[bookmark: _Toc11759]Abstract
Accurate and timely short-term passenger flow forecast of rail transit can provide data support for traffic operation and management, help rail operators to coordinate operation resources, timely guide and control passenger flow safety, relieve the pressure of passenger flow of subway operation, to realize the safe operation of rail transit. With the popularization of intelligent transportation, the current big data of AFC station swipe card recording provides a good data basis for deep learning methods for short-term passenger flow prediction of rail transit. There are researches to show that deep learning can always achieve higher accuracy compared with a large number of training sets. Therefore, it is of great theoretical significance to construct a short-term passenger flow prediction model based on subway AFC swipe card recording and deep learning theory.

This paper takes the short-time passenger flow prediction of rail transit as the research object, regards the passenger flow sequence as the confusing information flow of traffic signals in different dimensions, uses VMD to decompose the passenger flow sequence modal, and the timing information after noise reduction processing as the passenger flow sequence. The characteristic factors affecting the orbital passenger flow are further enriched. Based on the existing characteristics, the objective environment characteristics are added through the network climbing method, and the KNN algorithm is used to mine spatial matrix of the similar site as supplement characteristics with high similarity to the real passenger flow of the target site in the near time period. This paper analyzes the structural principles and advantages and disadvantages of BP, CNN, LSTM model, takes full advantage of CNN, LSTM and residual framework to overcome gradient dispersion, and constructs the VMD-CLSTM second-order prediction framework model. From January 1,2019 to January 25,2019, AFC card records were aggregated as passenger flow data for sample verification and analysis by 15mins , setting three sets of control models of BP, CNN, LSTM and three characteristic schemes, and comparing evaluation indicators MSE, RMSE, MAE and R2, the experimental results show, 
(1) For VMD-CLSTM, compared with BP, CNN and LSTM models, the evaluating indicators , MSM, RMSE and MAE, are 1413.14,37.59 and 25.87, respectively, and  R2 results is 94.08% higher than BP, CNN and LSTM, at 9.79%, 2.82% and 1.72%  respectively. Meanwhile, the RMSE index of VMD-CLSTM is 37.54 lower than the other models in the existing literature.
(2) In the comparison of programme 1 and programme 2, the MSE, RMSE and MAE error indicators of programme 2 by each model are smaller than programme 1. For example, the RMSE index value of VMD-CLSTM in programme 2 is 43.24, which is less than 48.24 in programme 1, that is, the model prediction results in programme 2 are better than programme 1.
(3) In the comparison between programme 3 and programme 2, the prediction effect of the four models in the programme 3 features is better than that of the other schemes. For example, the VMD-CLSTM model achieved the best results in programme 3, with the largest R2 index of 94.08%, which was 3.83% and 1.92% higher than programme 1 and 2, respectively.
(4) For the comparison of the first and second order prediction effects of the four models under the three feature schemes, it is clearly seen that the second order prediction of each model is greater than the first order in R2, and the largest increase is in the BP network in the programme 2, and the difference of R2 reaches 11.93%.

The research conclusions of this paper are as follows: (1) the VMD-CLSTM model proposed in this paper has higher prediction accuracy than the basic models BP, CNN and LSTM in 15mins time; (2) the objective environmental factors and supplementary spatial characteristics of similar sites can help the short-time passenger flow prediction model to predict future passenger flow with higher accuracy.(3) Residual network is effective in improving the prediction accuracy in this network.
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2. [bookmark: _Toc24796]Introduction
2.1 [bookmark: _Toc27542]Research background
The increasing number of urban public transportation network, especially the subway, greatly promotes the development of urban public transportation, effectively realizes the diversion of traffic flow, alleviates the pressure of urban ground traffic, and brings travel convenience to the urban population. The subway has clearly become one of the most important means of transportation in modern travel. For example, the Shanghai subway is one of the busiest in the world. According to statistics, since its operation in May 1993,16 subway lines and 1 magnetic suspension have been officially opened, with a total of 263 stations. After the 2010 World Expo, the lines and transportation volume of Shanghai subway soared, and the daily passenger flow hit a record high of 13,2019. High-speed and convenient rail transit brings a huge flow of people, which requires reasonable traffic front planning, operation resource scheduling and corresponding safety emergency measures. Therefore, it is very necessary to further improve the short-term passenger flow forecast accuracy of rail transit.

2.2 [bookmark: _Toc28233]Study significance
With the abundance of rail operation network cables and the diversified selection of people's travel modes, the law of travel has changed greatly. It is necessary to continuously supplement the research and model development in this field, and extract more temporal and spatial characteristics with the current historical significance. First, under the current historical background, this paper further enriches the time features related to passenger flow, fills the gap of time features extracted by decomposed variables and objective environment factors, and complements the existing time feature extraction method. Second, the passenger flow data characteristics are mined from the spatial dimension of the track planning for the first time by the adjacent matrix of the two stations space and the passenger flow trend. Thirdly, this paper further improves the model prediction ability through the residual strategy, obtains more accurate passenger flow situation in advance, and further enriches the passenger flow prediction theory of rail transit.

In terms of practical significance, first, the short-term prediction of passenger flow distribution is of great practical significance for urban rail transit operation and management and passenger travel service. Analyzing, predicting and mastering the real-time data of subway passenger flow can provide data support for the passenger flow organization and optimization of lines and stations, ensure the safety of subway operation, provide more decision basis for residents to travel, alleviate subway congestion, and provide more evacuation decision basis for some major events and activities. Second, the traffic management department can grasp the more accurate short-term passenger flow in advance, timely understanding of the flow of people, according to the reasonable deployment of the dynamic change of the flow of people, formulate effective relevant emergency management measures, to prevent the large flow of people from causing sudden accidents and disasters. The passenger flow prediction of urban rail transit has long-term significance for the planning of safety prevention. Thirdly, the construction of urban rail transit also needs the support of passenger flow data. Whether the whole urban traffic line is reasonably planned will greatly affect the travel mode of urban residents and the efficiency of urban operation and development. Accurate rail transit passenger flow forecast is an important support for further expansion, development and planning of underground rail transit lines [1].

2.3 [bookmark: _Toc30143]Study Purpose
Based on the above reasons, it is necessary to improve the timeliness and accuracy of subway short-time passenger flow prediction. The purpose of this project is to evaluate the effectiveness of hybrid models using machine learning and deep learning to predict passenger flow. The three objectives are: (1) to study the existing algorithm for predicting subway passenger flow and analyzing its accuracy; (2) to evaluate the effectiveness of deep learning algorithm implementation and testing with passenger flow data; and (3) to establish parameter values and measure the performance of the algorithm to prove its prediction ability.

2.4 [bookmark: _Toc2079]Study content
In this paper, to ensure the safe operation of rail transit, to provide passengers with a comfortable and reliable travel mode as the background, combine with different algorithms to further explore the characteristics related to the data of passenger flow, to build a mixed prediction model to extract the passenger flow characteristics, and deeply analyze the results of the subway short-term passenger flow prediction model, the chapters of the paper are set as follows:
Chapter 1: Introduction. First, explain the research background and significance; then propose research content, methods and technical route.
Chapter 2: Literature review. Review the short-term passenger flow based on mathematical statistics, intelligent algorithm and mixed model. Analyze the problems to be strengthened, namely, the feature decomposition of the original passenger flow data, and the exploration of multi-source feature mining and extraction methods. Finally summary the research status.
Chapter 3: Research methodology. Firstly, introduce the research method used in this paper. Then introduce the basic information of Hangzhou metro data used in this paper, observe and preprocess the source data, individual site access data is aggregated at 15mins particle size. Finally divide the training set and test set.
Chapter 4: Development methodology. Firstly, introduce the theoretical basis of long and short term memory (LSTM) in time series processing, including meaning, characteristics, and structure principle. Then, analyze the meaning of neural network (BP) and its structural characteristics, convolutional neural network (CNN) theory basis; finally, the residual idea (ResNet) is introduced.
Chapter 5: Design and implementation. Firstly, conduct feature mining processing for the passenger flow data of metro rail transit, including use variational mode decomposition (VMD) to obtain relevant time series characteristics. Collect the objective environmental factors of Hangzhou in the corresponding time period, match the objective factors affecting personnel travel, and mine K stations with The most similar passenger flow by KNN algorithm according to the adjacent matrix of each station. Then, in order to fully extract the hidden information in the data of each feature, combined with the advantages of each basic model, describing the model structure and the role of each module in detail, a short-time passenger flow prediction model based on VMD-CLSTM algorithm is developed, and finally the model evaluation index is formulated according to the regression problem.
Chapter 6: Result and discussion. First of all, the hyperparameters of the model are introduced, and then three basic models and three input characteristics schemes are set for reference experiments to compare the performance of the basic model, different characteristics and the prediction accuracy of the first and second order model by analyzing the prediction result indicators, respectively.
Chapter 7: Conclusion and future work. Summarize the full text research content, put forward the innovations and shortcomings of the research, and look forward to the subsequent research.

By sorting out the main content of the paper, the technical route of this paper is designed, as shown in Figure 1-1.
[image: wps]
Figure 1-1 Technical route

3. [bookmark: _Toc4198]Literature Review
Ten years ago at home and abroad in the short-term passenger flow forecast research application field mainly researchers focused on road traffic. As the subway network construction and development, rail transit travel has the advantages of high comfort, safety and reliability, making the subway traffic more important choice of people travel, more scholars contributing on traffic passenger flow forecast research. For the research method of short-time passenger flow, it is now mainly concentrated in three sections: the prediction model based on mathematics and mathematical statistics, the intelligent algorithm prediction model and the hybrid model.

[bookmark: _Toc19530]2.1 Short-time passenger flow prediction model based on mathematical statistics
The prediction model of mathematics and mathematical statistics can always find its own laws from the passenger flow data, and realize the prediction effect combined with the mathematical relations. To be precise, it is the standardized process of using the mathematical equations to explore the variable change laws based on the data. Time series model is used in subway short-time passenger flow prediction, accurately speaking, a mathematical model is established by analyzing the time series change law of passenger flow with time, so as to predict the short-time passenger flow of subway. This method can always find the periodic characteristics of timing problems from the perspective of mathematical statistics. The application of mathematical statistical prediction model in short-term passenger flow prediction was first introduced in 2011 [2], mainly including time series model [3-6], sliding average model [7-9], Kalman filter model [10-11], gray model [12] and improved basic mathematical statistical model [1,13].

Time series model has a strong memory for historical passenger flow data, can independently mine practical related features from time series data, which is the most widely used and effective in intelligent traffic [14]. Pan (2011) introduce the time series analysis prediction into the short-time passenger flow prediction, use SAS analysis software to determine the prediction model and the passenger flow prediction, and compare the prediction results with the measured value to determine the error range of the prediction, so as to confirm the feasibility of the short-time prediction [2]. Leng (2020) can reduce the numbers of dimension through stack self-coding SAE in high dimensional data to series multiple encoders to realize deep extraction of data features, avoiding feature redundancy and dimensional disaster. On this basis, the implicit passenger flow movement law is mined by combining with LSTM with special cell structure. Since the method assumes that people travel and return distances are between units and home, the final prediction result shows that the working days are better than the weekend prediction effect of [4]. Cheng et al. (2021) consider that the passenger flow data contains causality, which the morning subway travel after evening big probability need subway home, and the standard time series model is not sensitive to this rule, so the return data as a feature introduced to the return probability parallelogram (RPP), the travel data established causal interdependence, used in the time series model, and contrasted to data-driven capture time dynamic research [11]. 

The sliding average model is also favored by many scholars. Chen et al. (2016) apply ARIMA model to predict the ridership of in the urban rail transit based on historical data [15]. Meng (2018) think the subway traffic in the same period of regularity is strong, which has a strong similarity according to the daily work and rest, so for the historical data of the same site can be seen as a relatively stable training set, is very suitable for using sliding average algorithm for the next day of the same period of traffic for short prediction. However, it also has the disadvantages of only predicting linear data. Finally, the verification find that the method is simple and convenient with fast calculation speed, and has good prediction effect [7]. Zhang and Jin (2022) detect the stability and white noise on the training set of Tianfu Square Station of Chengdu Rail transit, and find the problem of poor stability. Therefore, they used genetic algorithm to optimize and improve ARIMA model for the prediction of short-time passenger flow at the station [8].

Kalman filter model in the application of subway short-term passenger flow prediction, Xiong (2013) consider the subway transfer process as a dynamic system, based on Kalman filter to establish random linear offline state equation, using gray correlation analysis of passenger flow similarity in the two time ranges, forecasting early peak hour passenger flow situation by working days and holidays [16]. Jiao et al. (2016) apply the Kalman filter method to the field of short-term subway passenger flow prediction, and improve the Kalman filter by taking into account errors and historical deviations. Given the outstanding nonlinear characteristics of passenger flow, several nonlinear theoretical methods have also been used for passenger flow prediction of [17]. Zhang et al. (2017) introduce the passenger flow ratio of the same day in the next two weeks as a feature into the traditional Kalman filter model, considering the daily data characteristics with similarity, so as to solve the limitations of the traditional model to only use historical data once, and improve the stability of the regression results [10].

In the application of short-term passenger flow prediction, combined with the real situation of passenger flow during historical large-scale events, Yang and Hou (2013) use gray prediction algorithm for passenger flow prediction, and adopt the Markov correction model to further optimize the predicted loss, and obtained the effective rail transit passenger flow prediction model [12].

[bookmark: _Toc8615]2.2 Short-time passenger flow prediction model based on the intelligent algorithm
With the vigorous development of rail transit in the 21st century, the majority of scholars have begin to pay attention to the safe operation of rail transit since 2011, and the intelligent algorithms are gradually further developed and applied in the short-term passenger flow prediction. Among them, the two main branches of intelligent algorithm are machine learning algorithm [4,18] and neural network algorithm [19-22].

Machine learning models are completely different from the scientific principles of mathematical statistics on sampling, statistics and hypothesis testing, which extract important information from the data according to the continuous process of human learning, so as to infer the results from supervised or unsupervised learning on unknown knowledge. In terms of rail transit short-time passenger flow prediction, the machine learning performance is better for the support vector machine [23], K-Nearest Neighbor algorithm [24-25], random forest [26], and Bayesian network [18,27]. Hu and Liu (2011) use the minimum SVM to establish a regression prediction model, and the results prove that the SVM has higher accuracy and reliability for Hangzhou expressway passenger flow prediction [23]. In order to integrate the passenger flow characteristics into the model and the linear Gaussian distribution, ROOS et al. (2017) conceive the local conditions into a linear Gaussian distribution, and propose a dynamic Bayesian network model to predict the subway traffic condition in real time in case the data is incomplete [27]. Lin et al. (2018) propose the adaptive K value acquisition algorithm according to the flow state data and spatial distance between two stations, and then use the error change rate to continuously optimize the K value, to build a short-time passenger flow prediction model of K-neighbor rail transit differentiated between working days and holidays [24]. Huan (2018) according to the subway station real-time data, with each moment before N near time of real data construction state vector as training sample characteristics, to solve the problem of poor point-to-point distance usage, further consider the sequence form standard matching, and then according to the difference between adjacent samples and prediction target improved short-time passenger flow model of KNN algorithm prediction [25]. By observing the predictability of traffic flow by temporal and spatial characteristics and speed features, Zheng et al. use the Gaussian Bayesian network model in the linear state to predict the microscopic traffic simulation data in different time periods, and the accuracy is significantly improved in [18]. For regression model-based prediction methods and machine learning algorithms, supplementing missing data before prediction and inference is a challenge. The reason is that the time-dependence of incomplete data modeling is not reliable for predicting future medium-to long-term change trends, especially in the absence of continuous data fragments [28]. At the same time, machine learning always has a high accuracy in traffic passenger flow prediction, and the calculation speed is faster.

With the popularity of intelligent transportation, no matter what way of traffic, the public will leave data records. For the current situation of big data, machine learning method by feature processing depth and other related information processing ability are limited, just neural network model [29,21-22] with mass computing and deep mining ability, can make up for these shortcomings, gradually becoming the mainstream method of traffic passenger flow prediction task. Neural network models, initially develop by percepcons that simulate human neural structures, aim to learn the high-dimensional complex function through a series of nonlinear transformations from input data to output labels [30]. Yu et al. (2016) integrate traffic accessibility, land use situation and regional construction to predict the passenger flow in the future. Their study divide Dalian Development into three categories, and the artificial neural network model predicte of passenger flow of buses in each traffic area [29]. Engin and Selin (2017) optimize the artificial neural networks. The proposed algorithm can not only predict passenger demand, but also accurately predict the impact of queuing [31]. Wei and Chen (2012) use the empirical mode decomposition (EMD) method to decompose the IMFs with specific meanings of passenger flow sequence, and then combine with the extracted time characteristics, including weekdays, weekends, time periods, etc., and they are transmitted to the back-propagation neural network to predict human flow [32]. Xu et al. (2018) believe that AE should have the ability to reconstruct the original input data, so the R2 penalty term and sparse limit are added on the basis of the least squares method of the error function to form an auto-encoder. The adopted model is to combine multiple auto-encoders with logistic regressors, and BP continuously iteratively optimizes the prediction effect from top to bottom [22]. Zhang et al. (2022) use Pearson's correlation coefficient to analyze the historical factors and weather factors, and built a hidden layer model of seven-layer neural network and four-layer Dropout layers to predict the subway traffic flow [21]. To know the congestion station in advance, Li (2019) combine with passenger flow direction with the train schedule, using dynamic radial basis function (RBF) neural network for short-time outbound traffic regression prediction, find that the method in 30 mins time best, because BP and KNN can know congestion in advance 30mins stations to relieve the congestion condition [18].

In terms of predicting the short-time passenger flow of subways, Liu et al. (2019) take advantage of LSTM which has the interpretability of input data context correlation and overcome the advantages of gradient disappearance. They propose a deep learning framework to integrate multiple feature factors and add time features to the model to improve the regression accuracy [3]. Zhang and Jin (2021) first try LSTM to predict the short-time passenger flow to obtain the results, and then further optimized the particle swarm algorithm to obtain the improved LSTM algorithm with higher precision [5]. Gong and Ling (2021) believe that LSTM has strong memory ability in rail transit passenger flow prediction, which can solve the problem of RNN gradient explosion, set appropriate input and output, activation function and neural parameters, and match the probability of Dropout, which can effectively prevent the model from overfitting [6]. Meanwhile, the GRU model has also received much attention in the improvement of the LSTM model. In order to improve the passenger flow prediction accuracy, Wu (2022) using VMD of subway passenger flow data for feature mining and noise reduction, analyzing and comparing the advantages and disadvantages of RNN, LSTM and GRU algorithm, select GRU algorithm with different time to predict passenger flow size, to improve the traffic operation efficiency and travel services to provide data support [1]. Xiu et al. (2022) regard passenger flow data as signal flow, considering the correlation between data, and decompose passenger traffic into smaller information with internal mode by integrating EMD, which will overcome the disadvantages of possible cross-sharing of information between modes and overlapping among information. At the same time, the residual difference of information between the modes is used as the source of IMFs to extract the features into the bidirectional GRU to predict the result [13], which brought me great inspiration.

Deep learning method has been widely used in many tasks and has shown some advantages, especially in computer vision, speech recognition, and natural language processing. In the transportation field, deep learning techniques also show excellent predictive accuracy due to their ability to capture complex nonlinear relationship based on a large amount of data [33]. And the extended recurrent neural network (RNN) [19-20], CNN [34] and other models each have obvious advantages and disadvantages. Neural networks use dendritic structure to automatically summarize data features in non-linear functions, but they require a large number of reliable data to simulate the prediction of human perceptual nerves to achieve the prediction short-term passenger flow. Wu et al. (2018) considering the deep convolutional neural network prone to overfitting, use RELU nonlinear activation function the advantages of which can overcome gradient disappearance, cater to predict the traffic flow of nonlinear data relationship, through visualization, explore deep neural network and recurrent neural network in the relationship between spatial and temporal characteristics by attention mechanism,which validate sensitivity of the traffic flow data in weather and anomalous events[19]. Yang et al. (2022) used the circular neural network model to predict the passenger flow of Weijianian station. However, due to the small data, the final conclusion error is large. Based on this data, Anylogic is effectively used to simulate the passenger flow and put forward the optimization scheme for the deficiencies in the passenger flow organization arrangement [20]. Ma et al. (2017) study the use of CNN for large-scale traffic network and speed prediction, making the trajectory data of different sections at different time into temporal matrix, and then convert into image input into CNN model, experimental results show that CNN model is better than many other machine learning methods when predicting short-term traffic speed in large-scale network [34].

[bookmark: _Toc12520]2.3 Hybrid predictive model based on mathematical statistics and intelligent algorithms
Based on mathematical and statistical methods, machine learning methods and neural network models. In view of the idea of integrated learning, multiple models and [35-45] can make full use of the algorithm advantages of each model to extract the potential information contained in the data from multiple angles as much as possible. In order to give full play to the advantages of each model, many scholars are focused on improving the effect in the actual business needs through model integration.

At the beginning of multi-model fusion, many scholars use excellent machine learning algorithms and time series to blend. Sun et al. (2015) propose a novel hybrid model Wavelet-SVM, combining the complementary advantages of Wavelet and SVM model, and overcome their respective shortcomings, first flow data divide into different frequency sequence by wavelet passenger, then apply support vector machine (SVM) to learn and predict the corresponding high frequency and low frequency sequence, and finally reconstruct diversification prediction sequence by wavelet [46]. Fu et al. (2016) derive a hybrid model using LSTM and Gated Circulation Unit (GRU) neural networks, based on datasets collected from road sensors across California. Yu et al. (2017) combine CNN and LSTM to predict the short-term and long-term traffic flow in large-scale traffic networks. The model consists of the initial convolution layer forming the upper network LSTM layer. The convolution layer at the bottom can extract spatial features, and then push its output to the upper LSTM layer to learn time features [48]. Bai (2017) observe the passenger data in the difference between holidays and weekdays, and then use AP algorithm from different passenger flow data, innovatively propose cluster similar characteristics by similar passenger flow site data, then introduce hybrid model DBN to search the characteristics of each mode, which shows excellent feature recognition and learning ability. The cross-fusion of clustering methods in machine learning algorithms and DBN further is extended in feature recognition and learning [35].

When convolutional layers are found that they have a strong advantage in feature extraction, neural networks are used as one of the underlying models for important model fusion. Liu et al. (2017) decomposed the traffic data into three main features: time, space, and periodicity. Spatio-temporal features of the traffic flow are extracted using the Conv-LSTM module and periodic feature are extracted using the Bi-LSTM module [49]. Guo et al. (2019) using GPR to extract the input passenger flow stability feature, for the poor effect of small holidays, optimize the model based on the GPR, which combine the original features and including holiday information and site type characteristics,and input into the hybrid model of GPR and KRR, which is more suitable for small sample data to predict [36]. Hao et al. (2019) propose an end-to-end deep learning framework, in which a sequence-to-sequence model of the embedded attention mechanism forms the backbone of the framework, and enables the multi-step prediction for all stations in a large subway system simultaneously [50]. Zhang (2021) select a transfer station from the congested station in Beijing as the research object, and use the neural network and NAR to predict the subway traffic passenger flow, and the Levenberg-Marquardt algorithm effectively update the cycle loss value [37]. Zhang et al. (2021) divide the rail transit short-time passenger flow prediction task into two parts. First, BP is used to initialize the original passenger flow. And IGWO algorithm constantly simulate the way that the gray Wolf capture prey to optimize the weights of BP and threshold, and cycle training until the optimal result is obtained [38]. Yang et al. (2021) develop an improved spatial and temporal long and short-term memory model (Sp-LSTM) to predict the short-term outbound passenger traffic at urban rail transit stations. The model predicts the outbound passenger flow based on the historical data of spatial-temporal passenger flow, station start-end (OD) matrix, and rail transit network operation data [9]. Xue et al. (2022) notice that major social events will temporarily cause great pressure for the subway supply and demand in the special activity time, and use SAE-DNNs to capture the abnormal characteristics of temporary passenger flow, combined with the characteristics of other stations extracted by the two-dimensional convolutional neural network, and took the overall splicing as the input value of the passenger flow prediction algorithm of the target site [39]. Zhang et al. (2022) use the graph convolutional neural network to extract the complex available path to the subway station, combined with the GLU to explore the time-varying characteristics of subway passenger flow caused by flight fluctuations, using the hybrid model to predict the local subway station flow. And compared with the traditional ARIMA, LSTM, STGCN model, they find that the hybrid model is highly robust [40]. Zhu et al. (2022) propose the WT-ARMA prediction model, which reduce the impact of the external environment on the different subway stations distinguished by K-means on the original rail transit travel data by wavelet transform, and then sent the processed data into the ARMA model to predict the passenger flow situation [51]. Wang et al. (2022) propose the graph convolutional neural network and the deep learning network combining the control recursive units. The former uses the adjacency matrix to extract the correlation between the in and out passenger flow of different stations, while the latter integrates the attention mechanism to deeply dig the characteristics of site historical data and future passenger flow in time [41]. He and Li (2022) use Yolov5 algorithm to detect passenger mobile videos, and then use Deepsort algorithm to track and count the number of personnel. This method can not only calculate the passenger flow, but also alert the personnel congestion position in real time, which has a better application effect in rail transit safety management [42]. Peng (2022) innovatively put forward the use of residual ideas, using GRU model to extract the spatial characteristics of passenger flow, and then use LSTM model for target extraction such as weather, special events and air quality related external features, the regression of the passenger flow forecast results using weighted squared error on the loss function iterative update [43]. Wen et al (2022) consider the difference between holiday passenger flow and working days, on the basis of the decomposition of basic data for linear and nonlinear time series data, including non-linear data expressed holiday differences, linear data using SARIMA algorithm learning prediction, and not linear holiday difference using TrAdaBoost transfer learning model time series prediction method [44]. Fu et al. (2022) believe that the effect of feature extraction is directly related to the rationality and accuracy of the model prediction results, so they take the internal and external related characteristics of the subway station into account. On the internal feature extraction, they think that the total flow inside the subway station and the sum of the internal characteristics, but also consider whether there is enough bus station around the site, with potential into the subway station passenger flow ratio as an external feature. Based on this idea, they set a certain time window, design a new neural network model of full connection layer and LSTM, multi-layer density layer to extract passenger flow characteristics, time series mining passenger flow data main development trend, and exclude feature extraction data abnormal interference [45].

[bookmark: _Toc5580]2.4 Research review
Based on the above application research of mathematical statistical model, intelligent algorithm model and hybrid model in short-time passenger flow prediction, the following conclusions are obtained:
(1) Most scholars use time series analysis models in real data to extract features, but few scholars decompose the characteristics hidden information in real passenger flow, and also fail to consider the impact of objective environment on real passenger flow [52], such as peak period, holidays, air quality, weather factors, wind direction, etc.
(2) The existing literature on the impact of spatial characteristics on passenger flow focuses on whether there are other types of stations [45] near the subway station. In addition, the similar subway stations or adjacent connections will also affect the peak passenger flow situation [21], lacking the idea of collecting spatial characteristics based on the passenger flow situation.
(3) Although the existing model can predict the passenger flow data of the rail transit to some extent, with the increase of the rail transit operation carrying capacity and the user base, the errors corresponding to the accuracy of current models increase accordingly, and the corresponding effective strategy is lacking to further improve the model prediction accuracy.

To sum up, the results of short-term passenger flow prediction of rail transit are strong, which can be some reference for rail transit operation planning and emergency management. The selection and combination of the key features proved to have a significant influence on the prediction performance. In view of the above problems, features of further mining time and space of in the original passenger flow data and improving the accuracy of the model can be further deepened. It should be more comprehensive to explore other factors of other characteristics, and makes full use of the advantages of various model to further improve the passenger flow forecast ability, providing more wisdom schemes for the subway operation management.




4. [bookmark: _Toc11546]Research Methodology
4.1 [bookmark: _Toc23406]Research Methods
In order to realize the research purpose, to ensure the scientific rationality of the research conclusion, this project adopts the combination of literature research and experimental demonstration, using quantitative analysis model and reliability analysis, combined with the existing theoretical verification results, the theories of machine learning and deep learning apply to the research, as the guidance of rail transit management.
(1) Literature combing and comparison method. Read magazines, newspapers, works, network and other related information, further understanding the domestic and foreign research status and related frontier theory, mainly combing about mathematical statistical methods, machine learning, deep learning in rail traffic passenger flow prediction literature research, and put forward the need to strengthen the research problem and need to consider the key factors, design research framework.
(2) Experimental optimization method. This paper mainly studies the use of python for programming, including the construction of the model framework, and constantly trying out various parameter and model fusion experiments. Excellent combinations of model parameters are explored for short-time passenger flow prediction in rail transit.
(3) Algorithm comparative analysis method. Various examples are tried to combine. The models of whether considering key factors or links are compared and analyzed, and the fusion effect of various models is compared through practical verified evaluation indicators, so as to verify the effectiveness of key factors or links.

4.2 [bookmark: _Toc24874]Data Foundation
The AFC details of each person entry and exit of the station are able to be used as a training dataset for short-time passenger flow prediction. This paper will take the AFC record Hangzhou metro traffic as the experimental training data. The data comes from Hangzhou Public Security Bureau and Aliyun Intelligence jointly launched the first Global City Computing AI Challenge. The data files include two categories, one of which is the entry and exit records of all stations of the three subway lines in Hangzhou from January 1,2019 to January 25,2019, recorded by day for a total of 25 documents. The other part, a table Metro_roadMap.csv in the format csv, was used to record the two-dimensional spatial matrix between a total of 81 sites across the three lines. The entry record data contains the fields ‘time’, ‘lineID’, ‘stationID’, ‘deviceID’, ‘status’, ‘userID’, ‘payType’. The ‘time’ records the time of per trip, and its type is a time stamp, including the date and a 24-hour time. ‘lineID’ represents the lineID number, which is the string type data. This data set contains only three lines, which are represented by A, B and C respectively. ‘stationID’ is the int type, the value range of 0 to 81, used to represent 81 stations (another three underground traffic line stations and route planning map, can correspond to the station number). ‘deviceID’ is the number of each gate and belongs to int type. 'status' takes values of 0 and 1, where 1 means the record as the inbound data, 0 means the user is outbound, and is also int type data. ‘userID’ is a string type composed of 33 letters and numbers, indicating that each user leaves at the gate. Theoretically, a user should include in and exit records to be a complete user record. ‘payType’ means the payment method, such as the bus card, Alipay, bank card or WeChat.

Table 3-1 shows an example of some users' AFC records. It can be aggregated through ‘time’ and ‘stationID’ to obtain the passenger flow of each station in each time period. There are 56,097,645 data records combined. Data cleaning, feature engineering and model building processes will be performed in the python3.8 environment.
Table 3-1 Example of AFC record
	time
	lineID
	stationID
	deviceID
	status
	userID
	payType

	2019/1/1 2:00
	B
	27
	1354
	0
	D13f76f42c9a677c4add94d9e480fb5c5
	3

	2019/1/1 2:01
	B
	5
	200
	1
	D9a337d37d9512184b8e3fd477934b293
	3

	2019/1/1 2:01
	B
	5
	247
	0
	Dc9e179298617f40b782490c1f3e2346c
	3

	2019/1/1 2:02
	B
	5
	235
	0
	D9a337d37d9512184b8e3fd477934b293
	3

	2019/1/1 2:03
	B
	23
	1198
	0
	Dd1cde61886c23fdb7ef1fdb76c9b1234
	3



4.2.1 [bookmark: _Toc5496]Data observation
Before data cleaning, first check whether there are null value, duplicate value, invalid value and other fields. On this basis, there are people in and out during the abnormal time period, and judge it recorded by the maintenance staff of subway station entry and exit . For more accurate statistics of the number of personnel entering and leaving the station, this article will delete this part of the interference record. According to the needs of short-time passenger flow forecast, aggregate ‘time’ field according to 15 mins [1,7,13,22,38,53]. Combined with the operation time of Hangzhou Metro, 5:30-23:45 is set as the data aggregation time period, with a total of 73 time periods, with a total of 146,000 pieces of data.

Firstly, add the week ‘weekday’ field according to the date, and visualize the data to observe the regularity of passenger flow data in the week dimension. From figure 3-1, the subway passenger flow weekly statistics appear strong regularity. The maximum traffic is about 34k on weekdays, while the maximum traffic on weekends is less than half that on weekdays, so weekdays and weekends is one of the important characteristics of rail transit passenger flow. At the same time, it can be observed that the number of people present on Monday is the largest, and it gradually decreases in the next four working days. It can be identified as an obvious correlation between the day of the week and the subway flow.

[image: 总人数日期&星期]
Figure 3-1 The total number of people entering Hangzhou subway in the daily dimension

But also we need to pay attention to on January 1,2019 is the traditional Chinese New Year's day, which is the Chinese people collective rest festival. The passenger flow of this day is irregular to other dates. Because there is the data of one important holiday only, and data is insufficient, the experiment will do and further study, when we will have enough data of special holidays.

To further explore the interrelationship between ridership and state-defined work time period, the number of passenger at all stations is shown daily in Figure 3-2. In addition, according to the regulations of Chinese weekdays, the experimental data in the 5th, 6th, 12th, 13th, 19th and 20th day of January 2019 are weekends, and the cold color represents weekends in the figure. As can be clearly seen from Figure 3-2, the passenger flow situation and trend on weekdays are very consistent. There are two peak periods every day, that is, the traffic flow changes rapidly between 7:00 and 19:00 and 19:00 on working days, which is higher than the normal value of one day. However, the number of trips on weekends plummeted, and it did not peak at a certain time. Based on the peak range in Hangzhou and the reasonable commuting period in China, it can be judged that the peak period is also an important feature affecting the passenger flow of rail transit. For this reason, 7:00~9:00 and 17:00~19:00 are set as the commuting peak in this study.

[image: 对比周末和工作日客流量]
Figure 3-2 The total number of people entering Hangzhou subway in the daily time period

4.2.2 [bookmark: _Toc252]Data cleaning
Through the visual analysis of the time characteristics, according to the above ideas and procedures, we program for data cleaning on jupyter notebook, and the passenger flow of each station is aggregated with 15 mins time granularity. The original AFC card records are cleaned in the following steps:
(1) For normal business data within 5:30-23:45, exclude invalid data;
(2) The number of at each station is aggregated according to the ‘time’ and ‘status’ at 15 mins granularity;
(3) Add the ‘weekday’, ‘hour’ and ‘if_holiday’ feature fields to the data according to ‘time’. For the ‘if_holiday’ field, 1 is weekends, 0 for weekdays;
(4) Exclude the January 1st New Year's Day passenger flow data;
(5) Determine whether it is the peak hour according to the passenger flow, by setting the morning peak hour from 7 a.m to 9 a.m, and evening peak from 5 p.m to 7 p.m, expressed by the field ‘if_busy’.

The whole procedure step is shown in 3-3.
[image: wps]
Figure 3-3 Flow chart of data cleaning

Finally, the statistics containing the ‘num_in’, ‘weekday’, ‘if_holiday’, ‘if_busy’, ‘hour’, ‘station_id’ fields total 140,160. There are 1752 pieces of data from each station. Xianghu, Station 0, is selected as the test site in this paper, and 20% of the data is set as the test set, and the remaining 80% is used to train model. The collated data is shown in Figure 3-4, and 05:30:00 indicates the passenger flow data corresponding from time 5:30-5:45.

[image: 数据清理后数据式样]
Figure 3-4 Example data after data cleaning
4.3 [bookmark: _Toc23133]Subsection of this chapter
Firstly, this chapter summarizes the research methods used in this paper, and then explains the data sources. This chapter preprocesses the detailed information of AFC per person entering and leaving the station of Hangzhou Metro from January 1,2019 to January 25,2019. The invalid data during non-business hours are excluded, and the number of people entering and leaving of each station is aggregated according to the 15mins time range of ‘stationID’ and ‘status’. By observing the data distribution, we know weekend and peak period are one of the factors affecting the number of subway trips. Meanwhile, the irregularity of the data on January 1 and the insufficient special New Year holiday data were excluded. Add the ‘week’, ‘if_holiday’,’ if_week’, and ‘hour’ features later, and the data of Xianghu station is selected as the model validation data set. Finally, the data set is assigned to the test set and the training set at 2:8.



5. [bookmark: _Toc6881]Development Methodology
Artificial intelligence has developed rapidly in the past decade, and researchers have proposed many feature extraction and prediction models in short-term passenger flow prediction of rail transit. Based on the current popularity and the characteristics of each model, this chapter mainly introduces LSTM, BP, CNN, and ResNet.

5.1 [bookmark: _Toc21005]Long-Term Memory Network Model (LSTM)
LSTM was proposed in 1997 and was further refined by Alex Graves. LSTM is based on the idea of RNN. While inheriting the advantages of RNN model can retain memory, LSTM can overcome its disadvantages of memory only in a relatively short time, and has the ability to select retained information according to the actual situation, making itself can be applicable to the training set of interval or delay time characteristics, when the data set is large enough, the processing ability of LSTM in time characteristics is particularly obvious. It also depends on how LSTM can capture both the linear and nonlinear time features. In contrast to traditional linear methods, LSTM is able to capture the time-series-dependent characteristic [54]. Today, LSTM is widely used in all fields, and has achieved great success.

LSTM model consists of a set of units. LSTM adds RNN with the hidden layers so that each cell has two cell memory states, namely internal cell state (for c) and hidden state (for h). Three gate types are included in every cell of LSTM, namely the input, forgot, and output gates. Each gate has a neural network with a layer of neurons. Each cell has two inputs: the hidden state of the previous moment (for h(t-1)) and the sequence input of the current moment (for x). The output of the cell is hidden state (for h(t)), and the internal cell state (for c) is passed to the next cell.

In the first step, the forget gates and the input gates consume information from the input units (h(t-1) and x), identify which information is output from the previous state, and decide which information to forget to output. Therefore, these two gates contain information about the previous cell state to calculate the current cell state. The output gate and the current cell state are used to calculate the next hidden state. The equation expressions for the three gates are equations 4-1 to 4-3.
	

	（4-1）

	

	（4-2）

	

	（4-3）



Where, σ represents the sigmoid activation function of the nerve, Wix and Wih represent the weight of the input gate of the neural network, which is used to multiply with the input vector x, the hidden state vector, respectively, and bi indicates the bias of the input gate. Similarly, Wjx, Wjh, and bf indicate the weights and deviations of the forgetting gate, and Wox, Woh, and bo indicate the weights and deviations of the output gate.


In the second step, an LSTM unit also contains a nonlinear tanh activation function, called  neural network , that determines which part of the input is to be stored in the unit state.
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Where, ,, and  represent weights and biases of the  neural network.


In the third step, equations 4-5 and equations 4-6 update the current cell state c(t), and the current hidden state h(t), respectively. In Equation 4-5, the new cell state c(t) is constantly updated by two parts. One of which is the previous cell state c(t-1) is updated by the forgetting gate f(t), forgetting the information to be discarded. The other part is constantly updated by the input gate weight i(t) at the current moment state.

If the output of the last forgot gate is a vector close to zero, the multiplied result forgets part of the previous memory. Conversely, if the output of the gate is a vector close to 1, most of the memory is retained. The array elements adding c(t-1) with the output of the input gate merge old and new memories. After the above two steps, c(t-1) is updated to the new cell state c(t) [55].
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It is worth mentioning that neither the LSTM cell gate domain nor the cell state domain is restricted, depending on the properties of the activation function. The output value domain corresponding to the sigmoid function is from 0 to 1 in the LSTM unit, and the output value range of the tanh function is (-1,1).

A complete LSTM cell structure is shown in Figure 4-1. It is not difficult to find that the LSTM uses the output values h(t-1) and c(t-1) from the previous time along with the current moment input value X (t) to update the hidden states h(t) and cells states c(t), . In Figures 4-1, the sigmoid and tanh activation functions are expressed as σ and τ, respectively. Operator multiplication and addition are represented by * and +, respectively. Note that the current cell c(t) and hidden state h(t) serve as the previous state input to calculate the next cell (c(t+1)) and hidden state (h(t+1)), and the dotted line indicates cycle update of the entire LSTM cell.


[image: wps]
Figure 4-1. Structure of LSTM cells

Table 4-1 Description of the relevant parameters of the LSTM model
	字符
	含义

	c(t-1)
	Unit state output value at the last time

	h(t-1)
	Hidden state output value at the last time

	f(t)
	forget gate

	i(t)
	input gate

	o(t)
	output gate

	x(t)
	Enter data at the current time

	σ
	Sigmoid activation function

	τ
	Tanh activation function



By understanding the principle of LSTM, and analyzing and interpreting the important parameters of LSTM network: 
input_size: represents the dimension of the input feature data. For example, when integrating the training set data, the first t data is planned to predict the current moment data, the input_size should be set to t, and each data X(t) is [x0, x1, x2,..., xt].
hidden_size: The dimension of the hidden layer state, that is, the number of hidden layer nodes in the cell, is similar to the number of neural network neurons. This value needs to be customized according to the actual application situation, constantly finding the best value.
The num_layers: represents the number of layers of the LSTM network. The default value is 1. If set to 2, the second layer LSTM network receives the calculation results of the first layer LSTM network. Accurately speaking, [x0, x1, x2,..., xt] are the input of the first layer, calculated [h0, h1, h2,... ht]; meanwhile, [h0, h1, h2,..., ht] is again as the input of the second layer, to output the last [h0, h1, h2,..., ht].

5.2 [bookmark: _Toc26192]Back Propagation Neural Network Model (BP)
The BP neural network model was proposed in 1985. The principle is like human neurons receiving external stimuli, effectively transforming external information through dendrites, and passing it to the next neuron, and so on, until the output. The neural network can be simply composed of input layer, hidden layer and output layer. Except that the first layer of the network is the input layer, the last layer is the output layer, and the middle layers are the hidden layers. See Figure 4-2, and take the two hidden layers as an example.
[image: BP网络]
Figure 4-2 Structure of Neural net cells

The input layer is an interface to receive the incoming data, and the number of neurons in the input layer is consistent with the original feature data dimension, which is determined by the input data dimension. Data goes into the network through the input layer, where neurons are connected to the neurons in the first hidden layer.

The hidden layer is used to extract features, and also partly represents the ability of feature extraction. In the forward propagation process of Figure 4-2 (indicated by the black solid line), the previous layer of data is input to the hidden layer, and the extracted useful information is passed to the next hidden layer through the activation function. If you set a large number of hidden layer neurons, the process can be regarded as mapping the data from the low latitude to the high dimension space and extract the feature information from the suitable space for observing the data. In the practical application process, the hidden layer more often are set with the number of neurons, the n-square of 2, because it can make better use of computer resources, effectively and efficiently extract information.

During the data forward propagation calculation, the activation function will greatly determine whether it can train successfully. Commonly used activation functions are Sigmoid, Linear, Relu, and Tanh. According to the characteristics of different functions themselves, they have their own advantages and disadvantages. The Sigmoid activation function is distributed in the range of 0 to 1, and the last value is considered as the probability of the result for the component, so it is very suitable for the classification task. The Linear function is suitable for prediction. The use in the neural network has the same effect with the linear regression model, but its linear characteristics also determine that the model is easy to lead to gradient explosion in both positive and negative infinite direction in the backpropagation process. Because of being zero in the field of negative infinity, the Relu function makes the model overcome the disadvantage of disappearing gradient over negative infinity. In addition, this function is simpler and easier than other nonlinear functions, so it is widely used in various fields. The trend of Tanh function is similar to that of Sigmoid function, but its value domain is controlled between-1 and 1, which overcomes the problem of positive and negative direction gradient disappearance. However, this function is composed of multiple ghost functions, with relatively complex and large computation, which will increase the computational burden of back propagation. According to the interval range and properties of the above functions, the data normalization during the data preprocessing process is also a prerequisite for training a good model.

The essence of back propagation of BP algorithm is to calculate the partial derivative of the error by using the forward propagation results, and then calculate the partial derivative according to the partial derivative function of each node, until the partial derivative of the input node and the partial derivative function are calculated, and then the new value is updated positively until the partial derivative no longer changes (see the red dashed line part of Figure 4-2 for the process). That is, the optimal output layer is obtained, which is the final output result of the model task.

But it's worth mentioning that the number of hidden layer and its neurons are not the same thing. The number of hidden layer neurons is the number of spatial dimensions of data; the number of hidden layers is the number of times that data is transformed. the largest number of hidden layers, don’t represent the better extracted features. The more hidden layers are set, the more complex the neural network is. The appropriate hidden layers should be selected according to the characteristics and complexity of the data. If the training set is small and the data is too simple, using particularly complex neural networks will often lead to overfitting, which is not the judgment criterion for good neural networks. The activation function used in each layer largely determines the effect of the model network.

From the whole process, it is not difficult to see that the calculation process is very complex, and the calculation volume is relatively large, which will also drag down the calculation speed. At the same time, if a node gradient is zero, the partial derivative of the back-propagation subsequent nodes will also be zero, and the whole model falls into a local optimum.

5.3 [bookmark: _Toc20579]Convolutional network model (CNN)
CNN has been widely used in the deep learning process, especially in the field of computer vision. CNN started with LeNet in the 1990s, was silent for 10 years in the early 2000s, until AlexNet began to have a second spring. From ZF-Net to VGG, GoogLeNet to ResNet and more recently DenseNet, the network became deeper and deeper, the architecture became more and more complex, and the method to solve the gradient disappearance in backpropagation became more and more clever. In fact, CNN is also a multi-layer supervised learning neural network, mainly including convolutional layer, downsampling layer, and full connection layer, among which the hidden layer of convolutional layer and pool sampling layer are the core modules to realize the feature extraction function of convolutional neural network.

Each layer of convolutional layer in CNN is composed of several convolutional units. Convolution processing is the process of extracting the input features of each feature graph through convolutional filters. Each feature graph has multiple neurons, and the neurons only perceive the local information of the data tensor, and then synthesize the global information at a higher level. To be precise, after inputting image and the filter convolving, the local feature is extracted. Once the local feature is extracted, its position relationship with the other features is also determined accordingly, and the input of each neuron is connected to the local receptive field of the previous layer. The parameters of each convolutional unit are optimized by BP algorithm. The purpose of the convolution operation is to extract different features of the input. The first layer of the convolutional layer may only extract some low-level features such as edges, lines and angles, and the more multi-layer networks can iteratively extract more complex features from the low-level features. The map of the input layer to the hidden layer is usually called a feature map, that is, getting the feature extraction layer through the convolutional layer.

Usually after the convolution layer will get a large dimensional features, so after each feature extraction layer followed by a calculation layer used to summarize features, namely pooling layer, to feature mapping layer after pooling, the layer network is the key to keep the local important information, compressed data to achieve the purpose of reducing calculation, generally taking its maximum value or mean, get the new dimension smaller features, small. Each computational layer of the network consists of multiple feature-mapping planes, in which all neurons have equal weights. The purpose of introducing the pooling layers is to simplify the output of the convolutional layers. Generally speaking, the pooling layer has a window in the convolutional layer, but this window is much simpler than the convolutional layer window. It does not need weight, deviation and these parameters, and just does simple operations on the neurons within the window range, such as summing, seeking the maximum value, and takes the obtained value as the output value of the pooling layer neurons. The process of pooling the layer is illustrated with a 6*6 feature diagram by stride 2 in Figure 4-3.
[image: wps]
Figure 4-3 Pooling layer calculation process
The activation function is used to incorporate the nonlinearity. Common activation functions are sigmod, tanh, relu, the first two of which are often used in the fully connected layers, and relu is common in the convolutional layers. The fully connected layers play a classification role in the CNN.

The core idea of CNN is to share the local receptive field and the weights, so as to simplify the network parameters and make the network have a certain degree of displacement, scaling and nonlinear deformation stability through the pooling layer. Because the image spatial connection is local, each neuron does not need to feel all the image, just need to feel the local features, and then at a higher level, these different local information can get the global information, which can reduce the number of connection units, namely the number of weights. Parameter sharing between different neurons can reduce the parameters needed to be solved, and deconvolving images with multiple filters yields multiple feature maps. Weight sharing is a convolution with the same convolution core, which means that all neurons in the first hidden layer can detect the same features at different positions of the image. Its main ability can detect the same type of characteristics in different positions, that is, the convolutional network can well adapt to the small range of translation of the image, that is, there is a good translation invariance.

5.4 [bookmark: _Toc24843]Residual Network (ResNet)
Obviously, we all know that as neural networks deepen, the more effective information is gained from the training set, and the richer the features are extracted. VGGNets tries to add different network structures of depth levels to the neural network, and proves that with the higher the depth of the network, the accuracy of the training set decreases, and the optimization effect of the network set is worse. The fundamental reason is that the error accumulates in the back propagation process, and as the network increases, the gradient diffusion problem becomes more serious. Finally, the gradient value of the first few layers is gradually close to zero, the gradient disappears so that it cannot converge, and the training effect will not become better with the deepening of the network. Therefore, to solve this problem, the ResNet learning idea is proposed, thus helping to train deeper networks, and also, a residual block is introduced.
[image: wps]
Figure 4-4 The residue structure

Figure 4-4 is a residual module that contains multiple network layers (BP, CNN, etc.). The input data X of the residual learning module is calculated by the activation function f (X), such as the ReLu function, with the original input information X and the previous calculation result f(X) activated as the whole input to obtain the output result of the residual module. So essentially it is the difference between the output result and the input result, namely the residuals.

The biggest advantage of ResNet is that by skipping the original data over the middle network layer and residual combination, making the back network also has the opportunity to get the best features from the original data, making up for the more or less lost information in the middle layer, protecting the integrity of data information, making up for the disadvantage of gradient diffusion the network hierarchy increase. The whole network only need to learn input information and a part of the middle residual, which greatly reduce the learning intensity.

In view of the advantages of residual thought, the residual idea is sublimated in the study of rail transit short-time passenger flow prediction. In the rail transit short-term passenger flow prediction model, the whole model is divided into a second-order prediction model. In the first-order process, the time series extracted and the objective environment information obtained are processed and selected spatial and temporal features of similar sites are stitched together, and the afferent model predicts the first-order prediction results. In order to improve the accuracy of the whole model, get more accurate prediction results, using the residual ideas, the real passenger flow data and the first order prediction result calculation error, the residual as a prediction label again into the prediction model for prediction, namely the prediction result of the second order is the correction of first order result. Notably, the feature data of the first order input is perfectly consistent with the second order features, changing only the predicted target values. Finally, summing the residual result of the second order prediction and the first order prediction value is the final prediction result of the whole model, and the prediction result of the whole model is improved through the residual correction. The residual logic diagram is shown in Figure 4-5.
[image: wps]
Figure 4-5 Application of residual ideas
5.5 [bookmark: _Toc14365]Subsection of this chapter
Through the study of LSTM, BP, CNN and residual network:
First of all, BP has the following advantages: (1) non-linear mapping ability. BP neural network essentially realizes a mapping function from input to output, and mathematical theory proves that the three-layer neural network can connect to any nonlinear continuous function with arbitrary precision. This makes it particularly suitable for solving problems with complex internal mechanisms. (2) Self-learning and self-adaptation ability. BP neural network can automatically extract "reasonable rules" between the output data during training, and adaptively memorize the learning content in the weights of the network. (3) Generalization ability. The so-called generalization ability refers to when designing the mode classifier, that is, the network should consider the correct classification of the required classified objects, but also care about whether the network can correctly classify the unseen modes or the modes with noise pollution after training. That is, BP neural network has the ability to apply the learning results to the new knowledge. (4) Fault tolerance, the BP neural network will not greatly affect the global training results after its local or partial neurons are damaged, that is to say, the system can work normally even when it is still damaged locally. Based on this, the fully connected network is based on BP network.

LSTM networks improve the long-term dependence problems existing in RNN, and they usually perform better than temporal RNN and hidden Markov models (HMM). As a nonlinear model, LSTM can be used as complex nonlinear units to construct larger deep neural networks. But LSTM only solves the RNN gradient problem to a certain extent, can handle a sequence with 100 orders, while 1000 orders or longer is still tricky. Another disadvantage is that the cell of each LSTM means four fully connection layers (MLP). If the LSTM time span and the network is deep, the calculation is large and time-consuming. Therefore, the network makes full use of the advantages of LSTM in time series and uses the network to conduct time series feature mining.

At the same time, the core idea of CNN is the local receptive field and weight sharing, so as to simplify the network parameters and make the network have a certain degree of displacement, scaling and nonlinear deformation stability through the pooling layer. Therefore, this paper mainly adopts CNN network in the feature extraction stage, which not only reduces the operation amount by sharing parameters, but also maximizes the extraction information features through the advantages of local receptive field, so as to make the model prediction effect better.

In view of the disadvantage that the residual network can compensate for the information loss in the middle layer, in order to ensure the integrity of the data information and overcome the disadvantage of the gradient dispersion caused by the increased network hierarchy, this paper will consider the advantages from outside the model and explore the feasibility of further optimizing the model accuracy.

In conclusion, this paper will make full use of the advantages of various basic models to build a hybrid VMD-CLSTM second-order prediction model for short-term passenger flow prediction in rail transit.



6. [bookmark: _Toc30391]Design and implementation
6.1 [bookmark: _Toc4780]Model characteristic engineering
6.1.1 [bookmark: _Toc3572]Variational mode decomposition (VMD)

VMD is proposed by Dragomiretskiy et al. in 2014, and it is used to process the decomposition of arbitrary data signals, which is an adaptive and completely non-recursive modal variational process. Its adaptability can be determined by the number of K modes in this group. The variational problem is expressed as solving  of K mode components  around the optimal central frequency, where the finite broadband sum of each mode is the minimum. The constructed constraint model is:
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In the above model,  is the inherent mode function (IMF);  is the center frequency of each IMF component.



The algorithm is to find a set of IMF and their respective central frequencies, in order to realize the effective separation of IMFs and the frequency domain of division signals, then obtain the effective decomposition components of a given signal, and finally obtain the optimal solution of the variational problem. To solve the model, the Lagrange multiplier  and the second-order penalty factor  are introduced to transform the constraint problem into an unconstrained problem, namely:
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The variational model is used to iteratively obtain the optimal model solution, making the model more robust to the sampling noise. The calculation process is performed as follows:
(1) 
Initialize 
(2) Enter the cycle process and constantly iterate on n=n + 1;
(3) According to the modal component formula, update
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Where, ,, corresponding to ,, of the Fourier transform.
(4) According to the central frequency formula, update
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(5) According to the Lagrange multiplier formula, update
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(6) Steps 2 to 5 are repeated until a satisfactory minimum broadband sum is found to obtain K modal components.
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In this paper, the passenger flow sequence is regarded as the mixed information flow of traffic signals in different dimensions. VMD is used to process the noise reduction of the passenger flow sequence, and then the deep learning method is used to mine the time characteristics of the temporal information after modal decomposition. When VMD is applied in short-time passenger flow prediction, the passenger flow information is decomposed into K mode components of different time-fineness around the central frequency. According to different time ranges, the dynamic time series data of passenger flow in and out of stations can be decomposed into several different time mode functions, such as: monthly mode, weekly mode, daily mode, daily mode, hourly mode, etc.

This paper, time granularity was chosen for 15 mins, K=7, to obtain the final IMFs, as shown in Figure 5-1. To avoid modal crossing, K-menas is used for modal screening, and finally retained the modal data of the three dimensions.
[image: 0站点分模态数据1][image: 0站点分模态数据2]
(a) IMFs                      (b) Corresponding spectrum
Figure 5-1 The decomposition results of the ridership data

6.1.2 [bookmark: _Toc27476]Objective environment characteristics
From figure 3-1 and 3-2 can be found whether holidays, current hours, commuting peak features and subway traffic have large correlation, in addition, some scholars have confirmed that the weather will greatly affect the choice of commuting. Xie that the weather on crowd flow, such as extreme weather conditions, haze may reduce the probability of attendance, and when the weather is clear, people are more willing to travel or wander around [52]. Zhang et al. also analyzed the influence of temperature, humidity, visibility and cloud volume on passenger flow through Pearson's correlation coefficient method, and the results showed that temperature had a correlation on personnel travel [21]. Peng et al. introduced 11 external factors including temperature, climate and within AQI to improve the accuracy of the model [43], from which it can be inferred that there is a certain correlation [56] between the weather environment and the subway traffic flow. To this end, this paper uses the crawler technology to obtain the objective environmental situation of Hangzhou in January 2019 from the climate website (https://lishi.tianqi.com/), including the maximum and minimum temperature, weather, wind direction, air quality and other environmental data, and takes the day as the time unit, as shown in Table 5-1, the data of 5 days is displayed.

Table 5-1 Environmental and Climate data from Hangzhou from January 1 to 5,2019
	Date
	The highest temperature
	The lowest temperature
	weather
	Wind wind direction
	AQI

	2019-01-01 Tuesday
	5°
	2°
	Cloudy ~ light rain
	Northwest wind level 2
	76 good

	2019-01-02 Wednesday
	6°
	3°
	Light rain ~ dull
	Northeast wind level 1
	91 good

	2019-01-03 Thursday
	8°
	5°
	dull ~ light rain
	Northeast wind level 1
	128 mild

	2019-01-04 Friday
	7°
	4°
	moderate rain
	Northwest wind level 1
	87 good

	2019-01-05 Saturday
	8°
	4°
	light rain ~ dull
	Northwest wind level 2
	34 great



It can be found from Table 5-1 that the environmental climate data contains two kinds of data, namely text data (such as dull ~ light rain) and numerical data (such as level 5 and 1). Digital data can be directly expressed by specific values, but text data cannot be directly input into the model, and it needs to be expressed by feature extraction. In order to transform textual data into data forms identified by the model, this study used the bag vector to extract textual features. Word bag vector is a vector composed of 0 or 1, the vector length is equal to the number of text type features, each dimension of the vector represents a text type feature, 1 means that the sample contains a text feature, and 0 does not contain that text feature. As shown in Tables 5-2, the pouch vectors of ‘weather’ features are shown. Similarly, the wind direction and AQI are converted into a word bag vector. For example, the numerical type data for temperature and wind power are represented directly by numerical characteristics

Table 5-2 Model of Hangzhou weather characteristics from January 1 to 5,2019
	Date
	weather
	cloudy
	rain and snow mixed
	dull
	shower
	light rain
	fine
	moderate rain

	2019-01-01 Tuesday
	cloudy ~ light rain
	1
	0
	0
	0
	1
	0
	0

	2019-01-02 Wednesday
	light rain ~ dull
	0
	0
	1
	0
	1
	0
	0

	2019-01-03 Thursday
	dull ~ light rain
	0
	0
	1
	0
	1
	0
	0

	2019-01-04 Friday
	moderate rain
	0
	0
	0
	0
	0
	0
	1

	2019-01-05 Saturday
	light rain ~ dull
	0
	0
	1
	0
	1
	0
	0




6.1.3 [bookmark: _Toc28536]KNN site similarity analysis
K-Nearest Neighbor (K-NN) is a classical machine learning algorithm that can be used in classification and regression tasks, and it is also a supervised learning algorithm. The core idea of KNN algorithm is that ‘objects are clustered together’, that is, things with similar characteristics have great similarity in the performance results.

As shown in Figure 5-2, given 11 samples and labels, 6 blue samples and 5 red samples, you now need to predict the category of new samples (green samples). If K is set to 3, red samples are 2 and 1, the sample should be predicted as red class, but if K is set to 5, you can see 3 blue samples and 2 red samples in the dotted circle, so the sample should be predicted as blue class. Therefore, the prediction results of the KNN algorithm have a large relationship with the K value, and different K may lead the results to be different.

[image: knn]
Figure 5-2 KNN schematic illustration
The three main contents that affect the results of KNN algorithm are: measuring distance, selecting K value and setting decision rules.

Firstly, different ordering of distance sizes is calculated by different distance measures. Common distance measures are Euclidean distance (ED), cosine distance, Manhattan distance, etc. The calculation formula is shown in Equation 5-7 to 5-9. Euclidean distance represents the linear distance of points in multidimensional (high-dimensional) space, cosine distance the directional distance of the point vector in space, and Manhattan distance the broken line distance in space.
(1) Euclidean distance
	
	（5-7）


(2) Cosine distance
	
	（5-8）


(3) Manhattan distance
	
	（5-9）



Where , which respectively represent the spatial vectors of the two samples, can be expressed as . Since this study needs to calculate the degree of similarity between the traffic volume of a site at the current first n time period, that is, , where ji, and each dimension represents the traffic volume at a certain time, with the same unit between the dimensions, the Euclidean distance can be directly used to represent the similarity of the site sample.

Then, according to the previous dichotomy examples, different K values also have a large impact on the results. When the K value is small, the number of selected samples decreases, making the model refer to less information. Making decisions with less information, the credibility is reduced, the model is in the underfit state. If the K value is large, there is more sample information for reference, increasing the accuracy and credibility of the model, but it may produce overfitting phenomenon, that is, the generalization ability of the model is reduced. Therefore, it is more important to choose the K value, and the common method is to use cross-validation to obtain a more reasonable K value. The steps of cross-validation method are: 1) set different K values and divide the training set into several parts for each K value; 2) select one sub-data set for validation, as the other sub-dataset as training set, and train the model using the training set before verifying the model performance with the validation set; 3) average the performance results of the model on all validation sets to represent the performance of KNN under the K value.

Finally, the decision rules also have an impact on the performance of the KNN model. There are two main common decision-making rules: average voting rules and weighted voting rules. The average voting rule refers to the distance between K nearest neighbor samples, giving the same weight and then "minority to majority". The weighted voting rule considers the spatial distance from the sample to be tested and gives different weight value, the closer the distance between the samples is, and the more important it is. In this study, the choice of decision rules is not involved temporarily, because it only needs to identify the first K sites and their historical traffic, and then input them into the deep learning model.

The reasons for using KNN algorithm to find similar sites are as follows: 1) the algorithm has low time complexity and is easy to implement; 2) the algorithm has no assumptions on raw data and can be used for any numerical data; 3) the algorithm is insensitive to outliers. However, the algorithm also has some defects. The algorithm needs to store all training sets, which requires high storage performance of hardware devices. In addition, when predicting new samples, the distance between the sample and all samples should be calculated, which is time-consuming.

In the process of subway traffic prediction process, in addition to the historical records of a site (e. g., the traffic value for the previous moments of the site) and weather and climate conditions (such as current climate information) with the future traffic value of the site, you can also learn from the historical data of other sites and have similar trend characteristics, which can complete the feature information for the site. In order to obtain the relationship between the traffic characteristic information of one site and the historical characteristic information of other sites, and to provide valuable information for the future traffic prediction, this study uses the KNN algorithm to find the K sites most similar traffic flow of this station at different moments, and uses its historical information as a supplementary information for model learning. The specific process is shown in Figure 5-3.
[image: wps]
Figure 5-3 Flow chart of spatial characteristics extraction
Figure 5-3 shows the KNN algorithm searching for several adjacent sites with most similar historical traffic to the target site. The process is divided into three parts: first, determine time points and obtain historical data of all sites (traffic values before current time points); then calculate the similarity between the historical data to the other sites and select the most similar K sites as feature learning sites; finally, input the selected site with the historical data of target sites into the model for learning features.

As shown in figure 5-4, it shows the historical data of target sites(station 0) and the K most similar sites at curtain time , seven time period of 15 minutes. It can be found from the picture, the most similar K sites and target has relatively consistent passengers flow and trend, which can provide reference information for the model.
[image: d7452e45dd62ec9859bf6a79118740d]
Figure 5-4 Similar station traffic of 0 station
6.2 [bookmark: _Toc12404]Predictive model network
6.2.1 [bookmark: _Toc24247]Network structure
Rail transit passenger flow is a typical time series data type, which is mainly reflected that the passenger flow time series is influenced by the historical flow, the objective environmental factors at the current moment and the layout of the whole rail transit system. Therefore, this paper successively uses VMD to perform mode decomposition of passenger flow data, uses LSTM to solve the time dependence of passenger flow data, CNN extracts spatial features, and proposes a hybrid deep learning model VMD-CLSTM for rail transit short-time passenger flow prediction. The structure is shown in Figures 5–5. The model consists of three parts. The first part is mainly used for variational modal decomposition of passenger flow time series. By observing the decomposed modal features, K-means is used to prevent the confusion of modal information, and to fuse the external features with variational data. The second part mainly uses the LSTM and CNN network to couple the objective environment and spatial feature information, and to obtain the first-order predicted passenger flow results. To better predict the quantity of passenger flow, the third part serves as the optimized structure of the prediction accuracy. The loss results of the second part prediction results are used to bring into the network to predict again, and finally the loss deviation of the second order prediction is summed with the first order prediction value to obtain the final number of predicted passenger flow of the model.
[image: VMD-CLSTM轨道交通短时客流预测网络模型 (4)]
Figure 5-5 Network structure diagram of the prediction model based on VMD-CLSTM


6.2.2 [bookmark: _Toc13299]Evaluation indicators
For the passenger flow sequence prediction model research, the evaluation index is the measure of the quality of a prediction model. To evaluate the degree of fit between the evaluation results and the real value the corresponding evaluation indexes are introduced. Therefore, it is necessary to select appropriate indicators to evaluate the performance of the model. The widely used prediction model evaluation indicators mainly include absolute error (AE), mean squared error (MSE), mean absolute error (MAE), root mean squared error (RMSE), mean absolute percentage error (MAPE) and so on.

Average absolute error (MAE), root mean square error (RMSE), mean square error (MSE) and determination coefficient (R2) are selected to measure the performance of the short-time passenger flow prediction model.



Suppose a predicted value ; true value .
(1) Mean absolute error (MAE)
	

	（5-10）


The larger the prediction error is, the larger the MAE value is. The average absolute error can intuitively reflect the average error value.

(2) Root mean square error (RMSE)
	

	（5-11）


The RMSE is relatively sensitive to abnormal data points, so in the prediction process of short-term subway passenger flow, the RMSE index can reflect the prediction effect of abnormal passenger flow (including peak passenger flow).

(3) Mean squared error (MSE)
	

	（5-12）


According to the calculation formula of MSE, this index is the deviation between the true value and the predicted value. Larger MSE value indicates worse predictive effect.

(4) Coefficient of determination (R2)
	

	（5-13）


For linear regression analysis of variables in statistics, using least squares, R2 is the ratio of the sum of squares to the total sum of squares, representing the proportion of the sum of total deviation that can be explained by the sum of squares. The larger the proportion is, the better the model is. The more accurate the model is, the more significant the regression effect is. The R2 between 0 and 1, the closer to 1, the better the regression fit, generally considered over 0.8 for a good model.

6.3 [bookmark: _Toc14626]Subsection of this chapter
This chapter is mainly divided into two parts. The first part mainly focuses on the preparation of characteristic data, and the second part is the short-time passenger flow prediction model of rail transit and evaluation index based on VMD-CLSTM.

In the first part, the preprocessed data from January 2,2019 to January 25,2019, is decomposed and screened. Then, crawl the objective environmental factors during this period of Hangzhou from the weather website, distinguish the numerical data characteristics and the text data characteristics, and transform the text data into the word bag feature type. Finally, combining with the spatial layout adjacent matrix of Hangzhou subway station and the similarity of historical passenger flow of all stations, KNN method is used to explore the similar station matrix with Xianghu station.

In the second part, for the network construction, the advantages of various deep learning models are comprehensively applied, and LSTM network is used to extract the historical time information from the variational sequence containing external features, as well as the LSTM and CNN networks' information mining from the spatial features. Finally the model prediction are realized through the neural network layers jointing. To evaluate the model effectiveness effectively, four evaluation indexes are set: MAE, RMSE, MSE, and R2.


7. [bookmark: _Toc27678]Results and Discussion
7.1 [bookmark: _Toc22530]Introduction of model parameters
This paper is run on the Intel core i3 CPU platform, using the third-party libraries scikit-learn, vmdpy, and Tensorflow in jupyter based on the python3.8 environment. Validated by Hangzhou metro travel data from January 1,2019 to January 25,2019 at 15min time interval, the short time passenger flow prediction model is designed in this paper. The hyperparameter of VMD-CLSTM is set with 128 LSTM units with stride 2. The CNN convolution kernel size is 2 * 2. The number of neurons in two fully connected layers is 128 and 32 respectively. The whole network activation function is Relu function. The loss function is mse, and the optimizer is adam. To prevent overfitting of training, earlystop monitoring is used during the model training, with a min_delta 0.01 and a tolerance of 5.

7.2 [bookmark: _Toc24704]Comparative analysis of the basic model
To further understand the predictive performance of this model, the following underlying network models will be set up for model comparison:
BP: Set up a two-layer neural network model, where the number of neurons is 128 and 32, respectively, and the activation function is the Relu function.
CNN: Based on BP network, first input data through a convolution segment, which consists of a convolution layer and a pooling layer; the convolution layer has 32 filters with 2*2 size, stride 2, and the pooling kernel size 2*2, consistent with the convolution layer. 
LSTM: Based on the BP network, you will first input data through an LSTM layer with 128 cells, and the activation function is Relu.

The preprocessed input data are import into VMD-CLSTM and four basic models. The evaluation indicators obtained are shown in Table 6-1, and are also compared with the prediction results of the existing paper on the 15min granularity. According to Table 6-1, both the proposed hybrid model VMD-CLSTM and the basic model can predict the passenger flow data very well. Compared with the basic models of BP, CNN, and LSTM, the MSE, RMSE, and MAE are 1413.14, 37.59, and 25.87 in VMD-CLSTM, respectively. Figure 6-1 shows that VMD-CLSTM achieved 94.08% best results on R2, higher than BP, CNN, and LSTM at 9.79%, 2.82%, and 1.72% respectively. The model advantage of the VMD-CLSTM model for combining both LSTM and CNN can be reflected from all the four evaluation indexes. Briefly, the overall mixed model outperforms the various basic models of BP, CNN, and LSTM.

Meanwhile, Table 6-1 can observe that the RMSE index of VMD-CLSTM proposed in this paper is at 37.54 lower than the other models in the existing literature, indicating that the VMD-CLSTM model outperforms the existing models. In conclusion, the VMD-CLSTM model designed in this paper is suitable for the short-time passenger flow prediction application of rail transit, and achieves higher accuracy than the basic model and the existing model.
Table 6-1 Comparison of passenger flow prediction model
	model
	MSE
	RMSE
	R2
	MAE

	BP
	3748.18 
	61.22 
	84.29%
	42.48 

	CNN
	2083.93 
	45.65 
	91.26%
	31.12 

	LSTM
	1823.05 
	42.70 
	92.36%
	29.22 

	VMD-CLSTM
	1413.14 
	37.59 
	94.08%
	25.87 

	[1]
	28669.43
	169.32
	-
	82.24

	[13]
	-
	95.21
	-
	-

	[22]
	-
	44.0 
	-
	31.3

	[7]
	-
	65.13
	-
	-



[image: All models's test results]
Figure 6-1 Comparison of VMD-CLSTM and base model predictions

7.3 [bookmark: _Toc4723]Comparative analysis of the ablation experiments
In order to understand the importance of external features collected in this paper, including objective environment factors and site similarity supplementary features, the input data will be divided into three parts. The first part is the historical passenger flow data for variational modal decomposition of time series (including whether peak and weekend), the second part is by website crawling objective environment factors, and the third part is mined through the KNN algorithm of the similar site spatial matrix.

In this paper, the three-part feature will be tested by the control variable method. Three experimental schemes are set, which the Programme 1 only uses data after VMD; the data of Programme 2 is data after connect the Programme 1 data and objective environment features; and the incoming data in the Programme 2 is data combining the Programme 2 data with the site similarity spatial supplementary features by KNN mining. A total of 12 experiments are shown in Tables 6-2.

Table 6-2 Description of the settings for the ablation experiments
	Experimental name
	model
	Programme 1
	Programme 2
	Programme 3

	Experiment 1
	BP
	
	
	√

	Experiment 2
	CNN
	
	
	√

	Experiment 3
	LSTM
	
	
	√

	Experiment 4
	VMD-CLSTM
	
	
	√

	Experiment 5
	BP
	
	√
	

	Experiment 6
	CNN
	
	√
	

	Experiment 7
	LSTM
	
	√
	

	Experiment 8
	VMD-CLSTM
	
	√
	

	Experiment 9
	BP
	√
	
	

	Experiment 10
	CNN
	√
	
	

	Experiment 11
	LSTM
	√
	
	

	Experiment 12
	VMD-CLSTM
	√
	
	



Table 6-3 Comparison table of the ablation experiment results
	model
	MSE
	RMSE

	
	Programme 1
	Programme 2
	Programme 3
	Programme 1
	Programme 2
	Programme 3

	BP
	4301.00 
	3732.32 
	3748.18 
	65.58 
	61.09 
	61.22 

	CNN
	3185.19 
	2213.73 
	2083.93 
	56.44 
	47.05 
	45.65 

	LSTM
	3271.39 
	1986.73 
	1823.05 
	57.20 
	44.57 
	42.70 

	VMD-CLSTM
	2326.75 
	1869.67 
	1413.14 
	48.24 
	43.24 
	37.59 

	model
	MAE
	R2

	
	Programme 1
	Programme 2
	Programme 3
	Programme 1
	Programme 2
	Programme 3

	BP
	41.39 
	38.34 
	42.48 
	81.97%
	84.35%
	84.29%

	CNN
	44.33 
	36.11 
	31.12 
	86.65%
	90.72%
	91.26%

	LSTM
	47.69 
	32.74 
	29.22 
	86.29%
	91.67%
	92.36%

	VMD-CLSTM
	36.90 
	28.06 
	25.87 
	90.25%
	92.16%
	94.08%


To further explore the effectiveness of the features selected by the three schemes for short-term passenger flow prediction, different input data are introduced by different programme, and the prediction results are shown in Table 6-3 and Figure 6-2.

Combining Table 6-3 and Figure 6-2, it is not difficult to find that the Minimum MSE, RMSE and MAE indexes of VMD-CLSTM in the three schemes are obtained, and R2 obtains 90.25%, 92.16% and 94.08% maximum values, which reflects the advantages of the VMD-CLSTM compared with the other three basic models in the prediction of passenger flow prediction of rail transit, and verifies the conclusion of VMD-CLSTM with higher prediction accuracy in the model comparison experiment.

[image: All models's test results]
[image: All models's test results]
[image: All models's test results]
Figure 6-2 Comparison effect of each model under the three programme
For the results of programme 1 and programme 2, the MSE, RMSE and MAE indicators in programme 2 are smaller than those of programme 1. For example, the RMSE value of VMD-CLSTM in programme 2 is 43.24 less than 48.24 in programme 1, that is, the model prediction results in programme 2 are better than programme 1. It shows that the objective environment characteristics have a positive impact on the short-term passenger flow prediction accuracy, and adding the objective environment features to the input data can improve the accuracy of the prediction model. It also verifies the necessity of considering the objective environmental characteristics in feature engineering.

For the comparison between programme 3 and programme 2, all of the four models had better prediction results in programme 3 than the others. For example, the VMD-CLSTM model achieved the best results in programme 3, with the largest R2 index at 94.08% higher at 3.83% and 1.92% than programme 1 and 2, respectively. At the same time, none of the three basic models has high accuracy in the case of programme 2. The comparison between programme 2 and programme 3 shows that the similar site supplementary feature mining helps the model to get a higher prediction accuracy in the short-time passenger flow prediction.

To sum up, the mining of objective environment features and similar site supplementary characteristics conforms to the passenger flow sequence law, which can help the model to train better results, reflecting that the test set using both objective environment features and similar site supplementary features has the best effect in the prediction.

7.4 [bookmark: _Toc19072]Comparison and analysis of the residual network
In this paper, in order to improve the prediction accuracy, the idea of the residual difference is introduced into the rail transit short-time passenger flow prediction model, so that the effectiveness of the residual difference network will be verified. Figure 6-3 to figure 6-5 intuitively show the first and second order prediction effect of the above four models in three programme, you can clearly see the second order R2 of each model is greater than the first order prediction, and the biggest increase is under the programme 2 for BP network, R2 difference reaching 11.93%, which fully illustrates the residual network can improve the prediction model accuracy.

[image: BP_predict_test][image: CNN_predict_test]
 (a) BP                              (b) CNN
[image: LSTM_predict_test][image: KNN_CLM_predict_test]
     (c)LSTM                          （d）VMD-CLSTM
Figure 6-3 Comparison of the first and second order results of the four models in programme1
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 (a) BP                              (b) CNN
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Figure 6-4 Comparison of the first and second order results of the four models in programme2

[image: BP_predict_test][image: CNN_predict_test]
 (a) BP                              (b) CNN
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     (c)LSTM                          （d）VMD-CLSTM
Figure 6-5 Comparison of the first and second order results of the four models in programme3

7.5 [bookmark: _Toc26649]Subsection of this chapter
On the basis of the previous data pre-processing and model building, this chapter will first use the data set for debug operation in the VMD-CLSTM network proposed in this paper, and repeatedly test the parameters based on the code operation results to determine the model hyperparameters.

Second, to fully verify the reliability of the proposed model, three basic models, BP, CNN and LSTM are set as reference objects according to the corresponding hyperparameters. Combined with the four models, the superior prediction result of VMD-CLSTM over the basic models BP, CNN and LSTM is reflected from all the four evaluation indexes.

Then, for the four network model respectively set three data programme, programme one only using variational mode data, programme 2 is to combine data of programme 1 with objective environment features data, programme 3 is to combine data of programme 2 with mining site similarity space supplementary features by KNN, a total of 12 sets of experiments. In the comparison between programme 2 and programme 1, the error indexes of MSE, RMSE and MAE in programme 2 of the four models are all smaller than programme 1, reflecting the higher accuracy of the prediction model by using objective environment feature data. In the comparison of programme 3 and 2, the VMD-CLSTM model gains the largest R2 index in programme 3, reaching 94.08%, which was 3.83% and 1.92% higher than that in programme 1 and 2, respectively. At the same time, none of the three basic models has higher accuracy in the case of programme 2, which reflects that the supplementary feature mining of similar sites helps the model to get higher prediction accuracy in the short-time passenger flow prediction.

Finally, the effectiveness of the residual network in this task is analyzed by comparing the R2 metrics of the 12 sets of experiments in the first and second order processes. All the experiments show that second-order R2 is higher than first-order, indicating that the residual architecture is helpful to improve the prediction accuracy of short-time passenger flow.





7. [bookmark: _Toc28604]Conclusion and Future Work
7.1 [bookmark: _Toc25209]Full text summary
The rapid development of rail transit provides a convenient, fast and comfortable way for people to travel. However, with the surge of rail transit passenger flow, it is of great practical significance to provide data support for rail transit passenger flow prediction, including reasonable operation scheduling and adjustment, effective station layout planning, and formulating emergency prevention measures. Therefore, it is necessary to further study how to improve the accuracy of short-time passenger flow prediction. This paper aims to learn and explore the deep learning models, integrate the advantages of various basic models, deeply mine the time-and space-related characteristics, build a combined rail transit short-time passenger flow prediction network, and then analyze and verify the examples. The aim is to improve the accuracy of the short-term rail transit passenger flow prediction network, so as to realize the higher accuracy of passenger flow prediction in the future.

Based on the basis of exploring the principles and characteristics of the deep learning model and combining with Hangzhou Metro AFC card recording, a hybrid model VMD-CLSTM is proposed for short-time passenger flow prediction of rail transit. Through setting reference experiments and verifying different schemes, the following conclusions and research results are obtained:
(1) The data of AFC in Hangzhou from January 1,2019 to January 25,2019 are cleaned up, and the real data of passenger flow during business hours was aggregated with 15min granularity. Through the statistical observation of real passenger flow, it is found that peak hour and weekend are one of the factors affecting subway travel. Based on the existing features, the objective environment features are added through the network crawling method, and the KNN algorithm is used to mine the similar site space matrix supplement features with high similarity with the real passenger flow of the target site in the near time. Finally, three feature afferent schemes were set up for ablation experiments, which verified that the objective environmental factors and similar site complementary spatial characteristics can help the short-term passenger flow prediction model to predict the future passenger flow with higher accuracy.
(2) In this paper, the passenger flow sequence is regarded as the information flow of traffic signals in different dimensions. VMD is used to decompose the passenger flow sequence modal, and the timing information after noise reduction is taken as the passenger flow sequence. In order to make full use of the advantages of CNN and LSTM in similar site spatial matrix and objective environment feature extraction, the short-time passenger flow prediction model VMD-C LSTM composed of CNN and LSTM is established. The reliability of the VMD-CLSTM network model is verified by setting the basic control models of BP, CNN, and LSTM.
(3) Make full use of the residual framework can overcome the advantages of gradient dispersion, introduce the residual idea into the VMD-CLSTM network by setting the second order prediction framework model. Through comparing the first and second order prediction results of 12 sets experimental, it is found that all models in the second order has higher prediction accuracy, which verifies the reliability of the residual network in the network.

7.2 [bookmark: _Toc11394]Research Outlook
Making full use of the residual framework can overcome the advantages of gradient dispersion, so as to introduce the residual idea into the VMD-CLSTM network, second order prediction framework model. Through comparing the first and second order prediction results of 12 sets experiments, it is found that all models in the second order has higher prediction accuracy, which verifies the reliability of the residual network in the network.
(1) There are many factors affecting evacuation, such as holidays, special events and other events. In the later period, the data set from the larger time span can be further expanded, the holiday passenger flow data set and the time characteristics of special activities can be collected, and the prediction model of the travel passenger number such as special activities or holidays can be studied. 
(2) In this paper, only the passenger flow data with 15min time span are predicted, and the time granularity can be further optimized, and the prediction models can be developed for different time granularity in the future.



8. [bookmark: _Toc27166]Reflection
(1) This paper abandons the data of New Year's Day and ignores the data characteristics of various large collective rest days in China. In this paper, in the later stage, we can further collect more holiday data to supplement the data prediction model of public holidays, so as to better and accurately predict the short-term passenger flow of rail transit.
(2) The external features collected in this paper are not statistically verified, and only the effectiveness of the final result inversion feature. We can further prove the Spearman correlation for each external feature to fully shows that the features can effectively improve the accuracy of the short-time passenger flow prediction model.
(3) In this paper, we only predict the passenger flow data of 15min time span, which can verify the effectiveness of the model for different time granularity, such as 5mins and 10mins, and further verify the effectiveness of the model compared with the existing research results.
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1. The code of data pre-processing
import numpy as np  
import matplotlib.pyplot as plt  
import os
import glob
import pandas as pd
from scipy.fftpack import fft
import sklearn.metrics as metrics
from sklearn.decomposition import PCA
import collections
from sklearn.cluster import KMeans,SpectralClustering
# from sklearn.cluster import GaussianMixture
plt.rcParams['font.sans-serif']=['SimHei'] #用来正常显示中文标签
plt.rcParams['axes.unicode_minus']=False 
from vmdpy import VMD
import tensorflow as tf
import warnings
warnings.filterwarnings('ignore')
import matplotlib
matplotlib.use('Agg')
from matplotlib import rcParams
config = {
    "font.family":'Times New Roman', 
    "font.size": 15
}
rcParams.update(config)

def if_holiday(tim):
    if tim in [6,7]:
        return 1
    else:
        return 0
    
def if_busy(time,holiday):  
    if holiday==0:
        if time in [7,8,17,18]:       
            return 1
        else:                       
            return 0                
    else:
        return 0
    
def if_ontime(time1,time2):
    if time1+time2/60>=5.5 and time1+time2/60<=23.5:      
        return 1
    else:
        return 0
    
def save_csv(data,path):
    data.to_csv(path,encoding='utf_8_sig')

# read data files
path='./dataset'
file_path=[]
for file in glob.glob(os.path.join(path,'*.csv')):
file_path.append(file)

all_data=[]
for file_path_ in file_path[1:25]:
    print(file_path_)
    data_df=pd.read_csv(file_path_,header=0)
    data_df=data_df[['time','stationID','status']]
    if len(all_data)==0:
        all_data=data_df
    else:
        all_data=all_data.append(data_df)

#time data 
all_data['time']=pd.to_datetime(all_data['time'])

#in data
all_data_in=all_data[all_data.status==1]

all_station_in_data=[]
#统计每一个站点的进站数据
for station_id in set(all_data_in.stationID):
    print(station_id,end=' ')
    all_data_in_atation=all_data_in[all_data_in.stationID==station_id]
    
    #处理时间
    all_data_in_atation.index=all_data_in_atation.time
    del all_data_in_atation['time']
    
    #有些时间可能没有记录相关的数据，需要补全所有时间
    time_list=pd.date_range('2019-01-02','2019-01-26',freq='15Min')
    time_list_df=pd.DataFrame([0]*len(time_list),index=time_list)

    #将时间补全
all_data_in_atation=pd.merge(all_data_in_atation,time_list_df,how='outer',
left_index=True,right_index=True)

    #填充缺失值
    all_data_in_atation['stationID']=[station_id]*len(all_data_in_atation)
    all_data_in_atation=all_data_in_atation.fillna(0)[['stationID','status']]
    

    #15分钟采样一次
    station_resample=all_data_in_atation.resample('15Min').sum()
    station_resample['time']=station_resample.index
    
    
    #判断当天为星期几
    station_resample['weekday']=station_resample['time'].dt.dayofweek+1

    #判断当天是否为周末
    station_resample['if_holiday']=[if_holiday(i) for i in  station_resample['weekday']]
    
    #1号是元旦节，需要修改
    station_resample['riqi']=station_resample.time.dt.day
    station_resample['if_holiday'][station_resample['riqi']==1]=1

    #判断数据是否处于高峰时期
    station_resample['hour']=station_resample.time.dt.hour 
    station_resample['minute']=station_resample.time.dt.minute
    station_resample['if_busy']=[if_busy(i,j) for (i,j) in  zip(station_resample.time.dt.hour,station_resample['if_holiday']) ]

    #判断是否在营业    
    usefor_data=station_resample[['status','weekday','if_holiday','hour','if_busy','minute']]
    usefor_data_hour=usefor_data.hour.values
    usefor_data_minute=usefor_data.minute.values
    usefor_data['if_ontime']=[if_ontime(usefor_data_hour[i],usefor_data_minute[i]) for i in  range(len(usefor_data_minute))]
    
    #保留营业时间的数据
    usefor_data=usefor_data[usefor_data.if_ontime==1]
    
    #找出最终的时间
    usefor_data=usefor_data[['status','weekday','if_holiday','if_busy','hour']]
    usefor_data['station_id']=[station_id]*len(usefor_data)
    usefor_data.columns=['num_in','weekday','if_holiday','if_busy','hour','station_id']
    
    if len(all_station_in_data)==0:
        all_station_in_data=usefor_data
    else:
        all_station_in_data=all_station_in_data.append(usefor_data)

usefor_data.num_in.plot(figsize=(16,6))
plt.xticks(rotation=0)
plt.show()
save_csv(all_station_in_data,path='./lvlong/processed_data_in_1.csv')


2. The code of objective weather feature

weather_data=pd.read_excel('./杭州气候.xlsx')

weather_data.index=[i.split(' ')[0] for i in weather_data['日期']]

weather_data['日期']=weather_data['日期'].apply(lambda x : x.split(' ')[0])
weather_data.index=pd.to_datetime(weather_data['日期'])

weather_data['最高温']=weather_data['最高温'].apply(lambda x: float(x.split('°')[0]))
weather_data['最低温']=weather_data['最低温'].apply(lambda x: float(x.split('°')[0]))

weather_data['风向']=weather_data['风力风向'].apply(lambda x: x.split('风')[0])
weather_data['风力']=weather_data['风力风向'].apply(lambda x: float(x.split('风')[1].split('级')[0]))
weather_data['AQI']=weather_data['空气质量指数'].apply(lambda x: float(x.split(' ')[0]))
weather_data['质量指数']=weather_data['空气质量指数'].apply(lambda x: x.split(' ')[1])

#所有所由天气可能出现的情况
weather_list=[]
for i in weather_data['天气']:
    weather_list+=i.split('~')
    
weather_dict={}
for i,j in enumerate(set(weather_list)):
    weather_dict[j]=i
    
weather_arrray=np.zeros((len(weather_data),len(weather_dict)))
weath_tianqi=list(weather_data['天气'])
for i in range(len(weather_data)):
    tianqi=weath_tianqi[i]
    for j in tianqi.split('~'):
        weather_arrray[i][weather_dict[j]]=1
weather_arrray_df=pd.DataFrame(weather_arrray,index=weather_data.index,columns=weather_dict.keys())

all_weather_df=weather_data.T.append(weather_arrray_df.T).T

del all_weather_df['日期']
del all_weather_df['天气']
del all_weather_df['风力风向']
del all_weather_df['空气质量指数']

all_weather_df=pd.get_dummies(all_weather_df,columns=['风向','质量指数'])
save_csv(all_weather_df,'./lvlong/处理后的天气数据.csv')

all_weather_df=all_weather_df[1:25]#取25天的数据即可

all_weather_df_repeat=pd.DataFrame(np.repeat(all_weather_df.values,4*24,axis=0))  #这里的参数应该和时间段有关，注意修改
all_weather_df_repeat.columns=all_weather_df.columns
all_weather_df_repeat.index=pd.date_range('2019-01-02','2019-01-26',freq='15Min')[:-1]

#对齐时间
oneday_data=rest_data_in_and_out[:int(rest_data_in_and_out.shape[0]/len(set(rest_data_in_and_out.station_id)))]
all_weather_df_repeat=all_weather_df_repeat.loc[oneday_data.index]


#此处假设每个站点的气候数据都一样，等后续有新数据，需要更换成每个站点的值
every_station_everyday_weather=all_weather_df_repeat.copy()
for i in range(len(set(rest_data_in_and_out.station_id))-1):
    every_station_everyday_weather=every_station_everyday_weather.append(all_weather_df_repeat)
    
    
#合并流量数据和气候数据
complete_data=rest_data_in_and_out.T.append(every_station_everyday_weather.T).T

save_csv(complete_data,'./lvlong/流量数据和气候数据整合后的结果.csv')

complete_data=pd.read_csv('./lvlong/流量数据和气候数据整合后的结果.csv')
complete_data=complete_data.set_index('Unnamed: 0')
all_station_id=set(complete_data.station_id)
complete_data

3. VMD
def get_vmd_data(data_id_type_time,station_id=0,data_type_column='num_in',alpha = 2,tau = 0.,K = 7,DC = 0,init = 1,tol = 1e-7):
    #将输入的数据进行VMD处理，输出各组成分信息
    
    #VMD函数参数解释：
    """  
    alpha、tau、K、DC、init、tol 六个输入参数的无严格要求； 
    alpha 带宽限制 经验取值为 抽样点长度 1.5-2.0 倍； 
    tau 噪声容限 ；
    K 分解模态（IMF）个数； 
    DC 合成信号若无常量，取值为 0；若含常量，则其取值为 1； 
    init 初始化 w 值，当初始化为 1 时，均匀分布产生的随机数； 
    tol 控制误差大小常量，决定精度与迭代次数

    返回的参数：
    u - 分解后的模态集合
    u_hat - 模态的频谱
    omega - 估计的模态中心频率
    omega 是一个矩阵，他储存了Niter-1组中心频率值，
    形状为(Niter-1, K),Niter在vmdpy.py中定义，K为分解数量
    omega矩阵储存了中心频率收敛过程中的数据，
    所以一般取最后一行来用，这是最终的中心频率
    """
    #需要保证数据行数为偶数 ，为什么要保证偶数？
    if len(data_id_type_time)%2==1:
        data_id_type_time_copy=data_id_type_time.copy()
        appd=pd.DataFrame([0]*data_id_type_time.shape[1],columns=data_id_type_time.columns)
        data_id_type_time=appd.append(data_id_type_time)#给数据添加一行0值        
        
    
    #数据日期
    riqi=str(data_id_type_time.index[0]).split()[0]
    
    #分解
    u, u_hat, omega = VMD(data_id_type_time.values, alpha, tau, K, DC, init, tol)
    
    #将组合后的模态数据组合
    U=pd.DataFrame(u.T)
    U.index=data_id_type_time.index
    U=U.loc[data_id_type_time_copy.index]#将填充的数据删除

    U.plot(figsize=(12,6))
    plt.title('分解后的各模态数据')
    plt.legend(loc='best')
    plt.savefig('./lvlong/vmd/{}/station_id_{},riqi_{},分解后的各模态数据.png'.format(data_type_column,station_id,riqi), 
                bbox_inches='tight',dpi=400)
    plt.close()
    
    #分模态
    plt.figure(figsize=(K,12), dpi=400)
    for i in range(K):
        plt.subplot(K,1,i+1)
        plt.plot(u[i,-1*data_id_type_time_copy.shape[0]:], linewidth=0.2, c='r')
        plt.ylabel('IMF{}'.format(i+1))
    plt.savefig('./lvlong/vmd/{}/station_id_{},riqi_{},分模态数据1.png'.format(data_type_column,station_id,riqi),
                bbox_inches='tight',dpi=400)
    plt.close()
    
    
    # 中心模态
    plt.figure(figsize=(K,12), dpi=400)
    for i in range(K):
        plt.subplot(K,1,i+1)
        plt.plot(abs(fft(u[i,-1*data_id_type_time_copy.shape[0]:])))
        plt.ylabel('IMF{}'.format(i+1))
    plt.savefig('./lvlong/vmd/{}/station_id_{},riqi_{},分模态数据2.png'.format(data_type_column,station_id,riqi),
                bbox_inches='tight',dpi=400)
    plt.close()
    
    
    # 保存子序列数据到文件中
    a_list=[]
    a_name_list=[]
    for i  in range(K):
        a = u[i,-1*data_id_type_time_copy.shape[0]:]
        a_list.append(a)
        a_name_list.append('IMF{}'.format(i+1))
        dataframe = pd.DataFrame({'v{}'.format(i+1):a},index=data_id_type_time_copy.index)
        dataframe.to_csv('./lvlong/vmd/{}/station_id_{},riqi_{},VMDban_{}.csv'.format(data_type_column,station_id,riqi,i+1),
                         encoding='utf_8_sig',index=False)  

    #转换格式
    vmd_df=pd.DataFrame(a_list,index=a_name_list,columns=data_id_type_time_copy.index)
    vmd_df.to_csv('./lvlong/vmd/{}/station_id_{},riqi_{},所有模态数据.csv'.format(data_type_column,station_id,riqi),
                  encoding='utf_8_sig')
    plt.close()
    
    return vmd_df

def get_cluster_data(vmd_df,station_id=0,data_type_column='num_in',n_components=3,cluster_method='Kmeans',method='sum'):
    #聚类部分
    if cluster_method=='Gaussian':
        #高斯聚类
        model=GaussianMixture(n_components=3)
        model.fit(vmd_df)# 模型拟合
        yhat = model.predict(vmd_df)# 为每个示例分配一个集群

    elif cluster_method=='Spectral':
        #广谱聚类
        model = SpectralClustering(n_clusters=3)
        yhat = model.fit_predict(vmd_df)# 模型拟合与聚类预测

    elif cluster_method=='Kmeans':
        # Kmeans聚类
        model = KMeans(n_clusters=3,max_iter=100)
        model.fit(vmd_df)# 模型拟合
        yhat = model.predict(vmd_df)# 为每个示例分配一个集群
        
    else:
        print('没有该聚类方法')
        return 0
    
    riqi=str(vmd_df.columns[0]).split()[0]
    
    #获取各样本的类别
    vmd_df['class']=yhat

    #计算聚类中心
    if method=='sum':
        mean_class_df=pd.DataFrame({})
        for i in set(vmd_df['class']):
            vmd_df_class_df=vmd_df[vmd_df['class']==i]
            mean_class_df[i]=list(vmd_df_class_df.sum())
    elif method=='mean':
        mean_class_df=pd.DataFrame({})
        for i in set(vmd_df['class']):
            vmd_df_class_df=vmd_df[vmd_df['class']==i]
            mean_class_df[i]=list(vmd_df_class_df.mean())
        
    mean_class_df=mean_class_df[:-1]
    mean_class_df.index=vmd_df.columns[:-1]


    #保存聚类中心
    mean_class_df.to_csv('./lvlong/vmd/{}/station_id_{},riqi_{},聚类后的样本中心点.csv'.format(data_type_column,
                                                                                      station_id,riqi),encoding='utf_8_sig')

    return mean_class_df


every_station_everyday_original_data=[]
every_station_everyday_weather_data=[]
every_station_everyday_cluster_data=[]
all_station_list=[]
data_type_column='num_in'
all_station_id=set(complete_data.station_id)

for station_id in all_station_id:
    print('----------------------------------station_id='+str(int(station_id))+'-----------------------------------')
    data_id=complete_data[complete_data.station_id==station_id]#某个站点的所有日期的数据
    data_id_weather=data_id.copy()#删除必要的数据，得到辅助信息
    
    data_id_type=data_id[[data_type_column]]#某个站点的某类数据
    one_day_num=data_id_type.shape[0]/24#每天都有多少数据  #要修改
    
    del data_id_weather['station_id']
    del data_id_weather['num_in']
    del data_id_weather['num_out']
    
    everyday_originale_data=collections.defaultdict(dict)
    everyday_weather_data=collections.defaultdict(dict)
    everyday_cluster_data=collections.defaultdict(dict)
    
    for time in range(0,24):  #这是索引，应该修改上限（表示天数）
        print(' time='+str(int(time+1)),end='--->')
        #当天的原始数据
        data_id_type_time=data_id_type[int(time*one_day_num):int(one_day_num*(time+1))]

        #得到每个站点每天的VMD分解结果
        vmd_df=get_vmd_data(data_id_type_time[:],station_id=station_id,data_type_column=data_type_column)

        #聚类后的结果
        mean_class_df=get_cluster_data(vmd_df,station_id=station_id,data_type_column=data_type_column,n_components=3)
        
        #得到该站点当天的辅助信息
        fuzhu_data=data_id_weather[int(time*one_day_num):int(one_day_num*(time+1))]

        riqi=str(mean_class_df.index[0]).split()[0]#该天的时间
        
        data_id_type_time_len=len(data_id_type_time)
        
        data_id_type_time['时间']=[riqi]*data_id_type_time_len
        fuzhu_data['时间']=[riqi]*data_id_type_time_len
        mean_class_df['时间']=[riqi]*data_id_type_time_len
        
        if len(every_station_everyday_original_data)==0:
            every_station_everyday_original_data=data_id_type_time.copy()
            every_station_everyday_weather_data=fuzhu_data.copy()
            every_station_everyday_cluster_data=mean_class_df.copy()
        else:
            every_station_everyday_original_data=every_station_everyday_original_data.append(data_id_type_time)
            every_station_everyday_weather_data=every_station_everyday_weather_data.append(fuzhu_data)
            every_station_everyday_cluster_data=every_station_everyday_cluster_data.append(mean_class_df)
        all_station_list+=[int(station_id)]*data_id_type_time_len
        
        
every_station_everyday_original_data['station_id']=all_station_list
every_station_everyday_weather_data['station_id']=all_station_list
every_station_everyday_cluster_data['station_id']=all_station_list

save_csv(every_station_everyday_original_data,'./lvlong/每个站点每天的原始数据.csv')
save_csv(every_station_everyday_weather_data,'./lvlong/每个站点每天的天气数据.csv')
save_csv(every_station_everyday_cluster_data,'./lvlong/每个站点每天的vmd+聚类后的数据.csv')


every_station_everyday_cluster_data=every_station_everyday_cluster_data.set_index('Unnamed: 0')
every_station_everyday_weather_data=every_station_everyday_weather_data.set_index('Unnamed: 0')
every_station_everyday_original_data=every_station_everyday_original_data.set_index('Unnamed: 0')


4. The code of mining similar stations by KNN
def get_data_time_list(all_time_index,timestep=4):
    #使用前timestep的数据预测第timestep+1的数据
    """
    生成每个样本的特征和标签的时间值，后续可以直接用该值获取各种数据
    """
    data_feature_time=[]
    data_label_time=[]
    for tt in range(timestep,len(all_time_index)):
        data_feature_time.append(all_time_index[tt-timestep:tt])
        data_label_time.append(all_time_index[tt])
    return data_feature_time,data_label_time

def get_feature(station_original_data,train_x_time,train_y_time):
    """
    根据数据的时间段，生成特征向量和标签向量
    """
    new_feature=[]
    for i in train_x_time[:]:
        feature=station_original_data.loc[i]
        feature=feature.values[:,0].tolist()
        new_feature+=[feature]
    new_feature_df=pd.DataFrame(new_feature,index=train_y_time)
    new_label_df=station_original_data.loc[train_y_time]
    return new_feature_df,new_label_df

def get_fuzu_cluster(fuzhu_data,train_x_time):
    """
    得到每个样本数据的辅助信息
    """
    new_fuzu=[]
    for i in train_x_time[:]:
        fuzu=fuzhu_data.loc[i]
        new_fuzu.append(fuzu.values.tolist())
    new_fuzu=np.array(new_fuzu)
    return new_fuzu

def get_most_similar_data(train_x_time,train_y_time,train_x_1,other_station_data,neighbor_matrix,
                          similer_method='Neighbor',neighbor_K=3):
    """
    得到最相近的K个站点的数据
    """
    most_similar_data=[]
    for time_id in range(len(train_x_time)):
        i=train_x_time[time_id]
        y_i=train_y_time[time_id]
        #该站点的某一个时间段内的数据
        the_station_data_one_time=train_x_1.loc[y_i].values
        #其他站点在某一个时间段内的数据
        other_station_data_one_time=other_station_data.loc[i].T
        #与该站点最相似的K个站点ID
        if similer_method=='Neighbor':
            station_neighbor=neighbor_matrix.loc[station_id].T
            the_station_neighbor_id=station_neighbor[station_neighbor==1].index#找出邻接站点
            the_station_neighbor_id=the_station_neighbor_id.values.tolist()
            most_similar_K_id=(the_station_neighbor_id*neighbor_K)[:neighbor_K]#不足的则反复取值，用于填充
        else:
            distence=((other_station_data_one_time.values-the_station_data_one_time)**2).sum(axis=1)#该站点与其他站点在该时间内的距离平方
            distence_df=pd.DataFrame(distence,index=other_station_data_id_list)
            distence_df=distence_df.sort_values(by=[0])#距离排序，降序
            most_similar_K_id=list(distence_df.index)[:neighbor_K]
        #与该站点最相似的K个站点ID的数据
        most_similar_K_id_data=other_station_data.loc[i][most_similar_K_id].values.tolist()
        most_similar_data.append(most_similar_K_id_data)
    most_similar_data=np.array(most_similar_data)
    most_similar_data=most_similar_data.astype(np.float)
return most_similar_data

#读取邻接矩阵
neighbor_matrix=pd.read_csv('./Metro_roadMap.csv',index_col=0)
neighbor_matrix=neighbor_matrix.iloc[list(all_station_id)]
neighbor_matrix=neighbor_matrix[[str(int(i)) for i in all_station_id]]
neighbor_matrix.index=[int(i) for i in all_station_id]
neighbor_matrix.columns=[int(i) for i in all_station_id]


similer_method='KNN'#KNN表示选择最相似的K个站点，与距离无关；‘Neighbor’表示使用邻接矩阵，将矩阵为1的点使用上
test_size=0.2
timestep=4
neighbor_K=3#选择最相似的neighbor_K个邻居数据

for station_id in set(complete_data.station_id):
    #每天的真实值
    station_original_data=every_station_everyday_original_data[every_station_everyday_original_data.station_id==station_id]
    station_original_data=station_original_data[station_original_data.columns[:-2]]
    
    #每天的辅助信息
    fuzhu_data=every_station_everyday_weather_data[every_station_everyday_weather_data.station_id==station_id]
    fuzhu_data=fuzhu_data[fuzhu_data.columns[:-2]]
    
    #聚类数据
    cluster_data=every_station_everyday_cluster_data[every_station_everyday_cluster_data.station_id==station_id]
    cluster_data=cluster_data[cluster_data.columns[:-2]]
    
    test_num=int(station_original_data.shape[0]*test_size)
    all_time_index=station_original_data.index
    
    #获取每个样本的特征时间和标签时间
    data_feature_time,data_label_time=get_data_time_list(all_time_index,timestep)
    
    #得到训练集和测试集的特征时间
    train_x_time,train_y_time=data_feature_time[:-test_num],data_label_time[:-test_num]
    test_x_time,test_y_time=data_feature_time[-test_num:],data_label_time[-test_num:]
    
    #根据特征时间，得到数据的特征和标签
    train_x_1,train_y=get_feature(station_original_data,train_x_time,train_y_time)
    test_x_1,test_y=get_feature(station_original_data,test_x_time,test_y_time)
    
    #根据特征时间，得到数据的辅助信息
    train_fuzhu=get_fuzu_cluster(fuzhu_data,train_x_time)
    test_fuzhu=get_fuzu_cluster(fuzhu_data,test_x_time)
    
    #根据特征时间，得到数据的聚类特征
    train_cluster=get_fuzu_cluster(cluster_data,train_x_time)
    test_cluster=get_fuzu_cluster(cluster_data,test_x_time)
    
    #找出每个时间段内，与该站点相似的其他站点的原始数据向量
    #其他站点的数据
    other_station_data=every_station_everyday_original_data[every_station_everyday_original_data.station_id!=station_id]
    other_station_data_id_list=set(other_station_data.station_id)
    other_station_data=other_station_data[other_station_data.columns[:-2]]
    other_station_data=pd.DataFrame(other_station_data.values.reshape(-1,station_original_data.shape[0]),
                                    index=other_station_data_id_list,columns=station_original_data.index).T#其他站点每个时间段的数据   
    
    #找出每个时间段内最相似的K个站点
    train_most_similar_data=get_most_similar_data(train_x_time,train_y_time,train_x_1,other_station_data,neighbor_matrix,
                                                  similer_method=similer_method,neighbor_K=neighbor_K)
    test_most_similar_data=get_most_similar_data(test_x_time,test_y_time,test_x_1,other_station_data,neighbor_matrix,
                                                  similer_method=similer_method,neighbor_K=neighbor_K)
    
Break

#可视化目标站点与其他站点的相似度
list1=list(train_x_1.index)
time_index1=list1.index('2019-01-09 09:00:00')
list2=list(other_station_data.index)
time_index2=list2.index('2019-01-09 09:00:00')
time_list=list2[time_index2-7:time_index2]
time_ddd=other_station_data.loc[time_list]
obj_time_ddd=train_x_1.loc['2019-01-09 09:00:00']
time_ddd['目标站点']=obj_time_ddd.values
time_ddd.to_csv('./可视化站点相似度.csv',encoding='utf_8_sig')

data=pd.read_csv('./可视化站点相似度.csv',encoding='utf_8_sig',index_col=0)
aaa=[]
for column in data.columns:
    bbb=[]
    for column1 in data.columns:
        d1=data[column].values
        d2=data[column1].values
        bbb.append(np.sqrt(np.sum((d1-d2)**2)))
    aaa.append(bbb)
    
aaa_df=pd.DataFrame(aaa[-1],index=data.columns)

data_df=data[aaa_df.sort_values(by=0)[:4].index]
data_df.columns=['aim_station']+['stationID_'+str(i) for i in list(data_df.columns[1:])]


colour=['r^','b*','gv','yx']
c=0
plt.figure(figsize=(16,8))
for column in data_df.columns:
    plt.plot(data_df[column],colour[c],label=column)
    plt.plot(data_df[column])
    c+=1
plt.xticks(rotation=15)
plt.xlabel('Time')
plt.ylabel('Passengers Flow')
plt.legend(loc='best')
plt.show()
plt.savefig('./最相似的K个站点.png',dpi=700,bbox_inches = 'tight')


5. The code of VMD_CLSTM

def get_knn_clm_model(input1_dim,input2_dim,input3_dim,output_dim=1,lstm_unit=128,filters_num=32,kernel_size=2,strides=2,dense_list=[128,32]):
    #输入层数据
    input_1_1=tf.keras.layers.Input(input1_dim)#主成分数据
    input_1_2=tf.keras.layers.Input(input1_dim)#主成分数据
    input_1_3=tf.keras.layers.Input(input1_dim)#主成分数据
    input_2=tf.keras.layers.Input(input2_dim)#辅助信息数据
    input_3=tf.keras.layers.Input(input3_dim)#相似站点数据

    #主成分数据需要改变形状
    reshape_1_1=tf.keras.layers.Reshape([input1_dim,1])(input_1_1)
    reshape_1_2=tf.keras.layers.Reshape([input1_dim,1])(input_1_2)
    reshape_1_3=tf.keras.layers.Reshape([input1_dim,1])(input_1_3)
    '''
    #特征组合
    concat_1_1=tf.keras.layers.concatenate([input_3,input_2,reshape_1_1])##
    concat_1_2=tf.keras.layers.concatenate([input_3,input_2,reshape_1_2])##
    concat_1_3=tf.keras.layers.concatenate([input_3,input_2,reshape_1_3])##
    '''
     #特征组合
    concat_1_1=tf.keras.layers.concatenate([input_2,reshape_1_1])##
    concat_1_2=tf.keras.layers.concatenate([input_2,reshape_1_2])##
    concat_1_3=tf.keras.layers.concatenate([input_2,reshape_1_3])##
    
    #LSTM特征提取
    lstm_1_1=tf.keras.layers.LSTM(units=lstm_unit,activation='relu')(concat_1_1)
    lstm_1_2=tf.keras.layers.LSTM(units=lstm_unit,activation='relu')(concat_1_2)
    lstm_1_3=tf.keras.layers.LSTM(units=lstm_unit,activation='relu')(concat_1_3)

    
    #使用LSTM提取K个站点的数据特征
    lstm_2=tf.keras.layers.LSTM(units=lstm_unit,activation='relu')(input_3)

    #使用CNN提取K个站点的数据特征
    cnn_2=tf.keras.layers.Conv1D(filters=filters_num,kernel_size=kernel_size,strides=strides,activation='relu')(input_3)
    cnn_2=tf.keras.layers.Flatten()(cnn_2)

    #K个站点的数据特征拼接并经过dense层
    concat_2=tf.keras.layers.concatenate([lstm_2,cnn_2])
    concat_2=tf.keras.layers.Dense(lstm_unit,activation='relu')(concat_2)

    #将LSTM和CNN提取出来的数据特征做加法（也可修改为拼接）
    add_3=tf.keras.layers.Add()([lstm_2,concat_2])   

    #将主成分提取的特征与K个站点提取的特征做拼接
    add_1_1=tf.keras.layers.Add()([add_3,lstm_1_1])
    add_1_2=tf.keras.layers.Add()([add_3,lstm_1_2])
    add_1_3=tf.keras.layers.Add()([add_3,lstm_1_3])
    concat_1_1=tf.keras.layers.concatenate([lstm_1_1,add_3,add_1_1])
    concat_1_2=tf.keras.layers.concatenate([lstm_1_2,add_3,add_1_2])
    concat_1_3=tf.keras.layers.concatenate([lstm_1_3,add_3,add_1_3])
    
    #Dropout
    dense_1_1=tf.keras.layers.Dropout(0.2)(concat_1_1)
    dense_1_2=tf.keras.layers.Dropout(0.2)(concat_1_2)
    dense_1_3=tf.keras.layers.Dropout(0.2)(concat_1_3)
    '''
    #Dropout
    dense_1_1=tf.keras.layers.Dropout(0.2)(lstm_1_1)
    dense_1_2=tf.keras.layers.Dropout(0.2)(lstm_1_2)
    dense_1_3=tf.keras.layers.Dropout(0.2)(lstm_1_3)
    '''
    #经过全连接层
    for dense_unit in dense_list:
        dense_1_1=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_1)
        dense_1_2=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_2)
        dense_1_3=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_3)

    #一阶预测结果
    output_1=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_1)
    output_2=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_2)
    output_3=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_3)

    #给每个分量一个权重
    concat=tf.keras.layers.concatenate([output_1,output_2,output_3])
    total_outputs=tf.keras.layers.Dense(output_dim,activation='linear')(concat)
    model=tf.keras.models.Model(inputs=[input_1_1,input_1_2,input_1_3,input_2,input_3],outputs=total_outputs)

    model.compile(loss='mse',optimizer='adam',metrics=['mae'])
[bookmark: _GoBack]    return model


6. The code of BP
def get_BP_model(input1_dim,input2_dim,inputs_3,output_dim=1,dense_list=[128,32]):##
    #输入层
    inputs_1_1=tf.keras.layers.Input(shape=input1_dim)
    inputs_1_2=tf.keras.layers.Input(shape=input1_dim)
    inputs_1_3=tf.keras.layers.Input(shape=input1_dim)
    inputs_2=tf.keras.layers.Input(input2_dim)##辅助信息数据
    inputs_3=tf.keras.layers.Input(input3_dim)##辅助信息数据
    
    dense_1_1=inputs_1_1
    dense_1_2=inputs_1_2
    dense_1_3=inputs_1_3
    dense_2=inputs_2 ##
    dense_3=inputs_3 ##
    
    #连接前需要展开
    dense_1_1=tf.keras.layers.Flatten()(dense_1_1)##
    dense_1_2=tf.keras.layers.Flatten()(dense_1_2)##
    dense_1_3=tf.keras.layers.Flatten()(dense_1_3)##
    dense_2=tf.keras.layers.Flatten()(dense_2)##  
    dense_3=tf.keras.layers.Flatten()(dense_3)##
    
    #成分特征和特征组合
    dense_1_1=tf.keras.layers.concatenate([dense_1_1,dense_2,dense_3])##
    dense_1_2=tf.keras.layers.concatenate([dense_1_2,dense_2,dense_3])##
    dense_1_3=tf.keras.layers.concatenate([dense_1_3,dense_2,dense_3])##
    
    for dense_unit in dense_list:
        dense_1_1=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_1)
        dense_1_2=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_2)
        dense_1_3=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_3)
        dense_2=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_2)
        #dense_3=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_3)
    
   

    #一阶预测结果
    output_1=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_1)
    output_2=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_2)
    output_3=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_3)
    

    #给每个分量一个权重
    concat=tf.keras.layers.concatenate([output_1,output_2,output_3])
    total_outputs=tf.keras.layers.Dense(output_dim,activation='linear')(concat)
#     total_outputs=tf.keras.layers.ReLU(threshold=0)(total_outputs)
    model=tf.keras.models.Model(inputs=[inputs_1_1,inputs_1_2,inputs_1_3,inputs_2,inputs_3],outputs=total_outputs)##

    model.compile(loss='mse',optimizer='adam',metrics=['mae'])
    return model

def get_result(y_true,y_pred):
    mse=metrics.mean_squared_error(y_true,y_pred)
    mae=metrics.mean_absolute_error(y_true,y_pred)
    rmse=mse**0.5
    r2=metrics.r2_score(y_true,y_pred)
    MAPE = metrics.mean_absolute_percentage_error(y_true,y_pred)
    return mse,mae,rmse,r2,MAPE

def plot_predict(BP_prediction,bp_test_1_r2,bp_test_2_r2,train_test='Test',save_path=None):
    BP_prediction.plot(figsize=(18,8))
    plt.title('One order,{}_R2={}'.format(train_test,
                                          round(bp_test_1_r2,5))+'\nTwo order,{}_R2={}'.format(train_test,round(bp_test_2_r2,5)))
    plt.xlabel('Time')
    plt.xticks([])
    plt.ylabel('Passengers Flow')
    plt.xticks(rotation=0)
    if save_path!=None:
        plt.savefig(save_path,dpi=700)
    plt.show()
    
def plot_history_df(cnn_history_1_df,savepath=None):
    plt.figure(figsize=(18,6))
    plt.subplot(1,2,1)
    plt.plot(cnn_history_1_df['loss'],label='Loss')
    plt.plot(cnn_history_1_df['val_loss'],label='Val_loss')
    plt.xlabel('Epochs')
    plt.ylabel('Loss')
    plt.legend(loc='best')
    plt.subplot(1,2,2)
    plt.plot(cnn_history_1_df['mae'],label='Mae')
    plt.plot(cnn_history_1_df['val_mae'],label='Val_mae')
    plt.xlabel('Epochs')
    plt.ylabel('Mae')
    plt.legend(loc='best')
    if savepath!=None:
        plt.savefig(savepath,dpi=700)
    plt.show()

oneorder_true_train=train_y.astype(np.float).values[:,0]
oneorder_true_test=test_y.astype(np.float).values[:,0]

#定义模型，并训练模型
input1_dim=train_cluster.shape[1]
input2_dim=train_fuzhu.shape[1:]#气候等辅助信息的维度
input3_dim=train_most_similar_data.shape[1:]#K个相似站点的数据
bp_model_1=get_BP_model(input1_dim,input2_dim,input3_dim,output_dim=1,dense_list=[128,32])
es_cb = tf.keras.callbacks.EarlyStopping(monitor='val_loss', min_delta=0.01,patience=3, verbose=0, mode='auto')#防止过拟合
bp_history_1=bp_model_1.fit([train_cluster[:,:,0],train_cluster[:,:,1],train_cluster[:,:,2],train_fuzhu,train_most_similar_data],oneorder_true_train,
             validation_data=([test_cluster[:,:,0],test_cluster[:,:,1],test_cluster[:,:,2],test_fuzhu,test_most_similar_data],oneorder_true_test),
             epochs=100,batch_size=64,callbacks=[es_cb])

#预测
bp_pred_test_oneorder=bp_model_1.predict([test_cluster[:,:,0],test_cluster[:,:,1],test_cluster[:,:,2],test_fuzhu,test_most_similar_data])
bp_pred_train_oneorder=bp_model_1.predict([train_cluster[:,:,0],train_cluster[:,:,1],train_cluster[:,:,2],train_fuzhu,train_most_similar_data])
bp_pred_test_oneorder=bp_pred_test_oneorder[:,0]
bp_pred_train_oneorder=bp_pred_train_oneorder[:,0]


#原始真实值减去一阶预测值，就是二阶真实值
twoorder_true_train=oneorder_true_train-bp_pred_train_oneorder
twoorder_true_test=oneorder_true_test-bp_pred_test_oneorder


#训练
bp_model_2=get_BP_model(input1_dim,input2_dim,input3_dim,output_dim=1,dense_list=[128,32])
es_cb = tf.keras.callbacks.EarlyStopping(monitor='val_loss', min_delta=0.01,patience=5, verbose=0, mode='auto')#防止过拟合
bp_history_2=bp_model_2.fit([train_cluster[:,:,0],train_cluster[:,:,1],train_cluster[:,:,2],train_fuzhu,train_most_similar_data],twoorder_true_train,
             validation_data=([test_cluster[:,:,0],test_cluster[:,:,1],test_cluster[:,:,2],test_fuzhu,test_most_similar_data],twoorder_true_test),
             epochs=100,batch_size=128,callbacks=[es_cb])

#预测
bp_pred_test_twoorder=bp_model_2.predict([test_cluster[:,:,0],test_cluster[:,:,1],test_cluster[:,:,2],test_fuzhu,test_most_similar_data])
bp_pred_train_twoorder=bp_model_2.predict([train_cluster[:,:,0],train_cluster[:,:,1],train_cluster[:,:,2],train_fuzhu,train_most_similar_data])
bp_pred_test_twoorder=bp_pred_test_twoorder[:,0]
bp_pred_train_twoorder=bp_pred_train_twoorder[:,0]

#计算评价指标
bp_test_2_mse,bp_test_2_mae,bp_test_2_rmse,bp_test_2_r2,bp_test_2_MAPE=get_result(twoorder_true_test,
                                                                                  bp_pred_test_twoorder)
bp_train_2_mse,bp_train_2_mae,bp_train_2_rmse,bp_train_2_r2,bp_train_2_MAPE=get_result(twoorder_true_train,
                                                                                       bp_pred_train_twoorder)


#一阶和二阶预测值相加，得到最终的预测值
bp_pred_test_total=bp_pred_test_oneorder+bp_pred_test_twoorder
bp_pred_train_total=bp_pred_train_oneorder+bp_pred_train_twoorder

#合并后的总预测值的评价指标
bp_test_2_mse,bp_test_2_mae,bp_test_2_rmse,bp_test_2_r2,bp_test_2_MAPE=get_result(oneorder_true_test,
                                                                                  bp_pred_test_total)
bp_train_2_mse,bp_train_2_mae,bp_train_2_rmse,bp_train_2_r2,bp_train_2_MAPE=get_result(oneorder_true_train,
                                                                                       bp_pred_train_total)

#一阶预测的评价指标
bp_test_1_mse,bp_test_1_mae,bp_test_1_rmse,bp_test_1_r2,bp_test_1_MAPE=get_result(oneorder_true_test,
                                                                                  bp_pred_test_oneorder)
bp_train_1_mse,bp_train_1_mae,bp_train_1_rmse,bp_train_1_r2,bp_train_1_MAPE=get_result(oneorder_true_train, bp_pred_train_oneorder)

#保存结果，并且数据可视化
BP_prediction_test=pd.DataFrame([oneorder_true_test,bp_pred_test_oneorder,bp_pred_test_total], index=['True','One order\'s prediction','Two order\'s prediction'],columns=test_y_time).T
save_csv(BP_prediction_test,'./lvlong/BP的一阶二阶预测值（测试集）.csv')

BP_prediction_train=pd.DataFrame([oneorder_true_train,bp_pred_train_oneorder,bp_pred_train_total],index=['True','One order\'s prediction','Two order\'s prediction'],columns=train_y_time).T
save_csv(BP_prediction_train,'./lvlong/BP的一阶二阶预测值（训练集）.csv')

plot_predict(BP_prediction_test,bp_test_1_r2,bp_test_2_r2,train_test='Test',save_path='./lvlong/BP_predict_test.png')
plot_predict(BP_prediction_train,bp_train_1_r2,bp_train_2_r2,train_test='Train',save_path='./lvlong/BP_predict_train.png')

bp_model_1.save_weights('./lvlong/BP_1_weights.pkl')
bp_model_2.save_weights('./lvlong/BP_2_weights.pkl')

bp_history_1_df=pd.DataFrame(bp_history_1.history,index=range(1,len(bp_history_1.history['loss'])+1))
bp_history_2_df=pd.DataFrame(bp_history_2.history,index=range(1,len(bp_history_2.history['loss'])+1))
save_csv(bp_history_1_df,'./lvlong/bp_history_1_df.csv')
save_csv(bp_history_2_df,'./lvlong/bp_history_2_df.csv')

plot_history_df(bp_history_1_df,savepath='./lvlong/BP_1_history.png')
plot_history_df(bp_history_2_df,savepath='./lvlong/BP_2_history.png')







7. The code of CNN

def get_cnn_model(input1_dim,input2_dim,input3_dim,output_dim=1,filters_num=32,kernel_size=2,strides=2,
                  pool_size=2,pool_strides=2,dense_list=[128,32]):
    filters_num=32#卷积核个数
    kernel_size=2#卷积核形状
    strides=2#卷积核步长
    pool_size=2
    pool_strides=2
    #dense_list=[128,32]

    #输入层数据
    input_1_1=tf.keras.layers.Input(input1_dim)#主成分数据
    input_1_2=tf.keras.layers.Input(input1_dim)#主成分数据
    input_1_3=tf.keras.layers.Input(input1_dim)#主成分数据
    input_2=tf.keras.layers.Input(input2_dim)#辅助信息数据
    input_3=tf.keras.layers.Input(input3_dim)#辅助信息数据

    #主成分数据需要改变形状
    reshape_1_1=tf.keras.layers.Reshape([input1_dim,1])(input_1_1)
    reshape_1_2=tf.keras.layers.Reshape([input1_dim,1])(input_1_2)
    reshape_1_3=tf.keras.layers.Reshape([input1_dim,1])(input_1_3)
    
    #第一部分卷积：处理主成分数据
    cnn_1_1=tf.keras.layers.Conv1D(filters=filters_num,kernel_size=kernel_size,strides=strides,activation='relu')(reshape_1_1)
    cnn_1_2=tf.keras.layers.Conv1D(filters=filters_num,kernel_size=kernel_size,strides=strides,activation='relu')(reshape_1_2)
    cnn_1_3=tf.keras.layers.Conv1D(filters=filters_num,kernel_size=kernel_size,strides=strides,activation='relu')(reshape_1_3)

    #第二部分卷积：处理气候等辅助信息
    cnn_2=tf.keras.layers.Conv1D(filters=filters_num,kernel_size=kernel_size,strides=strides,activation='relu')(input_2)
    cnn_3=tf.keras.layers.Conv1D(filters=filters_num,kernel_size=kernel_size,strides=strides,activation='relu')(input_3)

    #第一部分池化层：处理主成分数据
    maxpool_1_1=tf.keras.layers.MaxPool1D(pool_size,pool_strides)(cnn_1_1)
    maxpool_1_2=tf.keras.layers.MaxPool1D(pool_size,pool_strides)(cnn_1_2)
    maxpool_1_3=tf.keras.layers.MaxPool1D(pool_size,pool_strides)(cnn_1_3)

    #第二部分池化层：处理气候等辅助信息
    maxpool_2=tf.keras.layers.MaxPool1D(pool_size,pool_strides)(cnn_2)
    maxpool_3=tf.keras.layers.MaxPool1D(pool_size,pool_strides)(cnn_3)

    #池化后需要展开
    dense_1_1=tf.keras.layers.Flatten()(maxpool_1_1)
    dense_1_2=tf.keras.layers.Flatten()(maxpool_1_2)
    dense_1_3=tf.keras.layers.Flatten()(maxpool_1_3)
    dense_2=tf.keras.layers.Flatten()(maxpool_2)#此处暂时不经过全连接层，与各成分分别组合
    dense_3=tf.keras.layers.Flatten()(maxpool_3)

    #成分特征和气候特征组合
    dense_1_1=tf.keras.layers.concatenate([dense_1_1,dense_2,dense_3])
    dense_1_2=tf.keras.layers.concatenate([dense_1_2,dense_2,dense_3])
    dense_1_3=tf.keras.layers.concatenate([dense_1_3,dense_2,dense_3])

    #经过全连接层
    for dense_unit in dense_list:
        dense_1_1=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_1)
        dense_1_2=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_2)
        dense_1_3=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_3)

    #一阶预测结果
    output_1=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_1)
    output_2=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_2)
    output_3=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_3)

    #给每个分量一个权重
    concat=tf.keras.layers.concatenate([output_1,output_2,output_3])
    total_outputs=tf.keras.layers.Dense(output_dim,activation='linear')(concat)
#     total_outputs=tf.keras.layers.ReLU(threshold=0)(total_outputs)
    model=tf.keras.models.Model(inputs=[input_1_1,input_1_2,input_1_3,input_2,input_3],outputs=total_outputs)

    model.compile(loss='mse',optimizer='adam',metrics=['mae'])
    return model





8. The code of LSTM

def get_lstm_model(input1_dim,input2_dim,input3_dim,output_dim=1,lstm_unit=128,dense_list=[128,32]): 
    #输入层数据
    input_1_1=tf.keras.layers.Input(input1_dim)#主成分数据
    input_1_2=tf.keras.layers.Input(input1_dim)#主成分数据
    input_1_3=tf.keras.layers.Input(input1_dim)#主成分数据
    input_2=tf.keras.layers.Input(input2_dim)##辅助信息数据
    input_3=tf.keras.layers.Input(input3_dim)##辅助信息数据
    
    #主成分数据需要改变形状
    reshape_1_1=tf.keras.layers.Reshape([input1_dim,1])(input_1_1)
    reshape_1_2=tf.keras.layers.Reshape([input1_dim,1])(input_1_2)
    reshape_1_3=tf.keras.layers.Reshape([input1_dim,1])(input_1_3)
    
    #特征组合
    concat_1_1=tf.keras.layers.concatenate([input_3,input_2,reshape_1_1])
    concat_1_2=tf.keras.layers.concatenate([input_3,input_2,reshape_1_2])
    concat_1_3=tf.keras.layers.concatenate([input_3,input_2,reshape_1_3])
    
    #LSTM特征提取
    lstm_1_1=tf.keras.layers.LSTM(units=lstm_unit,activation='relu')(concat_1_1)
    lstm_1_2=tf.keras.layers.LSTM(units=lstm_unit,activation='relu')(concat_1_2)
    lstm_1_3=tf.keras.layers.LSTM(units=lstm_unit,activation='relu')(concat_1_3)
    
    #Dropout
    dense_1_1=tf.keras.layers.Dropout(0.2)(lstm_1_1)
    dense_1_2=tf.keras.layers.Dropout(0.2)(lstm_1_2)
    dense_1_3=tf.keras.layers.Dropout(0.2)(lstm_1_3)  
   
    #经过全连接层
    
    for dense_unit in dense_list:
        dense_1_1=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_1)
        dense_1_2=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_2)
        dense_1_3=tf.keras.layers.Dense(dense_unit,activation='relu')(dense_1_3)

    #一阶预测结果
    output_1=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_1)
    output_2=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_2)
    output_3=tf.keras.layers.Dense(output_dim,activation='relu')(dense_1_3)

    #给每个分量一个权重
    concat=tf.keras.layers.concatenate([output_1,output_2,output_3])
    total_outputs=tf.keras.layers.Dense(output_dim,activation='linear')(concat)
    model=tf.keras.models.Model(inputs=[input_1_1,input_1_2,input_1_3,input_2,input_3],outputs=total_outputs) #,input_2

    model.compile(loss='mse',optimizer='adam',metrics=['mae'])
    return model
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