecasting passenger flow. Furthermore, the transformer architecture leverages multi-head self-

attention to capture multiple temporal dependencies, thereby enhancing prediction accuracy. However, its 

suitability for long-term serial sequence processing is limited due to the memory constraints imposed by the 

stacked layers when processing lengthy inputs. To address this limitation, the informer model introduces a 

novel probsparse attention mechanism, which aims to preserve high predictive performance while significantly 

reducing computational and memory demands. Nevertheless, both the transformer and informer models may 

exhibit sensitivity to minor variations in input data, potentially leading to significant fluctuations in output and, 

consequently, affecting the stability of prediction outcomes in certain scenarios. Furthermore, we observed a 

decrease in prediction accuracy as the prediction horizon extended from 1 day to 3 days and then to 6 days for 

all models. This trend is likely due to the presence of a strong temporal correlation in passenger flow data 

within shorter prediction horizons, such as 1 day. This correlation enables the models to more effectively 

capture the nonlinear dynamics within the data, leading to higher prediction accuracy. Conversely, as the 

prediction horizon extends, the temporal correlation diminishes, complicating the model’s ability to discern 

long-term patterns, which in turn impacts the accuracy of the predictions. 

4.5 Ablation experiments 

The IC-TLCA model’s structure is centred around the TCN-LSTM framework and the channel attention 

mechanism. To validate their effectiveness in our approach, we conducted a series of ablation experiments. 

Initially, we utilised TCN alone for predictions. Subsequently, we integrated LSTM, employing a TCN-LSTM 

combination for the predictions. We then incorporated the channel attention mechanism, using it with TCN for 

further predictions. Following this, we experimented with a fusion of TCN-LSTM and CAM for predictive 

tasks. Next, we employed the IC-EMD method to decompose the data and use a TCN containing two hidden 

layers, as part of the TLCA model, to perform the prediction task. We also explored the integration of TCN-

LSTM with CAM. In each of these tests, residual connections were not utilised. Otherwise, we also built the 

IC-TLCA model without a residual connection as a control and contrasted it with our suggested model that 

had a residual connection. 

Table 3 quantitatively shows the MAE, RMSE and MAPE of the seven models on the dataset. Based on the 

experimental results, we find that adding an LSTM after TCN improves the model performance, which 

suggests that the LSTM model can efficiently receive and utilise the features extracted by the TCN module 

(see Experiments {1, 2}). 

Subsequent test reveals that channel attention can capture both short- and long-term dependent traits, and 

that models that use it have higher prediction performance. Refer to the {1, 3, 4} experiments. 

Furthermore, the model’s prediction accuracy is much enhanced by the use of a decomposition technique 

(see Experiments {4, 7}). Experiments {5, 7} demonstrate that enhancing the number of TCN layers to four 

can enhance prediction accuracy by efficiently capturing the aspects of passenger flow data. 

Finally, the introduction of residual connectivity can reduce the evaluation metrics and further improve the 

prediction performance of the model (see Experiments {6, 7}). 

Combining these improvements, our proposed model demonstrates excellent performance in all evaluation 

metrics, outperforming other comparative models. 

Table 3 – Differences between models in the ablation experiment 

Model 
1-day 3-day 

MAE RMSE MAPE MAE RMSE MAPE 

TCN 4.948 8.972 4.313 5.732 10.391 4.982 

TCN-LSTM 4.913 8..909 4.281 5.693 10.519 5.012 

TCN-CA 4.893 8.879 4.392 5.636 10.225 4.732 
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Model 
1-day 3-day 

MAE RMSE MAPE MAE RMSE MAPE 

TLCA 4.634 8.273 4.028 5.089 9.126 4.505 

IC-TLCA· 4.505 8.219 4.053 5.108 9.151 4.271 

IC-TLCA·· 4.596 8.112 4.047 4.926 8.983 4.363 

IC-TLCA 4.373 7.858 3.973 4.795 8.809 4.147 

Model 
6-day Average 

MAE RMSE MAPE MAE RMSE MAPE 

TCN 6.684 12.412 6.292 5.788 10.592 5.196 

TCN-LSTM 6.458 12.396 5.822 5.687 10.608 5.038 

TCN-CA 6.574 12.243 5.698 5.701 10.449 4.946 

TLCA 6.361 11.425 5.383 5.361 9.608 4.639 

IC-TLCA· 6.453 11.209 5.362 5.355 9.526 4.562 

IC-TLCA·· 6.361 12.059 5.238 5.294 9.718 4.549 

IC-TLCA 6.171 11.087 5.163 5.113 9.251 4.427 

4.6 Comparison of ICCEMDAN with EMD 

We performed comparative experiments in this section using EMD, EEMD and CEEMDAN as benchmark 

models to validate the efficacy of the IC-EMD decomposition employed. Following the previously outlined 

methodology, we also employed three evaluation metrics to validate the performance of these models.  

Table 4 presents the empirical results. Compared with other decomposition techniques, MAE, RMSE and 

MAPE values for IC-TLCA are lower. The outcomes demonstrate how much the decomposition approach may 

increase prediction accuracy. Specifically, IC-EMD outperforms other techniques across three evaluation 

metrics for 1-day, 3-day and 6-day forecasting horizons. The superiority of IC-EMD is significant, highlighting 

its utility in reducing prediction error and its critical role in forecasting models. 

Table 4 – Prediction based on TLCA model 

Model IMFs 
1-day 3-day 

MAE RMSE MAPE MAE RMSE MAPE 

EMD 7 4.617 8.152 4.024 5.076 9.013 4.496 

EEMD 9 4.609 8.017 4.003 5.049 8.996 4.483 

CEEMDAN 7 4.582 7.994 3.991 4.918 8.913 4.262 

ICCEMDAN 8 4.373 7.858 3.973 4.795 8.809 4.147 

Model IMFs 
6-day Average 

MAE RMSE MAPE MAE RMSE MAPE 

EMD 7 6.232 11.475 5.379 5.308 9.547 4.633 

EEMD 9 6.213 11.392 5.253 5.29 9.468 4.579 

CEEMDAN 7 6.197 11.372 5.267 5.232 9.426 4.506 

ICCEMDAN 8 6.171 11.087 5.163 5.113 9.251 4.427 
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5. CONCLUSION 

This paper proposes the IC-TLCA, a hybrid deep learning model for urban rail transit passenger flow 

prediction with a decomposition-prediction technique. The model is bifurcated into two distinct stages: the 

decomposition phase, wherein the ICEEMDAN method is employed to decompose the passenger flow data 

into intrinsic mode functions (IMFs) and a residual; and the prediction phase, the TCN extracts local temporal 

features through multi-scale dilated convolutions, efficiently capturing short-term fluctuations and periodic 

patterns in passenger flow data. The LSTM models long-term dependencies via its gating mechanism, retaining 

critical historical events while adapting flexibly to complex nonlinear variations and external disturbances. 

The multi-scale local features extracted by the TCN are fed into the LSTM to synthesise global temporal 

patterns, which are further integrated with CAM-based attention weighting to balance accuracy and 

computational efficiency. This hybrid architecture provides reliable support for real-time scheduling and 

emergency management in urban rail transit systems. Comparing the prediction results with those of the other 

seven models, it is evident that the IC-TLCA achieves the highest prediction accuracy. This advancement 

provides a comprehensive and reliable solution for metro operators, enabling precise identification of travel 

patterns and dynamic demand fluctuations. The model’s implementation facilitates optimised resource 

allocation in terms of vehicle scheduling, personnel deployment and facility configuration, thereby enhancing 

passenger travel experience through improved operational efficiency, cost reduction and service quality 

enhancement. These capabilities not only strengthen the competitiveness of urban rail systems but also 

contribute significantly to urban sustainable development and the realisation of efficient public transportation 

networks for residents. 

In future work, an efficient method for processing passenger flow data series will be investigated. For 

instance, to reduce computational costs and increase the efficiency of data analysis, the sliding window 

technique can be used to segment the complete passenger flow series into a series of equally sized and 

consecutive subsequences. 
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