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In recent years, China's economy has steadily improved, and the volume of traffic and cargo turnover has also increased rapidly. Water transportation has gradually become the main mode of freight in my country. With the increasing prosperity of waterway transportation, the cargo throughput of ports throughout the country has shown a trend of increasing year by year, and the research of various data in the navigation of cargo ships has gradually become a research hotspot.With the increasing diversification of communication tools, the collection of marine ship information is more convenient and comprehensive, and the continuous accumulation of ship voyage data has attracted the attention of a large number of researchers on the issue of how to use voyage data to obtain deeper information. A number of operational data during a ship’s voyage will be affected by uncertain factors such as noise signals, weather changes, and water environment. For example, the voyage time and voyage distance will change, which indirectly affects the ship’s fuel consumption and profitability. This is the ship operating company. Focus of attention. Because of the increase in cargo throughput, the port and navigation environment have become more complicated. Water traffic accidents occur frequently. Although ship collision accidents are related to the harsh navigation environment of the ship and the failure of the machinery and equipment required by the ship, more accidents do occur. Caused by a certain human error. Therefore, ship trajectory prediction is of great significance to ship transportation operations and navigation safety. In order to achieve traffic safety in the waters of the waterways, the government has set up a ship traffic management center, which uses wireless phones, CCTV, radar, AIS base stations, shipborne sensors and other equipment to monitor the trajectory of ships sailing in specific areas in real time, and collect environmental information in the waters. At the same time, it also provides a more effective guarantee for ship travel. Because of this, the prediction and analysis of ship trajectory have increasingly become a hot issue for researchers. For ship trajectory prediction and analysis, most researchers use traditional data mining algorithms such as clustering and classification to process data, or focus on the establishment of complex mathematical models. However, the marine environment is complex and changeable, which greatly reduces the applicability of traditional forecasting methods. On the other hand, ship data have continuity and history in time and space. The use of traditional algorithms will cause data interruption, loss, and errors. This article notices that the Long Short-Term Memory (LSTM) network model is a commonly used algorithm in deep learning. It can not only make full use of sequence information, but also has the ability to save historical information. The above has outstanding advantages.
Based on the LSTM model, this paper conducts training and processing of ship data with the help of the TensorFlow platform. Spring Cloud and Vue are also adopted to directly build an integrated network platform of ship-shore cargo information with the function of ship trajectory prediction, making full use of the collected ship data to enhance data visualization. The main research contents of this paper are as follows:
(1) Research and analyze the LSTM model, and use it for ship latitude and longitude data training to obtain its time series and accuracy, fully dig out the characteristics of the LSTM model's historical information for future value prediction, and compare with other prediction algorithms to analyze its predictive ability and forecast Multi-dimensional analysis of the pros and cons of the LSTM model due to changes in frequency, data set size, and data performance.
(2) In order to improve the performance of the LSTM algorithm model, the obtained ship’s latitude and longitude information is preprocessed in the training set selection and then the model training is performed multiple times. The accuracy is obtained by increasing the number of iterations and selecting the appropriate number of training templates. The best training template.
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[bookmark: _Toc113480835]Chapter 1 Introduction
1.1 [bookmark: _Toc113480836]Research Background and Significance

In the past few decades, with the steady growth of China's economy, the number of vehicles and traffic flows in various provinces and cities have also grown rapidly, of which the turnover of goods in 2020 was as high as 19661.830 billion metric tons [1]. Although the state has invested a lot of human and financial resources in the construction of transportation infrastructure, the logistics cost is still high, and traffic congestion, road traffic accidents, air pollution and other problems occur frequently.
With the increasing prosperity of waterway transportation, the cargo throughput of most ports across the country has been increasing year by year. In the five years from 2015 to 2019 alone, the throughput of major cargo at China's major ports increased by 1341.96 million tons [1].
[image: ]
Figure 1-1 main cargo throughput of main ports
The increase of cargo throughput also makes the port and navigation environment more complex, and water traffic accidents occur frequently. From the analysis of 108 ship collision accident investigation reports [2] published by China shipping network, it can be found that although ship collision accidents are related to the poor navigation environment of ships and the failure of machinery and equipment required by ships, more accidents are indeed caused by certain human errors.
In order to achieve traffic safety in the waterway, the government has set up a ship traffic management center to monitor the real-time trajectory of ships sailing in specific areas through wireless phones, CCTV, radar, AIS base stations, onboard sensors and other equipment [3], which not only collects water environment information, but also provides a more effective guarantee for ship travel.
[bookmark: _Toc14359][bookmark: _Toc26008][bookmark: _Toc20725][bookmark: _Toc8219][bookmark: _Toc25438][bookmark: _Toc25938][bookmark: _Toc11632][bookmark: _Hlk73433405]However, the water channel is often complex and changeable. When a ship enters a water area with many reefs, narrow channels and ships or encounters extreme weather, it must always obtain accurate ship position information to provide basis for navigation. Therefore, in the supervision of VTS (vessel traffic service), obtaining accurate ship navigation information has become an indispensable link in managing water traffic and coordinating the operation of navigable ships in the channel [4]. The accuracy of navigation information not only directly affects the effective supervision of water traffic by the supervision system, but also affects the accuracy of ship trajectory prediction. On January 6, 2018, the Panamanian oil tanker "Sangji" loaded with about 136000 tons of condensate collided with the Hong Kong Chinese bulk carrier "Changfeng crystal" in the East China Sea, resulting in the explosion and sinking of the "Sangji" in the East China Sea [5], killing 32 crew members. In the process of accident investigation, maritime law enforcement officers found that there was a difference of 2-3 knots between the SOG of the ship's medium to ground speed and 20-25 degrees between the cog of the ship's medium to ground speed and the actual in the AIS information of "Sangji". Accurate navigation information can provide the basis for ships to make decisions, and can also obtain whether there are abnormal navigation behaviors of surrounding ships, so as to give early warning and avoid risks for possible water traffic accidents, effectively reduce the occurrence of water traffic accidents, avoid casualties and reduce property losses as much as possible. The office of the Ministry of transport issued the notice on printing and distributing the "14th five year plan" for the development of maritime system [6]. The plan mentions that during the "14th five year plan" period, China has six major tasks in promoting the high-quality development of shipping, one of which is to "accelerate the construction of intelligent navigation support system for ships, strengthen the construction of intelligent shipping communication and navigation support capacity, and improve the level of intelligent shipping information service [6]."
At present, AIS data is one of the important sources used by VSTS to obtain ship navigation data, which includes MMSI (Maritime Mobile Service Identity), longitude and latitude coordinates, navigation speed, direction angle and other basic information of the sailing ship [7]. However, since the navigation of a ship is a continuous process, and the messages sent by the AIS system are not real-time, there is a certain data lag. Generally speaking, the update frequency of static information is 6min / time, while the update frequency of some dynamic information, such as ship anchoring, berthing, heading and other information, is related to the AIS type and the real-time dynamics of ships [7].
Therefore, there are two general research directions of ship motion trajectory: 
 take track points as the research objects; Take track line as the research object. 
In real life, it is always a difficult problem to predict the behavior of moving objects, and the navigation trajectory of ships is related to many factors, and there are many random disturbances, such as wind, water flow velocity, environmental pollution, etc. people can not use a general formula to establish a motion model. VTS mostly adopts the traditional Kalman filter, particle filter, etc. this method often requires the establishment of kinematic equations and complex mathematical operations to predict the ship trajectory. However, in practical applications, trajectory prediction is often time-consuming. This requires very high real-time data information, otherwise it is impossible to establish accurate mathematical equations. The established kinematic equation obviously exists in a very ideal situation. In practical application, the data are often interfered by various factors, so this method is difficult to be applied in specific production practice.
Combined with the spatial computing characteristics of LSTM network, this paper proposes a ship trajectory prediction method based on LSTM. LSTM model has significant advantages in the processing of time series. It can not only make full use of the current series information, but also retain it. These data will play a very important role in the future prediction series training. This fully takes into account the real-time required for ship trajectory prediction and the realizability of prediction methods. Therefore, this paper trains the LSTM network through the known ship dynamic navigation time series, and finally achieves a better ship trajectory prediction effect.
1.2 [bookmark: _Toc113480837][bookmark: _Toc19303][bookmark: _Toc10864][bookmark: _Toc2332][bookmark: _Toc15295][bookmark: _Toc25216][bookmark: _Toc14492][bookmark: _Toc24395]Research Status
1.2.1 [bookmark: _Toc113480838]Current situation studies
In China, Ruan Qunsheng and others proposed in 2012 that the least square method can be used to fit the trajectory curve of ship navigation . The least square method is simple in theory, but the prediction results depend on accurate ship trajectory data. Once there are interruption, delay, packet loss and other problems in information transmission, the prediction results will not be accurate. In the same year, Zhao shuaibing solved this problem by introducing Kalman filter. As Deng Hubin et al. Said in their research on the motion trajectory of mobile nodes, in the node positioning system in wireless sensor networks, the system noise and measurement noise are added to simulate the actual situation , and the Kalman filter algorithm can effectively improve the positioning accuracy . Even if the observed data is wrong, the current real state can be estimated more accurately. In 2014, Xu tie and others improved the Kalman filter algorithm, integrated the ship's speed, heading and other observation data , and adopted the least square method to estimate, so as to predict the unknown navigation position of the ship and achieve better matching of the ship's navigation trajectory. This method has also been well applied in underwater maneuvering target tracking . Kalman filter algorithm can shorten the target tracking range and improve the efficiency of target tracking.
In addition to Kalman filter algorithm, spline interpolation method can also solve the problem of missing data of ship navigation trajectory . In 2015, Liu Liqun and others designed a distributed ship trajectory repair model, which preprocessed the ship's navigation trajectory through Vondrak filtering , and then repaired the data through cubic spline interpolation , finally obtaining the repaired ship trajectory. This method can well repair the longitude and latitude information of the ship and get the accurate trajectory. Tian Liqin et al.  randomly selected 60 ship trajectories for simulation experiments, which verified the superiority of this method. In 2017, Wu Jianhua and others classified the AIS trajectory points with anomalies and numerically repaired the classified data through cubic spline interpolation, so as to obtain the repaired and more accurate ship trajectory data ; In 2018, Zhou Cai et al. further improved the cubic spline interpolation method, so that the algorithm can accurately identify AIS data errors , and greatly reduced the location accuracy of repair errors, optimized to 6.5m, and improved the speed accuracy to 0.07m/s.
There are also researchers who start from other aspects to solve the trajectory prediction problem. For example, Yang Shuying et al. Proposed that particle filter (PF) tracking algorithm based on simulated annealing (SA) can be used to predict the trajectory . The longer the time, the lower the accuracy and the larger the deviation rate will be as the iteration continues. For example, Li wangao et al. Proposed an improved Bayesian inference (MBI) method, which quantifies the correlation of adjacent positions by constructing a Markov model . Through research, it is found that this method can also be applied to the prediction of ship trajectories. When the number of historical trajectories of ships is limited, a more accurate Bayesian inference formula can be obtained by decomposing these trajectories. Similarly, Markov model can also be combined with Gaussian analysis . Qiao yanlei et al.  believe that Gaussian mixture model should be preferentially used to fit the transfer probability of ship navigation points in continuous time, and then the above model should be used for prediction. And take these points as the state transition points of the Markov model to establish the Markov model. In addition, considering the potential causality of the navigation data on the time axis, Liu Xiling and others unified the data into time series from the noise reduction processing of the trajectory data and introduced the gray prediction model  to predict the navigation trajectory. Combined with the idea of localization of short-time Fourier transform (STFT) in the field of signal processing, wavelet analysis is used to correct the noise in the trajectory data.
The above methods are all based on the ship kinematics equations, and are calculated and compared in theory. However, the marine environment is complex and changeable, which greatly reduces the applicability of traditional prediction methods. As early as 2012, domestic researchers have turned their eyes to neural networks that are more flexible and changeable and are born to solve complex situations. Zhen Rong et al. Improved a three-layer BP neural network trajectory prediction model, combined AIS information system and BP neural network, and predicted the multi-dimensional trajectory characteristics by using the large amount of AIS data information. However, the AIS system still has problems of data interruption and errors. So in 2019, Liu Lei et al.  tried to explore ways to identify and correct these data. On the basis of the research of Nguyen et al., they made some improvements, used the segmented method to carry out cubic Hermite interpolation , and constructed the interpolation results into the training set and test set of BP neural network. Finally, it is concluded that the combination of BP neural network and piecewise cubic Hermite interpolation can achieve the best effect in data repair, but in prediction, the method of using BP neural network alone is usually better than the combined algorithm of the two methods.
In the near future, many scholars have also applied LSTM to the prediction of ship trajectories, and achieved many research results. For example, the LSTM based ship track prediction model proposed by quanbo and others in 2018. Cubic spline interpolation is used to interpolate the track data to solve the limitation of unequal interval data in the model, which significantly improves the prediction accuracy and reliability. Ren Yuxiang and others trained and tested the LSTM network based on AIS data, and found that the LSTM network has better accuracy after comparing with the BP neural network algorithm. Some studies have also given solutions to the problems of errors and missing in AIS data acquisition.Wang guihuai et al. Proposed a ship trajectory data restoration method based on the bidirectional long and short-term memory network (BLSTM-RNN) model . This method constructs a two-layer recurrent neural network (RNN) model. At the same time, the LSTM structural unit of each layer is adjusted to reduce the data dimension by one dimension , and the dropout layer is added to avoid overfitting . The input is a time-series input, which can make full use of the correlation of the data before and after the trajectory. The results show that this method can still show better repair accuracy even in the case of long-distance missing points.
Research and development has gone through the development from traditional methods based on marine kinematics equations to neural networks.
In view of the fact that the complete trajectory of the ship is often very long, and it is easy to lose some AIS information when modeling, Guillermo proposed that the trajectory with an instantaneous velocity below the threshold can be defined as a stationary sub-sequence by trajectory cutting. And set up a sliding window to achieve real-time update of data, convenient for management personnel supervision. Guillermo et al. also proposed that Markov stochastic processes can be used to define normal behavior states and transition matrices. In addition, Nguyen et al. Proposed an AIS data interpolation method based on numerical interpolation and AIS time series characteristics to solve the problem of AIS information loss. This approach includes linear interpolation, cubic Hermit interpolation, and recognition mechanisms[10] and is therefore adaptive to a wide variety of AIS data. Further, in 2015 TONG X Et al. put forward the idea of "rough prediction" and then "fine-tuning the trajectory", using the combinatorial prediction model, introducing the Markov Chain The correction of the prediction results greatly improves the accuracy of the prediction of the ship's trajectory. However, for large amounts of trajectory data, neither the first-order nor the high-order Markov models are good at predicting. 
In 2014, CASTALDO et al. also proposed another idea, which can introduce dynamic Bayesian networks into trajectory recognition, and through the synthetic training of ship trajectories,[45] the modified trajectory is compared with the normal trajectory in the storage network, so as to determine whether the trajectory of the moving ship is normal   In 2017, Kawan et al. proposed a track prediction model that supports vector aircraft regression (SVR). Users can customize the required dataset and user-defined model parameters according to their own needs, and obtain an SVR predictive model by applying the training dataset. Flexible and easy to use. But the accuracy needs to be improved. 
Back in 2012, PERERA et al. introduced artificial neural networks (ANNs) for detecting and tracking ship voyages. Since the traditional least squares fitted neural network model proved to lack robustness for outliers, an extended Kalman filter (EKD) method for ship trajectory prediction estimation was proposed [12].  In 2015, D. Zissis et al. also designed an artificial neural network (ANN) that can predict the future behavior of ships based on events that occur in predictable patterns that occur in large maps, including the position, speed, and direction of travel. In 2020 M. Sangiorgio et al. improved the LSTM network training method due to LSTM The input configuration of the network directly plays an important role in predicting performance, in order to avoid outliers affecting the results, the algorithm introduces a powerful filtering algorithm as an integral part of the training, so that the training and results have been better improved. 
[bookmark: _Toc15591][bookmark: _Toc6267][bookmark: _Toc6484][bookmark: _Toc1402][bookmark: _Toc13663][bookmark: _Toc25879][bookmark: _Toc9026][bookmark: _Toc113480839]1.2. 2 Comparison of current research status
For various types of ship trajectory prediction methods, this paper makes a detailed comparison, finds out the advantages and disadvantages of various methods and elaborates them, and the comparison results are shown in Table 1-3. 

Table 1-3 Comparison of ship trajectory prediction methods
	Methods for predicting ship trajectories
	advantage
	insufficient

	Based on the equations of ship kinematics
	Least squares
	Good prediction of ship trajectories at sea.
	When the ship trajectory data is delayed, inaccurate or the error is large, the results obtained will be inaccurate.

	
	Bayes returns
	Performs well on small-scale data, allows for multi-classification tasks, and has a negligible impact on experimental results with missing data. 
	Trajectory prediction takes a long time, and this method requires a high expression of the input data. Experimental results are influenced by hypothetical a priori models. 

	
	Gaussian model
	The statistical characteristics of the trajectory distribution can be well expressed [3].
	Users can only get an accurate prediction of the ship trajectory within the next 9 minutes. Over time, accuracy gradually decreases [3]. 

	
	Kalman filter algorithm
	Make up for the data blockage and other reasons, resulting in the update of data is not timely, resulting in inaccurate ship trajectory or large error problems [3]. 
	The actual sound field differs from the theoretical analysis. It is sensitive to changes in noise data, and the prediction error increases as the noise increases.

	
	Grey prediction algorithm
	Unify data into time series and make the most of the causal connections of your data.
	Not suitable for complex offshore environments.

	
	Markov chain
	Through the combination of models, the predictive model of the ship is established, and the state transfer matrix is obtained in combination with the empirical wind minimization strategy, so as to obtain a good prediction effect [10]. 
	The first-order model does not make full use of historical trajectory point data. Although the higher-order model increases the complexity of model calculation, it is not suitable for training learning with large amounts of trajectory data [10]. 

	
	Vector machines
	Simple, feasible, efficient, time-consuming, flexible and convenient to use. 
	

	
	Spline interpolation (FIX incorrect AIS track data).
	It can accurately repair ship trajectories and provide accurate data support for the study of ship trajectory data [16]. 
	Complex calculations.

	Based on neural networks
	BP Neural Networks
	The algorithm has high prediction accuracy and few calculation parameters, which meets the requirements of VTS for accurate track prediction [8], real-time, and versatility. 
	The BP neural network cannot be combined with sequential timing during training, ignoring the correlation of navigation data. 

	
	ANN artificial neural networks
	Target size is explicitly considered during detection and tracing, departing from the simple assumptions assumed by most target tracking methods.
	Ignoring the data association, the vessel is occluded and cannot be accurately predicted.

	
	LSTM neural networks
	A large amount of longer-term information can be remembered, which can eliminate some of the gradient disappearance problems [9]. 
	Can not fight the gradient explosion problem, calculation time-consuming.


[bookmark: _Toc113480840]1.3 The main research content and organizational structure
[bookmark: _Toc113480841]1.3.1 The main research content of this article
Through comparative experiments, this paper compares the performance of each model from the research and test of three prediction models: traditional linear ship trajectory prediction, ship trajectory prediction based on machine learning and ship trajectory prediction based on LSTM algorithm, and then recommends a suitable ship trajectory prediction algorithm, and builds a ship navigation trajectory monitoring and prediction platform with the function of ship trajectory prediction. The main research contents are as follows:
Create a training set and a test set, and use the traditional linear prediction model, the machine learning prediction model and the deep learning prediction model based on the LSTM algorithm to train and predict respectively. Study and compare the performance indicators of the three common prediction models in ship trajectory prediction, and provide a theoretical basis for optimizing ship trajectory prediction.
[bookmark: _Toc113480842]1.3.2 The main content and organizational structure of this article
The full text is divided into four chapters, which are arranged as follows:
Chapter 1, introduction, mainly introduces the source of the subject, analyzes the research background, research purpose and significance; After that, the paper expounds various methods of ship trajectory prediction and their shortcomings.
Chapter 2, research on LSTM algorithm for ship trajectory prediction. The LSTM algorithm is introduced from two aspects of algorithm structure and algorithm formula, and the design and performance optimization of the LSTM algorithm platform based on ship trajectory are carried out. Finally, the ship trajectory prediction algorithm is compared, and the conclusion is drawn that the LSTM algorithm can better achieve the ship trajectory prediction.
In Chapter 3, the performance of ship trajectory prediction algorithm is studied. The experimental platform of ship trajectory is built to realize the design of ship trajectory prediction module, and the performance of prediction results is compared and analyzed.
Chapter 4, summary and prospect. Summarize the research work and results of the full text, and look forward to the next research.
1

[bookmark: _Toc113480843][bookmark: _Toc18401][bookmark: _Toc84583795][bookmark: _Toc5668]Chapter 2: Research on LSTM algorithm for ship trajectory prediction
Ship trajectory prediction is one of the important technologies in ship shipping intelligence. In order to provide the ship management department with timely and accurate prediction results and make the prediction results play a role in specific shipping, it is necessary to control the error of trajectory prediction results within a certain range. However, in practical application, if the time is too long, the prediction results obtained will lose their timeliness and can not cope with accident prevention, navigation warning and other emergencies; If the predicted result deviates too much from the actual situation, the predicted result will lose credibility, let alone be applied to the multi-functional ship shore cargo integrated system. In view of the above two core needs, scholars at home and abroad have proposed many schemes. In this paper, the LSTM algorithm model will be used to predict the ship trajectory, and the advantages and reliability of the LSTM algorithm model will be described by comparing the prediction results of BP algorithm and gray algorithm.
[bookmark: _Toc113480844]2.1 LSTM Model Based on Ship Trajectory Prediction
[bookmark: _Toc84583796][bookmark: _Toc31444][bookmark: _Toc3210][bookmark: _Toc113480845]2.1.1 LSTM Algorithm Model
LSTM (long short term) network is an improved algorithm based on RNN (recurrent neural network) theory proposed by Hochreiter and schmidhuber[59] in 1997. It originates from RNN algorithm, not only absorbs the advantages of RNN algorithm itself, but also performs better than RNN in many aspects. The following two algorithm models will be introduced respectively, focusing on the improvement and optimization of the LSTM algorithm model on the RNN algorithm model.
(1) Algorithm model of basic RNN
In essence, RNN is a neural network that connects all nodes (cyclic units) in a chain manner in a recursion manner. It takes the time series data as the input of the whole network, and the core of the network function is realized by directed graph. This network structure can be analogized to the hidden layer in feed forward neural network (FNN) for analysis and research. However, the difference between the two is that there is no feedback in the whole network of the feedforward neural network (FNN), and the signal finally flows out of the output layer y from the input layer X through the network structure. There is no feedback in y as input and returns to the network, but there is such feedback in RNN. Nevertheless, many learning forms in RNN, such as gradient descent and activation function, are in the same vein as FNN.

Figure 2-1 network structure of RNN
Therefore, the left part of Fig. 2-1 can be defined as follows: XT represents the input at time t, OT represents the output at time t, ST represents memory at time t. Because our essential purpose is to approximate the empirical distribution with the model distribution to find the best result, and what neural networks are best at is to integrate many contents through a series of parameters and then learn this parameter. At this time, we can define the basic model formula of RNN:

                  (2-1)

Now let's give a learning data , where the unfolded length of RNN is τ.  Because in general, this unprocessed sequence is a time series, the evolution direction of the sequence at this time is called "time-step". For time steps, the cycle unit of RNN has the following form:
                     (2-2)
In the expression, H represents the system status of the model. According to the theory of dynamic systems, the system status is a function used to describe the change of all points in a given space with the change of time series [16]. At each time t, the RNN network will determine the output Y[59] according to the current input X and the current model state, and synchronously obtain the new system state h, so as to achieve the function of "memory". It can be seen that RNN composed of only cyclic structure is feasible in theory.
Generally speaking, RNN has the following three properties:
1. The RNN generates an output in each RNN cell, and the hidden cells are cyclic and continuous;
2. The RNN generates an output in each RNN cell, but the current time node is only circularly continuous with the hidden cell of the next time node;
3. The RNN contains hidden units with cyclic connections, and can output a single prediction while processing the relevant data of the time series.
These characteristics also make RNN stand out among many algorithms. But RNN also has some fatal defects. RNN often faces the problem of gradient explosion or gradient dispersion in reverse propagation [16]. See Figure 2-3 for details. The color depth of nodes in the network indicates the sensitivity of input information. The stronger the sensitivity, the darker the color. When the input changes the excitation of the hidden layer again, the sensitivity of the input information will gradually decrease with each change of the input, and it is accompanied by the loss of the initial input information in the network [14]. This problem is particularly obvious on the time axis. When the length of the input time series is long and the distance between the nodes far apart on the time axis needs to be calculated, it is often necessary to use multiple Jacobi Matrices for arithmetic transformation. At this time, it will become very troublesome to update the data. Not only is the network training very heavy and complex, but also the gradient dispersion problem is easy to occur [55].
[bookmark: _Toc1782][bookmark: _Toc6894]
Figure 2-3 RNN gradient dispersion
(2) Model structure of LSTM algorithm based on RNN
LSTM has made better adjustment and improvement to the problem of RNN algorithm, that is, the attenuation of information transmission often occurs due to too long interval, which leads to the reduction of transmission utility. In recent years, this algorithm has attracted the attention of many researchers and has been widely used in many research fields.
The gradient dispersion problem of RNN can be well solved in the LSTM network model. LSTM network actively screens information to avoid repeated memory and invalid memory, which not only solves the problem of information transmission attenuation, but also greatly reduces the difficulty of network training. As shown in Fig. 2-4, the small black filled square of the input layer in the figure is represented as "1", and the unfilled square is represented as "0". The open circle next to the node indicates "passing", and the short horizontal line indicates "forgetting". With the training of the network, the input value at time 1 is memorized at time 4 and time 6, and other times are "forgotten".

Figure 2-4 LSTM avoiding gradient dispersion
Compared with RNN, the biggest change of LSTM is to determine whether information should be remembered or discarded by adding a "forgetting gate". At this time, the network model is no longer a chain structure composed of a repetitive neural network module, but a group of recursive sub networks. As shown in Fig. 2-5. These modules are usually composed of two parts: one is the core cell, which is composed of a group of independent autocorrelation cells; The second is the control part, which uses the other three cells to select whether the signal enters the memory cell.

Figure 2-5 LSTM neural network structure
In Fig. 2-5, H represents the hidden layer state and C represents the cell state. ,  represents the state of the hidden layer of the LSTM and the state of the memory cell at the previous time, respectively, ,  denotes the state of the hidden layer of the LSTM and the state of the memory cell at the current time, respectively. is the output of the forgetting gate,  is the output of the input gate,  is the output of the output gate.
Each module of LSTM ensures the selective deletion of information and the constant update of status through the structure of four gates, thus enhancing the memory ability of the network for long-term time series data, and thus improving the overall performance of the neural network. For the problem of ship trajectory prediction, it is necessary to analyze a large amount of historical ship trajectory information. At the same time, since the collection of information data may be affected by weather, water, noise and other factors, it is also necessary to ensure a certain fault tolerance rate for historical information. The LSTM network model can well meet these requirements.
[bookmark: _Toc113480846]2.1.2 LSTM algorithm calculation model
The forgetting degree function  at the last moment of the forgetting  is an output h from the previous time and the current time input , and  dot product plus . Where, 、 represents the weight matrix and the offset term of the forgetting gate, respectively. Finally, through an activation function σ get . Activation function σ is the sigmoid function:
               (2-3)
Its specific calculation flow is shown in Fig. 2-7.











Figure 2-7 calculation process of forgetting gate
The value range of its output value is [0,1]. For the cell state, 0 means that the information is completely invalid and should be ignored; And 1 indicates that the information is completely valid and should be stored. The mathematical expression of sigmoid function is:
                          (2-4)
As shown in Fig. 2-8:
[image: ]
Figure 2-8 sigmoid function image
And then the input gate determines the new information to be memorized. The result of the input gate layer of the first partexpression and  similar to the mathematical expression of  , it is also an output of and the current time input and  Dot multiplication and plus  Similarly, 、 represents the weight matrix and the offset term of the forgetting gate, respectively. Finally, through an activation function σ get . Activation function σ is the sigmoid function:
               (2-5)



Its specific calculation flow chart is shown in Fig. 2-9.













Figure 2-9 calculation process of input gate

Next is a candidate vector  generated by the tanh network layer ， This vector is used for the next cell state update:
             (2-6)
、 represents the weight matrix and the offset term of the calculated state, respectively. The calculation process is shown in Figure 2-10：

Figure 2-10  Calculation process of 
State  at the previous time and output  of the forgetting gate, which is used to determine the information to be discarded, plus the candidate vector  calculated in the previous step and the output I generated by the input gate, resulting in a new state .
                  (2-7)
 
The calculation flow chart shown in Fig. 2-11 shows that the state of the core cell changes from  update to  process:













Figure 2-11 Calculation process of 
Finally, the S-type network is calculated to determine which parts of the cell state can be output.
The calculation flow chart of the output gate is shown in Fig. 2-12.

Figure 2-12 calculation process of output gate
And the  cell state  input the activation function, and select tanh (the value is between -1 and 1) for the activation function. Tanh's convergence speed is faster and the number of iterations is less than sigmoid's. The calculation formula and image are as follows:[image: ]                      (2-8)
Figure 2-13 tanh function image
 is multiplied by the output result of the S-type network through the activation function to obtain the final output. Meanwhile, update the system status for the next iteration:
               (2-9)
[bookmark: _Toc84583798][bookmark: _Toc10705][bookmark: _Toc106]Its calculation flow chart is shown in Fig. 2-13.
Figure 2-13 calculation process of LSTM final output
[bookmark: _Toc113480847]2.2 Platform of LSTM Algorithm Based on Ship Trajectory Prediction
[bookmark: _Toc84583805]As an improved RNN, LSTM has advantages over traditional neural network framework. A more flexible computing framework is needed. This paper chooses tensorflow framework, which has significant advantages in deep learning.
Tensorflow is a practical general programming framework, which is rooted in distbelief, the first generation of deep learning operating system inside Google. Distbelief was released in 2011. Once it was launched, it had a great impact on the whole field of deep learning. Three years later, the Google net network structure based on distbelt won the crown in the Imagenet challenge. Google used distbelt to define "Cats" in many non tagged images, and successfully developed the later image search function. In just a few years, distbelief has a broad product base within Google. Tensorflow, as the successor R & D product of distbelief, is self-evident in its comprehensiveness, practicality and flexibility. At the same time, its computing model has the characteristics of faster computing speed and more popular deep learning algorithms. In addition to these features, the new framework also has more advantages in system stability. Tensorflow's advantages are reflected in all aspects of Google's products, such as voice search, street view, e-commerce, translation, youtube, advertising, etc.
LSTM algorithm platform design
[bookmark: _Toc113480848]2.2.1 LSTM algorithm platform design
Tensorflow is widely used not only within Google, but also in the field of deep learning. Many deep learning algorithms such as LSTM, CNN, FNN, etc. have been fully researched, applied and improved through tensorflow framework. As of 2016, there were more than 1500 codes related to tensorflow on the code platform GitHub, of which Google only officially provided less than 10. At present, tensorflow has been developed and used by many well-known domestic and foreign technology companies, such as jd.com, Xiaomi, Uber, snapchat, twitter and so on. Just like tensorflow's original intention of realizing open source - to establish a relatively unified standard, facilitate the exchange and research of scholars academically, and improve the efficiency of practical application of machine learning in production.
[bookmark: _Toc113480849]2.2.2 implementation and optimization of LSTM algorithm platform
Tensorflow is essentially an advanced programming framework. Its biggest feature is to describe computing tasks through graphs. The graph in tensorflow is a directed graph. The specific unit responsible for the calculation function is the node (op, operation). Data can flow between op and op. It is worth noting that the calculation unit of data in tensorflow is not the specific number we commonly use, but the tensor. Tensor is a typed multi-dimensional data array, and each op can implement the input and output of any number of tensors. It can be seen that the final result calculated by tensorflow is also a tensor structure.
Before using tensorflow to train the LSTM model for ship trajectory prediction, first create an instance of the session class, and then start the graph in the instance. At startup, the session instance allocates the nodes in the graph. The allocated nodes are stored on the CPU or GPU device. Then, the tensor operation is performed by executing the node method. Finally, the operation result is returned. Tensorflow can support multiple programming languages for development, such as C, C + +, python, etc., of which Python is the main language. Because there are more related functions in python that are not supported by other languages, it can better help tensorflow to build graphs.
In the process of specifically implementing LSTM model training for ship trajectory prediction, tensorflow framework will convert the definition of digraph into an operation that can be executed in a distributed manner. This conversion can make full use of the computing resources of CPU or GPU [18], avoiding a certain waste of resources. In addition, tensorflow framework will automatically detect computer resources. For example, if there are multiple GPUs on the device, tensorflow will automatically recognize the first GPU and make use of it. The other GPUs will not be called by default. Tensorflow program is generally divided into two stages: construction stage and execution stage. Among them, the construction phase mainly uses the graph to describe the implementation steps of each node in detail, and the execution phase mainly uses the session to run each node in the graph [18], so as to achieve tensor operation.
Figure 2-15 shows a complete calculation flow of tensorflow. The specific operation logic is shown in the following figure:


Figure 2-13 Tensorflow operation schematic diagram (www.tensorflow. ORG)
In addition to the optimization of the calculation process by tensorflow framework, the subsequent preprocessing, cleaning, interpolation, fitting and other processing of AIS data set based on ship trajectory will further optimize the accuracy and other performance of ship trajectory prediction results. See Chapter 3 for details on the processing of specific data sets.
[bookmark: _Toc113480850]2.3 Comparison Algorithm Selection and Implementation Based on Ship Trajectory Prediction
In order to show the advantages of the methods described in this paper, two other algorithms that should be more common in the research of ship prediction gray algorithm and BP algorithm are selected for algorithm implementation and result comparison.
[bookmark: _Toc113480851]2.3.1 Design and Implementation of Gray Algorithm for Ship Trajectory Prediction
Grey model GM (1,1) is a common method in mathematical modeling. "Grayscale" represents that the internal information of the system is known, unknown or unclear, and the relationship between them is unclear. Its biggest feature is that the data sequence used for fitting is not the original data sequence, but a new sequence formed by accumulated generating operation (AGO) based on the original time series. The exponential change law presented by the new sequence is simulated by the first-order linear differential equation [19]. The following is the specific process of establishing the model:
1.Establish an accumulation generation sequence：
设：                (2-10)
                (2-11)
Grade ratio  The calculation and judgment formula of grade ratio is:
                            (2-12)
                         (2-13)
Accumulate and generate the above formula once:
，         (2-14)
                 (2-15)
2. Constructing GM (1,1) model
设，
 is the basic form of model GM(1,1)， is System development coefficient,   is the grayscale action. The operation block diagram is as follows:


Figure. 2-16 operation block diagram of grayscale algorithm
Establish shadow equation for the above formula:
                      (2-16)

3. parameter estimation
The least square method is used to estimate the parameters of the parameter sequence , which satisfies , where
                          (2-17)
                        (2-18)

Then the solution of the shadow equation (time corresponding function) is:
                 (2-19)
The time corresponding function sequence of   is：
 ,       (2-20)
Restore value:
             
,      (2-21)
4. The gray prediction model is obtained
Discretization of shadow equation:
             (2-22)

Substitute:
      (2-23)
           (2-24)
      (2-25)
Substitute 
The discrete solution is:
            (2-26)
Restore the original data:
  (2-27)
(2-26) is the predicted value of I-AGO, (2-27) is the simulated value and predicted value of the original data. Therefore, when k ≤ n ,  is the model fitting value; When k > N,  is the predicted value of the model.
[bookmark: _Toc113480852]2.3.2 Design and Implementation of BP Algorithm for Ship Trajectory Prediction
Neural network is a kind of multilayer feedforward neural network through error back propagation. It is a simple three-layer structure: input layer, output layer and several hidden layers [19]. Considering that the weights of each hidden layer cannot be obtained directly in the neural network, it is another option to indirectly correct the weights of hidden layers by outputting the error of the obtained results. In short, the learning process of BP network is the updating process of hidden layer weights.

Figure. 2-17 structure of BP neural network
The training process is divided into two processes: forward propagation of signal and backward propagation of error [20]. The forward propagation of the signal is the process of finding the loss value. The signal flows in from the input layer, passes through the hidden layer and then goes to the output layer. After one forward propagation, the predicted output result is compared with the ideal output result. If the ideal output cannot be reached, the error of the prediction value is back propagated, and the weight coefficient and threshold of the neural network are corrected by the gradient descent method [20].
Due to the large sample size of AIS information data, in order to avoid slow learning convergence and falling into local minimum solutions, the maximum gradient descent method commonly used in traditional BP neural networks is not selected, but the small batch random gradient descent method (SGD) is selected. In this method, after the original samples are scrambled, the sub training sets are divided according to the small sample size, and the sub training sets are randomly selected as inputs. This method converges quickly and reflects the randomness of the algorithm, so that the iteration can continue even when there is a local minimum. After continuous calculation of a large number of data, the nonlinear mapping between the input value and the output value of the data is finally fitted, and the output model approaching the ideal is obtained. The specific training process of BP neural network is as follows:
1. Initialization of network parameters: according to the input and output sequences (x, y) of the system, the number of neuron nodes n in the input layer, the number of nodes r in the hidden layer and the number of nodes m in the output layer of the network are determined, where X and Y can be expressed as:
         (2-28)
Set the hidden layer threshold to  and the output layer threshold to ; The connection weight between the input layer and the hidden layer is , and the connection weight between the hidden layer and the output layer is .
2. Hidden layer output calculation: according to the input vectors X,  and , the hidden layer output value  is obtained from formula (2-28):
          (2-29)
Where  is the activation function of the hidden layer, and  has many forms; Sigmoid function is commonly used in BP neural network:
                     (2-30)
The output value of sigmoid function is between 0 and 1, and is continuously differentiable from positive infinity to negative infinity. This provides a necessary condition for the gradient descent method used in the weight adjustment to derive the expected output of the network and the single training difference, that is, the sigmoid function can meet the requirement that the output value can be derived everywhere.
3. Output layer output calculation: according to the H calculated in 2, combine  and . Calculation output:
       (2-31)
 As the output transfer function, the linear function is taken in the BP network：
                        (2-32)
4.  Learning error: calculate the prediction error  on the kth neural network in the training sample, and the calculation result of mean square error (MSE) represents the prediction error :
:                    (2-33)
5. Weight update: gradient descent method is adopted. The core mathematical principle of the gradient descent method originates from the chain derivative rule in the field of calculus. The following formulas are derived from the chain derivative rule. among  Is the learning rate (eta), the value range is (0, 1), here = 0.1：
  (2-34)
         (2-35)
6. Threshold update: according to the calculated error . Update hidden layer threshold . Output layer threshold ：
       (2-36)
                (2-37)
The learning rate eta represents the proportion of the weight error  in updating the network weight in each iteration. That is to say, the network is not completely updated according to the error amount responsible for the weight of nodes in the back-propagation network, but according to a certain proportion. When the learning rate is too large, the weight of each update will be very large, and then a large gradient will be generated. At this time, the gradient descent method may not only reduce the error but also increase the error. In some cases, it may even cause gradient explosion. If the learning rate is too small, the training speed will be very slow, the error will remain high, and the model training may be difficult to converge. After repeated calculation and adjustment, it is finally determined that eta of 0.1 can get better training results.
7.  The error between the updated weight coefficient and the threshold is judged to see whether the end condition is satisfied. If satisfied, the training ends; If the conditions are not met, the training of the network is repeated by executing (2) - (6) until the end conditions are met.
[bookmark: _Toc113480853]2.4 Summary of this chapter
In this chapter, the LSTM model for ship trajectory prediction is studied. Combined with the analysis of the actual requirements of ship trajectory, the LSTM algorithm model is systematically introduced in terms of the theoretical idea, network structure and calculation formula of the algorithm. Then, tensorflow, the platform used to implement LSTM algorithm, is introduced. Among them, the framework nature, operation principle and application field of tensorflow are introduced and analyzed in detail. Specifically, in the LSTM algorithm for ship trajectory prediction studied in this paper, it explains what optimization and improvement can be made to the operation process of this model by using tensorflow programming framework. Finally, the principle and calculation process of gray-scale algorithm and BP algorithm are introduced, and the trajectory prediction results of these two algorithms are compared to verify the superiority of LSTM algorithm. The specific result analysis and comparison will be shown in Chapter 4.


[bookmark: _Toc113480854][bookmark: _Toc84583328][bookmark: _Toc2890][bookmark: _Toc12224][bookmark: _Toc21079][bookmark: _Toc8602][bookmark: _Toc16953][bookmark: _Toc3249][bookmark: _Toc84583348][bookmark: _Toc23086][bookmark: _Toc19330]Chapter 3: Research on the Performance of Ship Trajectory Prediction Algorithm
[bookmark: _Toc113480855]3.1 LSTM Network Construction
[bookmark: _Toc113480856][bookmark: _Toc84583329]3.1.1 Overall Construction Idea of LSTM
1.  Overall construction idea of LSTM
The sequential model is constructed by sequential, which can be linearly stacked by several network layers. Then, a two-layer LSTM structure is established, with 120 LSTM cells in the first layer and the second layer. Then, the association between features is extracted to obtain the loss function and accuracy during training. Finally, set the total number of training rounds and samples, and output the parameter status of each layer.
2. Training Document
The training file is used to train the main function of the LSTM network. Its super parameters can be configured and changed in the code and trained in batch mode. Each round of iteration traverses all training sets.
When writing the code, read the configuration file, draw the sample database, generate training data and train the model in sequence, and finally save the model. Wherein, the core training sentence is：model=trainModel(train_X, train_Y)，It calls the LSTM function to train the model.
Open the dataset with the open function. Since the dataset file is of csv type,use read_csv in pandas to read the CSV file data and output its corresponding sample number and dimension. Then use the PLT. Scatter function to draw the sample database.
Call the normalization function. In the process of training the network, it is usually necessary to standardize the data and then carry out subsequent operation and analysis. Because in actual operation, different evaluation indicators have different dimensions and units, which may have a direct impact on the obtained data analysis results. Normalization can effectively eliminate these effects, make the data in the same order of magnitude, have comparability, and maintain the relative relationship between the data.
The normalized data can not be directly used for network training, but needs to be further processed through a conversion function. This article defines create_dataset function to create a new dataset. This function has three parameters: data, that is, the numpy array that we want to convert into a data set; n_predictions. the value is equal to the training number train_num. Since the latter data can be predicted by the previous train_num data, train_num is used as the time step; n_next the value is equal to the number of generated predictions. Through the conversion function, the original value array data can be converted into the dataset matrices train_X and train_Y for network training
Finally, the LSTM function is called to train the model. And establish an evaluation model, draw the training loss and verification loss graphs of the learning model, and draw the training accuracy and verification accuracy graphs.
3. Verification file
The main function of the verification file is to set a suitable verification trajectory, generate a predicted trajectory through the LSTM model, and finally analyze the error of the obtained trajectory. The general idea of the code is as follows:

· File configuration.
Use the  ConfigProto() function to configure the parameters of the created session through the command config.gpu_ options. allow_ Growth = True to allocate a small amount of video memory and realize on-demand increase. On this basis, a session is created through the Session() function. When the context manager exits, this function can automatically complete the closing of the session and the release of resources.
· Read data.
Import pandas toolset to analyze structured data. Run instruction pd.read_csv(ff, sep=',').iloc[0:1*(test_num+per_num), 0:2].values reads the data, where read_csv() function is used to read the data file, and the iloc function is used to read the data specified in the file, and use the values function to return all the values in the data in a list.
· Normalized data obtained when using training data.
NormalizeMultUseData function is defined to call normalized data. And assigns the called normalized data to data for subsequent use. Using reshap_ y_ Hat() modifies the array shape to achieve better observation effect.
· The obtained data are processed by multidimensional inverse normalization.
The predicted normalized data is subjected to inverse normalization processing, and then the LSTM training model is called to predict the trajectory, and the mean square error function mse() is used to express the required loss function. The core code is as follows:
print("Estimate: {0}\n trueValue：{1}".format(y_hat, y))
for i in range(per_num):
    print(' Predicted mean square error of point' ,'i ', mse(y_hat[i], y[i]))
    print('Predict the straight-line distance of point ','i','{:.4f} KM'.format(get_distance_hav(y_hat[i, 0], y_hat[i, 1], y[i, 0], y[i, 1])))
· Database for drawing test samples
By calling Matplotlib Pyplot database to visualize the obtained test samples. Among them, the scattergram is drawn by calling the scatter() function, and the image is generated by calling the show() function. This visual operation not only makes the error results more intuitive, but also extracts favorable information more efficiently.
· Evaluating indicator
The accuracy (percentage of correct points in the total number of points within the allowable error range), the maximum absolute error of longitude, the maximum absolute error of latitude, and the mean square error are selected as the evaluation indicators of the experiment to evaluate the prediction accuracy.
[bookmark: _Toc113480857]3.1.2  LSTM network data preprocessing
The original data is accessed in the form of CSV text files. Before being transferred to the LSTM network, all the original data are read into the memory in the form of arrays. After that, first normalize the data, so that the preprocessed data is limited to a certain range, so as to eliminate the adverse effects caused by special sample data. And then group the data according to the training number and the prediction number. Taking the prediction of 10 track points from 100 track points as an example, if the number of track points on the small data set is 2723, the first to 100 pieces of data are defined as the first group of data of train_X, and the 101 to 110 pieces of data are defined as the first group of data of train_Y; The second to 101 pieces of data are defined as the second group of data of train_X, and the 101 to 111 pieces of data are defined as the second group of data of train_Y, and so on, until all the data are stored in groups. Then, each group of data is nested in the form of an array to form a matrix, and then input into the LSTM network.
[bookmark: _Toc113480858]3.1.3 LSTM algorithm network parameter setting
For the LSTM algorithm, the setting of network parameters is determined step by step through experiments. In the experiment, different numbers of neurons in the hidden layer of LSTM can be set. By comparing the mean square error value of the neural network, the number of memory neurons with the smallest error is selected as a parameter. When there are 14 neuron nodes in the LSTM layer, the mean square error of the neural network is the smallest, which means that the training effect is optimal on the test set corresponding to the current scale of data input. The number of neuron nodes in the best hidden layer LSTM layer of the neural network is set to 14. The different steps in the input layer also have an impact on the prediction accuracy of the neural network model. By transforming the number of steps, it is found that the mean square error is the smallest when x is 6.
The learning rate is determined empirically. For LSTM networks, the learning rate is 0.001, so it is set to 0.001. It is verified that it meets the experimental requirements and can achieve convergence.
The main hyperparameter settings of other network training are shown in the following table and explained:
Table 3-1 super parameter setting
	Key
	Value

	batch_size
	32

	epochs
	500

	verbose
	2

	Dropout
	0.3


Among the hyperparameters, batch_sizeis the number of samples selected in one training, and the selected value is 32. When batch_sizeis greater than 32, the accuracy of the model decreases, and when batch_sizeis less than 32, the accuracy is not improved, so the final value of batch_sizeis 32. The value of epoch is 500. When epochs is lower than 500, the accuracy of the model is poor, and it is in an under fitting state. When epochs is greater than 500, the accuracy of the model is improved less, and the accuracy function tends to converge smoothly. In order to save training time, the epochs finally locates 500. Verbose takes the value of 2, and outputs a line of records for each epoch, which can not only display the status of each epoch, but also prevent the output of progress bar records from being too cumbersome. Dropout takes the empirical value of 0.3.
[bookmark: _Toc113480859]3.2 Design and implementation of ship trajectory prediction module
On the basis of the algorithm research in Chapter 2, the algorithm flow is shown in Figure 3-1. Starting from the LSTM algorithm and tensorflow model, the tensorflow model and the LSTM algorithm are specifically implemented in the ship trajectory prediction by programming on the python platform, and the longitude and latitude data of the predicted value and the training value are obtained. The design of this functional module is developed from the following two aspects.


Figure 3-1 algorithm flow chart
[bookmark: _Toc84702524][bookmark: _Toc113480860][bookmark: _Toc84583313][bookmark: _Toc12811][bookmark: _Toc17762][bookmark: _Toc17991][bookmark: _Toc21524][bookmark: _Toc84583312][bookmark: _Toc28793][bookmark: _Toc25224]3.2.1 Design and processing of ship track data set
The data set of this paper is pulled from chuanshun network, which is a ship management software independently developed by Xiamen chuanshun Technology Co., Ltd. It has the functions of real-time position, historical track query, ship management
Electronic fence, ship equipment management and other functions. Twenty six ships in the Yangtze River Basin have more than 20000 AIS track data in three months from January 17 to April 17.
 Vessel MMSI numbers are: 413773192，413782115，413801266，413804154，413811333，413815635，413815996，413816291，413816718，413818566，413819277，413823978，413827045，413827462，413827685，413827690，413828874，413832779，413838933，413839426，413841892，413963791，413964892，413982661，413983395，413987935。
Its track map is drawn by GIS map as follows:
[image: QQ图片20210527093605]
Figure 3-2 track images of all ships
More than 15000 data of 10 ships from the upper reaches of the Yangtze River to Shanghai were taken as the original data set. The track diagram is as follows:
[image: QQ图片20210527102352]
Figure. 3-3 ship trajectory image in dataset
AIS data preprocessing
During AIS data collection, some erroneous data may be generated due to various human processing and external factors, so it is necessary to clean the original data before using the data.
The trajectory of a ship is a continuous process in space and time in real life. However, in order to facilitate the actual development and research, the trajectory of the ship will be discretized. In space, it will be represented by a representative track or track point. In terms of time, since the onboard AIS system sends data every other time according to the ship's heading and speed, the data sent by the AIS system is a discrete time series. Considering the above factors, this paper uses representative trajectory points to describe the ship trajectory.
Since the study of ship trajectory in this paper only involves the basic parameters such as longitude, latitude and time when the ship is sailing, it is necessary to cut the acquired AIS data and retain only the effective fields required in this paper. By deleting the wrong data, the errors generated in the later use of data can be reduced and the efficiency of subsequent work can be improved. The obvious error records in the acquired AIS data mainly include the following four types:
1. The length of the maritime mobile communication service identification code of the ship is not 9 digits or unreasonable;
2. The longitude and latitude of the ship exceed the reasonable range (for example, the longitude and latitude are negative);
3. The ship's speed and heading exceed the reasonable range (such as heading > 360 ° or speed < 0);
4. The collection time of the ship information exceeds a reasonable range (for example, the collection time is May 12, 2022).
Missing value processing. After observing the acquired AIS data, it is found that there is a common missing phenomenon in these data. The authenticity of this data will also have a certain impact on the accuracy of ship trajectory prediction in the future. Therefore, the missing value of the data must be processed. The types of missing values mainly include the following three types:
· Complete random deletion, that is, the missing variables have no relationship with the rest of the variables and have no impact on the unbiased nature of the data.
· Random deletion, that is, there is a certain relationship between the missing variable and the complete variable.
· Non random deletion, that is, there is a certain relationship between missing variables and incomplete variables.
Through the analysis of the above three reasons, it can be found that the AIS data determined in this paper has no relationship with the longitude, latitude, heading, speed and other basic parameters, so it is completely random missing. There are many methods to deal with missing data, among which the most common ones are special value interpolation, average value interpolation, maximum likelihood estimation and K nearest neighbor method. After comprehensively considering the factors such as processing speed and data accuracy, this paper adopts the most convenient average interpolation method to repair the data.
Then normalize the data min max and map it to [0,1], so as to realize the normalization of the whole model prediction process.
	[bookmark: _Hlk84606463]
	
	(3-1)


In formula (3-1), ，；、are the maximum and minimum values of sample data respectively. Generally speaking, the data should be standardized first, and then the subsequent operation and analysis should be carried out. Because in actual operation, if the evaluation indicators are different, the dimensions and dimension units are also different, which will lead to inaccurate data analysis results. Normalization can effectively eliminate these effects, make the data in the same order of magnitude, have comparability, and maintain the relative relationship between the data. At the same time, in the process of network training, it can also effectively reduce the impact of geometric transformation, accelerate the speed of finding the optimal solution in the gradient descent [21], and accelerate the convergence speed of the network. After normalization, the data were all within [0,1].
Network weight initialization
The network weights are initialized using Xavier algorithm method. Xavier method is an initial weight algorithm proposed by B.Yshua et al in 2010. They proposed that when training the neural network, the initial weight of the network would affect the data transmission of the deep network model. If the initial weight is too large, the data transfer in the training process will no longer be meaningful; If the initial weight is too small, the updating of subsequent nodes by data transmission will be weakened, resulting in an unsatisfactory trained network.
Because the network described in this paper adopts sigmoid activation function and tanh activation function, the common feature of these two functions is that the gradient at the origin position is large, and the curve is nearly linear, which performs well. If the input signal is in the region saturated at both ends of the function curve, the gradient value is too small, which affects the time and accuracy of parameter optimization. Therefore, it is necessary to adopt model parameter initialization.
The specific initialization formula of the parameter is as follows:
        (3-2)
           (3-3)
In formulas (3-2) and (3-3),  respectively corresponds to the input and output numbers of nodes in a certain layer of the network. Uniform means sampling uniformly in the interval.
The LSTM network is combined with the time series. The input data format is in the form of a matrix, and the training samples are expressed as a matrix:
        (3-4)
In the formula (3-4), n is the time step, and Adam optimization algorithm is adopted to update the network weights and determine the final network model. (3-5) where MSE is the mean error, the mean error MSE is used as the error evaluation standard (m represents the number of samples):
                     (3-5)
After the training, the model will predict the track results for the given test sample data. And the track data is inversely normalized to make the theoretical prediction results more consistent with the actual data.
After data preprocessing, the data points are drawn as follows:
[image: 07)(~@{M996X`E6A9EJ[E0M]
Figure 3-4 data processing results
The following table can be obtained by classifying the ten ships according to the upper, middle and lower reaches of the Yangtze River:
Table 3-2 classification of ships in river section
	River section
	MMSI
	Quantity / piece

	upper reaches
	413815635, 413815996, 413838933
	3

	middle reaches
	413773192, 413838933, 413801266, 413815635, 413815996, 413816291, 413982661
	7

	down reaches
	413816718, 413963791, 413815635, 413804154
	4


The dividing cities of the upper, middle and lower reaches of the Yangtze River are respectively the river section above Yichang City, Hubei Province, the river section from Yichang City, Hubei Province to Hukou County, Jiujiang City, Jiangxi Province, and the river section below Hukou County, Jiujiang City, Jiangxi Province.
Selection of training set and verification set
Take 30% of the number of ships as the verification set, 70% of the number of ships as the massive training set, 50% of the number of ships as the massive training set, 30% of the number of ships as the medium training set, and 10% of the number of ships as the small training set. The selection method is to extract ships from each river section through random functions, and the extraction principle is to cover the whole river section as much as possible.
The results of the training set and the verification set are as follows:
Table 3-3 division of training set and verification set
	Data Set
	MMSI
	Percentage of ships
	Number of track points 

	Validation set
	413815996, 413963791, 413801266
	30%
	3432

	Massive training set
	413816291, 413815635, 413838933, 413773192, 413804154, 413816718, 413982661
	70%
	11314

	Large training set
	413838933, 413816291, 413982661, 413815635, 413804154
	50%
	9318

	Medium training set
	413815635, 413838933, 413816718 
	30%
	5764

	Small training set
	413815635
	10%
	2723


[bookmark: _Toc113480861]3.2.2 Realization of ship trajectory prediction module
1. Background algorithm design
In the track prediction module, the main idea of the algorithm calling process is to call our training model file in the background module to predict the results. The algorithm process is to import data from the background, then process and normalize the data in the python environment, then call the model file which is the most core to predict the data, and finally adjust the data format to return it to the front end. The flow chart is as follows:
[image: ]  
Figure 3-5 algorithm implementation flow chart

        In the track prediction module, the implementation of the algorithm is embodied in the coding of three parts:
Java background code writing: mainly predict the imported data by embedding the prediction file in Python in Java, and return the data in the form of interface.
Python part: mainly completes the modification of the returned data format. Because the format of the front-end data requirement is JSON, the splicing and conversion of the data format are completed in Python.
Front end part: mainly completes the drawing of data on the map and displays it on the front end.
The core problem of Java background writing is Java's call to python. We use the Runtime.getRuntime() starts the thread to run the script file. Python development requires the use of third-party libraries, so it is more efficient for Java to call locally installed Python and third-party libraries. After that, the BufferedReader class reads the text from the character input stream and buffers the characters.
The main body of the python part of the code is the prediction file, that is, data processing, normalization, algorithm and model call in sequence. However, Java needs JSON format data to be returned, so it needs format splicing.
The front-end mainly provides display services. The writing idea is divided into two parts: button writing and prediction result map drawing. Buttons are divided into two parts: import data and map drawing. Click import data, and the button will change to map drawing after success.
Finally, the trajectory prediction interface is tested by swagger platform, and the test results are shown as follows:[image: ]
Figure 3-6 swagger test chart
[bookmark: _Toc84583345]In the test result, the returned status is 200, indicating that the interface calling process is successful. The return form of the result can meet the requirements of the front end if it reaches the standard JSON format. This shows that the background code and Python code are written correctly, which can lay a good "data foundation" for the front-end display. 
2. Front end trajectory prediction platform
On the basis that trajectory prediction data can be obtained smoothly, how to combine the algorithm with front-end visualization becomes the focus of the whole fourth chapter. The design requirement of this functional module is to realize the visualization of trajectory prediction, and the algorithm results can be displayed on the map in the form of map points and trajectories, and the predicted value and actual value can be marked with points of different colors, so as to provide more intuitive scientific basis for developers to predict the direction of ship navigation trajectory in the later period.
Considering the association and application of multi-party platforms, the technologies shown in Figure 3-7 below are mainly used:

Figure 3-7 technical framework of ship trajectory prediction
Following the previous functional modules, the trajectory prediction module needs to be added separately to the ship shore cargo integrated platform. In order to achieve the expected design requirements, the following four necessary functions need to be completed in this chapter:
1. The training model with excellent data trained by LSTM algorithm is imported into the background as the premise of later prediction, and the training set with the highest accuracy is selected as far as possible.
2. After the prediction is started, the TensorFlow algorithm is called in the Java background to realize the prediction function, and the prediction results are directly stored in the background database. The front end obtains the data through the corresponding API gateway service.
3. The front end uses Axios asynchronous communication to import background forecast data.
4. Then, using the cesium three-dimensional earth development framework, the longitude and latitude points of the prediction data are marked on the sky map vector map, and the trajectory point map is drawn.
As shown in Figure 3-8 below, it is a complete flow chart of the event of ship track prediction, which indicates the necessary work to complete one actual prediction. If multiple predictions are required, the following processes can be executed multiple times:

Figure. 3-8 flow chart of ship trajectory prediction
[bookmark: _Toc84583330][bookmark: _Toc84702539][bookmark: _Toc113480862][bookmark: _Toc84583332]3.3 Performance comparison and analysis of trajectory prediction results
Algorithm result processing:
For the grayscale algorithm and BP algorithm, we can directly calculate and output the accuracy, the maximum absolute error of longitude, the maximum absolute error of latitude and other parameters in the verification set result by writing Python scripts. The screenshot of the result record is as follows:

[image: ]
Fig. 3-9 results of each data set of GM algorithm
[image: ]
Figure. 3-10 data set results of BP algorithm
For the LSTM algorithm, because the single verification time is longer than the other two algorithms, and the verification set has more verification times, each ship is verified in groups. Finally, the accuracy, the maximum absolute error of longitude, the maximum absolute error of latitude, the mean square error and other parameters of the verification results of each group of data are averaged to obtain the eigenvalue results of each ship. Finally, the results of each ship in the verification set are averaged to obtain the final results.
[image: ]
Figure 3-11 screenshot of LSTM algorithm 413963791 ship result
Performance comparison analysis:
1. The comparison of results under small data sets is as follows:
Table 3-4 results of small data set
	Algorithms \ eigenvalues
	accuracy
	Maximum absolute error of longitude (km)
	Maximum absolute error of latitude (km)
	Mean square deviation (km)

	Grayscale algorithm
	47.9180013%
	10.33718235
	1.80982659
	27.37520147

	BP
	54.8153515%
	0.915477493
	0.345295087771
	0.754692917

	LSTM
	74.9701493%
	3.5642284
	0.18149422532
	0.009627165




2. The comparison of results under the medium data set is as follows:
Table 3-5 results of medium volume dataset
	Algorithms \ eigenvalues
	accuracy
	Maximum absolute error of longitude (km)
	Maximum absolute error of latitude (km)
	Mean square deviation (km)

	Grayscale algorithm
	49.8471844971%
	6.81320317
	1.52062982
	6.103660239

	BP
	64.953301%
	0.821882550705
	0.332344974475
	0.632731092

	LSTM
	82.041666%
	3.0194233
	0.834179
	2.214419312


3. The comparison of results under a large number of data sets is as follows:
Table 3-6 large data set results
	Algorithms \ eigenvalues
	accuracy
	Maximum absolute error of longitude (km)
	Maximum absolute error of latitude (km)
	Mean square deviation (km)

	Grayscale algorithm
	49.9477459962%
	7.89205673
	1.82055756
	9.144475091

	BP
	66.6731079%
	0.839132769
	0.327747729
	0.790400492

	LSTM
	86.675%
	1.63841329
	1.30294937
	2.813123415


4. The comparison of results under massive data sets is as follows:
Table 3-7 mass dataset results
	Algorithms \ eigenvalues
	accuracy
	Maximum absolute error of longitude (km)
	Maximum absolute error of latitude (km)
	Mean square deviation (km)

	Grayscale algorithm
	50.3203074952%
	7.92753258
	1.7302967
	8.668324498

	BP
	83.4696726%
	4.679535
	0.385046149
	0.737097152

	LSTM
	90.3083%
	0.8114836
	0.69764591
	2.514702279


5. Histogram of accuracy of three algorithms under different data sets:


[image: ]
Figure 3-12 comparison of accuracy of three algorithms in different verification sets
6. Histogram of mean square deviation of three algorithms under different data sets:
[image: ]
Figure. 3-13 comparison of mean square deviation of three algorithms in different validation sets
7. The average accuracy of each point of LSTM algorithm under different data sets is as follows:
[image: ]
Figure 3-14 precision of LSTM prediction points
According to the results of the above four types of data:
1) For the GM gray-scale algorithm, the size of the data set has little effect on the improvement of its results, and the accuracy fluctuates very little under a variety of training sets. The accuracy is basically stable at 40% - 50%, and the prediction effect is poor, which can hardly meet the actual demand.
       The reason for the poor prediction accuracy of the GM algorithm may be that the longitude and latitude fluctuations of the river channel we selected are relatively large, and it is difficult to fit the flow direction of the river channel by the gray algorithm through linear calculation, so it is difficult to obtain good results even after parameter adjustment.
2) For BP artificial neural network algorithm, the change of data set size can significantly improve its prediction accuracy. Through the comparison of the mean square deviation of the three algorithms, it can be found that the change of the mean square deviation of BP algorithm is the smallest among the three algorithms, and the prediction is relatively stable, which has certain practical value.
3) For the LSTM algorithm, its accuracy is significantly improved with the change of data set size, and the prediction accuracy can be improved to more than 90% with the support of sufficient data. Through the comparison of the accuracy of the three algorithms, it can be found that the LSTM algorithm has the highest prediction accuracy among the three algorithms. At the same time, the fluctuation of its mean square error is relatively small, which indicates that the prediction effect is relatively stable. From figure (3-14), we can find that the prediction accuracy of LSTM prediction algorithm at different points can also be improved by increasing the training set, so that the accuracy of each point of prediction tends to be stable.
To sum up, it can be concluded that for the three different prediction algorithms of GM, BP and LSTM, the GM algorithm performs poorly in different data sets and does not have the ability to predict the trajectory in complex navigation channels; Both BP and LSTM algorithms have good prediction effects, and have their own advantages and disadvantages. However, with the increase of the amount of data, the accuracy of LSTM algorithm in trajectory prediction is more obvious, and the mean square deviation can also meet the actual application needs. Therefore, LSTM algorithm has greater prediction advantages than BP algorithm in trajectory prediction.
[bookmark: _Toc113480863]3.4 Summary of this Chapter
This chapter first introduces the hardware parameters of the experimental platform, expounds the construction process and method of the LSTM network, explains the network super parameter setting, shows the interface of each functional module of the system software platform, and analyzes the calculation results according to the comparison algorithm. The experimental results show that the ship trajectory prediction performance of LSTM algorithm has the best prediction accuracy without obvious average error loss in comparison with the results of gray algorithm and BP algorithm, and the system performance is good.
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[bookmark: _Toc113480864]Chapter 4  Summary and Prospect

This paper takes the longitude and latitude data of ship navigation as an important reference index, combines the algorithm of long-term and short-term memory network model and tensorflow calculation framework to study, uses a large number of longitude and latitude data of different ships as the training set and test set of prediction models, conducts in-depth research on the trajectory prediction of ship navigation, and finally obtains more accurate real-time prediction values of ships.
The work done in this paper can be summarized as follows:
1. Through investigation and analysis of different types of algorithms, it is determined that the LSTM algorithm model algorithm is the main one. Through comparative experiments with the traditional linear model GM (1,1) and the artificial neural network BP model, the performance of the LSTM model is analyzed in multiple dimensions by using the effect of the number of data sets on a series of results, such as the prediction accuracy and the maximum difference between longitude and latitude.
2. In order to improve the performance of the LSTM algorithm model, improve the accuracy of the prediction results as much as possible and reduce unnecessary losses, the obtained ship longitude and latitude information is preprocessed in the selection of the training set, and then the model is trained for many times. By increasing the number of iterations and selecting the appropriate number of training templates, the training template with the best accuracy is obtained.
3. Use Python to run the training set and test set under tensorflow open source platform, and use tensorboard to realize the visualization of test points, so that the predicted value and test value can be compared more intuitively, so as to determine their accuracy and loss.
The main research results and innovations of this paper are as follows:
· The advantages of LSTM algorithm are verified by comparing the two algorithms of gray-scale algorithm and BP algorithm and the trajectory prediction results of LSTM model.
· In the case of no obvious average error loss, the best prediction accuracy is obtained, and the system performance is good.
The LSTM algorithm used in this paper is often used in the research of deep learning and neural networks, and in the research of ship navigation trajectory prediction, it has fully demonstrated its superiority in preserving historical information and achieved certain results. However, due to the limited research time and knowledge, the research on this algorithm is not deep enough. As for ship trajectory prediction and the LSTM algorithm, there are still many works that can be further promoted in the future. I have the following prospects:
LSTM has the characteristics of neural network, so it also has a good training ability for time series accuracy. In practice, the intelligent prediction of ships includes not only the navigation track but also the navigation time. If the navigation track and the navigation time of ships can be better predicted, the fuel consumption and the arrival time of ships can be further predicted, which is also very helpful for predicting unexpected accidents in advance.
In order to respond to the requirements of shipping enterprises for the management of operating ships, realize the prediction of ship trajectories, constantly optimize the prediction accuracy of ship trajectories, data set size requirements, error rate and other aspects of performance, which plays an indispensable role in improving navigation safety, ensuring the safety of goods and personnel, and achieving ship safety, environmental protection and economy.
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