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[bookmark: _Toc1696362403][bookmark: _Toc55849588]Abstract
The secret to effective urban traffic control and guiding is timely and precise traffic predictions. Traditional approaches frequently disregard geographical and temporal relationships and are unable to handle medium- and long-term forecasting jobs due to the extremely nonlinear and complex nature of traffic flow. In order to resolve the time series prediction problem in the traffic domain, a brand-new deep learning architecture called the spatio-temporal convolutional network is put out in this research. Convolutional neural networks as well as gated recurrent units are utilized for extracting spatial characteristics and time-dependent correlation features from trajectory information, respectively, and these features are subsequently employed to develop a vehicle density prediction method. Evaluating the period of time cycling of urban trajectory data, which may be employed with fewer variables to provide knowledge to the model such as the time cycle pattern of trajectory data that takes the shape of embedding vectors The rate of training has increased. Experiments demonstrate that our model regularly surpasses the state-of-the-art baseline on real traffic datasets and captures comprehensive spatio-temporal relationships by modelling multi-scale traffic systems. 
1. [bookmark: _Toc770009649]Introduction
An concept for a master's dissertation project is the main focus of this assignment. This will elaborate on the main pillars of the research program. The thesis will provide a general background on traffic flow prediction within the discipline of computer science and technology. The substantial research that has been conducted in the area will then be extensively reviewed to show why this research is crucial to the field of study. The project's technique will next be given and thoroughly examined in order to comprehend the anticipated results of the project idea. 
2. [bookmark: _Toc815713921]Background
Trajectory prediction is one of the key problems in traffic control and guidance systems. Trajectory prediction can be described as predicting the path that a vehicle will take when its trajectory route and the surrounding traffic environment are known for the past period of time. The solution to this problem can be applied to vehicle travel safety analysis, road safety assessment and infrastructure safety systems to provide collision warning in time . Solving this problem is also crucial for autonomous vehicles and Advanced Driver Assistance Systems (ADAS).
Trajectory data are similar to speech data and natural language data in that they are both time-series related. In recent years In recent years, many studies have applied various neural network models to trajectory data mining, e.g., Deo et al proposed a model based on Long Short-Term Memory (LSTM), which was designed to study the dependencies of neighboring vehicles in motion and has good robustness. Singh et al describe the trajectory of a vehicle as a sequence of states in a certain time interval, each state represents the vehicle's current Each state represents the current coordinates of the vehicle, thus transforming the vehicle trajectory prediction problem into a multi-scale Graph Neural Networks (GNN) with a temporal feature architecture, and experiments show that the model effectively captures the spatio-temporal correlation of track data. The experiments show that the model effectively captures the spatio-temporal correlation of the track data.
In addition to the above methods, recently proposed trajectory prediction models tend to combine different neural network models, and the trajectory prediction algorithm used in this paper belongs to this category. For example, Xie et al proposed an interactive multi-model trajectory prediction scheme that adjusts the weights of the models according to the prediction variance of each model. In the maneuver-based approach, a random element of uncertainty from a dynamic Bayesian network is brought into the trajectory of each vehicle. In the physics-based prediction model, the method uses a Kalman filter to improve the accuracy of the prediction. Experimental results show that the method is able to obtain more accurate predicted trajectories for relatively long prediction periods, but due to the long convergence time of its algorithm, its prediction results cannot be used to guide routing protocols that need to achieve efficient forwarding.Mo et al proposed a heterogeneous edge-enhanced graph attention network (HEAT) for simultaneous trajectory prediction for multiple different traffic participants, HEAT uses a specific type of encoder to extract the dynamics of a target from its historical state, and HEAT can also process and extract interaction features between targets. In addition, map features are shared among all targets by introducing an optional gate mechanism. Finally, the trajectories of multiple targets are predicted simultaneously.Simon et al proposed an almost fully automated neural network approach that predicts the destination of a cab based on the starting point of the cab trajectory and the associated metadata, and uses the Multilayer Perceptron Model (MLP) and the LSTM to prefix the trajectory and metadata, respectively data are labeled and output. The experiments show that the best model is a bidirectional neural network using recurrent. 
Kim et al proposed a vehicle trajectory prediction framework based on the combination of Recurrent Neural Network (RNN) and LSTM. The method uses RNN models to learn the complex motion behavior of vehicles from a large amount of trajectory data. This method uses RNN models to learn the complex motion behavior of vehicles from a large amount of trajectory data, and then uses LSTM to analyze the motion behavior of surrounding vehicles and predict the future coordinates. The scheme takes The solution inputs the vehicle coordinate sequences measured by sensors into the LSTM, and generates probabilistic information about the future locations of vehicles on a grid-divided map. Jazayeri et al proposed a new solution for trajectory prediction by combining elements of the prediction and control formulations. The whole solution is divided into two steps: the first step represents the vehicle trajectories as B-sample curves and trains a neural network model to predict the coefficients of these B-sample curves. The autoencoder is then used to generate candidate trajectories from these predicted coefficients. The second step uses inverse reinforcement learning (IRL) to rank the candidate trajectories and selects the trajectory with the highest reward value as the predicted outcome. In summary, in the existing studies of neural network-based prediction models, the model construction mostly relies on the time series features of the vehicle trajectories, while the spatial features of the trajectory data are ignored. Therefore, if we want to further improve the accuracy of the prediction results, the spatial features of the trajectory data should also be fully explored.
2.1. [bookmark: _Toc168267799]Aims and Objectives
There must be specific demands that take the shape of purposes and objectives for the project to be accomplished. The targets that are established to create the completion will help to achieve the overall goal. The goals of the paper can be established thanks to the investigation into the background finished in the prior study. 
. 
2.1.1. [bookmark: _Toc1988418341]Aim
In order to increase prediction speed and accuracy, the aim of this study is to examine and comprehend the history of traffic flow prediction and to construct a more creative network structure based on cutting-edge deep learning theories and algorithms.
2.1.2. [bookmark: _Toc206542573]Objectives
1. To survey current methods used for traffic flow forecasting and their evaluation metrics to build an understanding of the need for j traffic flow forecasting efforts
1.1. This will include a comprehensive and clear literature review within these areas to understand why this research is still relevant 
2. Build a traffic flow prediction network architecture based on the current more popular deep learning networks for faster and more accurate predictions  
2.1. This will take up most of the time of the paper as this is the focus of the application
3. Collect real traffic datasets for validating the soundness of the proposed network architecture to improve the application
3.1. This will take the form of information gathered from several papers to create the overall areas for development.
4. Examine and critically assess the test data gathered to identify methods to enhance accessibility and usability. 
4.1. This will be discussed critically in the final report to identify the project's strengths and areas for improvement.
3. [bookmark: _Toc1027450859]Literature Review
3.1. [bookmark: _Toc450581686]Convolutional neural networks
Deep learning network structures like the convolutional neural network (CNN) are mostly utilized in fields like image identification and natural language processing.Convolutional, pooling, and global layers make up the majority of CNN. The most crucial component of CNN for extracting is the convolutional layer. It does this by continuously convolutioning input data to the avatar of a certain sign and filters (such as convolutional kernels and convolutional rock structures). Higher dimensional features are obtained using the image's bureau features. The pooling layer, which is superior for picture and plane panning non-negativity, is primarily the next phase of acquisition based on the findings of the convolutional layer. It decreases a modest amount of data and processing while maintaining the primary information in the image. The last layer of CNN, the fully-connected layer, links all of the feature maps together to get the final classification outcome. In the meanwhile, the fully linked layer can use several common reform techniques, such the Droo ensemble. For the purposes of image classification and object understanding, CNN can extract the advanced characteristics of the picture step-by-step through the integration of numerous convolutional and pooling layers. When doing tasks like categorization, edge reasoning, and natural language processing.
Convolutional neural networks may successfully acquire the matching characteristics across an extensive amount of instances and skip the time-consuming feature extraction procedure by using the initial photograph as input. The fact that CNN can directly handle two-dimensional pictures has made it a popular tool for image analysis, and it has produced several research findings. The network uses a straightforward nonlinear framework to obtain higher-level characteristics from the source image with minimal assistance from humans.
Local perception and parameter sharing are two aspects of the CNN. Local perception is the idea that each neuron only has to observe a small portion of the image's pixels in order to function. Higher levels will then combine this local information to build the image's whole interpretation. The connections between the brain units in various layers are local, meaning that only part of the neural units in the layer above are linked to those in the layer below. Each neuronal unit only reacts to the areas that are part of its receptive field and has no interest in the areas that are not part of it. The trained convolutional kernel will respond to the spatially confined patterns of the input with the greatest strength thanks to this local connection pattern. By simplifying the network model and using fewer weights, the weight sharing network structure more closely resembles a biological brain network. The framework of networks is very resistant to tilting, scaling, translation, and other types of displacement. The original picture is also used as input by the convolutional neural network, allowing it to efficiently learn the correct features from an immense amount of samples and bypass the laborious feature extraction procedure.
3.2. [bookmark: _Toc899057280]Long short memory & Gated recurrent neural network   
The fundamental idea of LSTM, an RNN version, is found within the cell states as well as the "gate" architecture.  Information may be sent in a sequential order thanks to the analogy between cell states and information transmission pathways. It is what the network "memory" is made of. The required information may theoretically be sent during sequence analysis via the cell state. Thus, the consequences of short-term memory are circumvented since even knowledge from previous steps may be transported to cells at afterwards steps. Through "gate" structures, which are educated to understand the data to preserve or forget, information is included and withdrawn. Finds out what details ought to be saved or destroyed using the forgetting gate. The present input and data from the prior concealed state are supplied to the sigmoid function, which returns a value between 0 and 1, with a score closer to 0 indicating that the data ought to be destroyed and a score closer to 1 indicating that it ought to be preserved. Updates to the cell state are made via the input gate. The sigmoid function is first supplied with data from the preceding layer of hidden states as well as the current input. Important is indicated by the number 1. The tanh function is then used to generate a new vector of candidate values by receiving data from the preceding layer of hidden states as well as the present input.  The output of tanh is subsequently multiplied by the output of the sigmoid. Which data contained in the final product  of tanh is significant and has to be saved depends on the result of the sigmoid. Cell status, the forgotten vector is multiplied location by point by the cell state of the preceding layer. In the new cell state, the information is deemed destroyed if it has been increased by an amount that is near to 0. The new information discovered by the neural network is then updated into the cell state by adding this value point by point to the resulting value of the input gate. The newly updated cell state is now acquired. The value of the following hidden state, that includes the data from the prior input, is determined by the output gate. We first feed the current input and the prior concealed state to the sigmoid function, and then we pass the recently discovered cell state to the tanh function. The details that the concealed state should include is then determined by multiplying the outputs of tanh and sigmoid. The current cell's output is then the hidden state, plus the new cell state as well as the new hidden state are transmitted on to the following time step.
The GRU neural network model, which Chung et al. presented in 2014, is a condensed version of the LSTM. GRU's benefit is a quicker learning curve, which enhances network performance. While the GRU neurons employ a hidden state alongside merge the LSTM's forget followed by inputs gates into a single update gate, the LSTM and GRU neurons function similarly. Additionally, the GRU merges latent states alongside neuron states into a single state. As a result, there are half as many goals in the GRU as there are in the LSTM. The update gate together with the reset gate are the two GRU gates. The update gateway is in charge of figuring out how much data has to be sent from the old hidden state to the new hidden state. The information flow is managed by the reset gateway, which also chooses how much data is lost during a concealed state change.
Advantages of LSTM over GRU: the structure is not simplified, the number of parameters is larger, and the fitting effect may be slightly better. Disadvantages of LSTM over GRU: LSTM has one more gate than GRU, the number of parameters is larger, the training cost is higher, and the risk of overfitting is greater. In fact, there is no definite result between the two, which is related to the actual data. However, the advantages and disadvantages of the number of parameters and training time are very obvious, which is the original purpose of GRU. In addition to new structures, improvements made on LSTM and GRU are also emerging. For example, the Oral paper Mogrifier LSTM of ICLR 2020 is a slight modification of the normal LSTM, so that the input and state first undergo multiple rounds of interaction before being fed into the LSTM to participate in the operation. The model modification looks simple, but the gain is significant, and the result exceeds the previous SOTA model. The motivation is that context-independent input representation may be a bottleneck in LM, and allowing this input to fully interact with the previous state before feeding it into the LSTM may improve the results. In addition to new structures, improvements on LSTMs and GRUs are coming out of the woodwork. For example, the Oral paper Mogrifier LSTM from ICLR 2020 is a slight modification of the normal LSTM, so that the input and state first undergo multiple rounds of interaction before being fed into the LSTM to participate in the operation. The model modification looks simple, but the gain is very significant, and the result exceeds the previous SOTA model.
3.3. [bookmark: _Toc760764668]Embedding
 Embedding is the operation of mapping discrete objects or objects (e.g., words, phrases, pictures) in the objective world to a feature space. embedding vectors are continuous and dense high-dimensional vectors in the mapped feature space. In machine learning scenarios, we often use embedding vectors to describe objects in the objective world. embedding vectors are not the result of simple numbering of objects, but the product of abstracting and encoding features of objects while maintaining similarity invariance as much as possible. Through continuous training, we can map objects in the objective world into a high-dimensional feature space without distortion, and use these embedding vectors to perform classification, regression, and prediction operations.
Embedding is the method of "representing" an object with a numerical vector. An "entity object" can be an image, word, etc., and the "numerical representation" is a coded vector. For example, a three-element vector like (R, G, B) is used to encode a solid object like "color". embedding can also be understood as the projection of a discrete object onto a point in a continuous space. The numerical embedding vector itself is meaningless, it is the relative relationship between the different vectors that has practical meaning. For example, the most basic word embedding in NLP is to give each word an N-dimensional encoding vector (or to project each word into N-dimensional space), and we expect this encoding to satisfy the property that the smaller the "distance" between two vectors, the closer the meaning of the two words. For example, using the Word2vec model to map words into a high-dimensional space, the vector from king to queen and the vector from man to woman are exceptionally close in both direction and scale.
A helpful tool for handling few characteristics is embedding. Due to the large number of category as well as ID-based features in the recommendation situation, a significant amount of One-hot coding is going to result in highly limited sample feature vectors, along with the structural characteristics of deep learning aren't supportive to the handling of sparse feature vectors, consequently nearly every deep learning models of suggestions will have the Embedding layer tasked with turning sparse high-dimensional feature vectors toward dense low-dimensional characteristic vectors.
An incredibly significant feature vector in and of itself, embedding may merge a lot of vital information. Embedding is capable of incorporating nearly any data for encoding, so it incorporates a lot of useful data itself. As a result, the Embedding vector generated through pre-training is a very important component of the embedded feature vector, which is more expressive than the feature vector obtained by direct processing of the original information. An essential feature vector in and of itself is the Embedding vector produced by pre-training.
The end-to-end approach is to use the Embedding layer as part of the neural network and update the Embedding at the same time as BP updates the parameters of each layer. The advantage of this approach is to make the training of Embedding a supervised way that can be well associated with the final target, so that the Embedding is in the same meaning space as the final target . However, the disadvantage of this approach is also obvious: the addition of the Embedding layer slows down the convergence of the entire neural network due to the large dimensionality of the input vector. Most of the training time and computational overhead is taken up by the Embedding layer. Because of this reason, "for those scenarios with more demanding time requirements, Embedding is best done in a non-end-to-end, i.e., pre-training, manner."
Because the dimensionality of one hot encoding corresponds to the entire amount of items, for illustration, the dimensionality of one hot encoding for Ali's merchandise is at least 10 million, we frequently use one hot encoding in traditional machine learning model construction to encode discrete features, particularly id-like features. Even the encoding of a user's browsing history using multi-hot encoding will result in a highly sparse vector since such encoding is incredibly sparse for commodities. Additionally, deep learning is undesirable for sparse feature vectors for both technical and deep learning characteristics concerns. Consequently, if objects could be represented as a low-dimensional dense vector and then supplied to the DNN, it would naturally be an effective fundamental process.
4. [bookmark: _Toc54140838]Methodology
The importance and necessity of traffic density forecasting is very high. First, traffic density prediction can improve the probability of traffic guidance, patrol and command of command hitches and events by predicting vehicle flow and congestion. Secondly, it can improve the accuracy and efficiency of layer transportation, provide the basis for urban planning and resource allocation, and provide better traffic travel experience and service. Finally, it can also provide data to support the construction and development of intelligent market of smart city. The prediction of each vehicle's travel path in an urban environment will lead to excessive time complexity and the training difficulty of the model will rise. Therefore, this paper focuses on the prediction of vehicle density in the region, which not only can effectively reduce the training time, but also can reduce the impact of the high mobility of vehicles on the overall prediction results. Inspired by the fact that the vehicle distribution in urban areas shows a certain change pattern over time, we divide the time into time periods and combine CNN and GRU to obtain the vehicle distribution in each area at each time period. After the prediction of vehicle density is completed, the prediction results are sent to people, so that advance planning can be done to reduce traffic congestion and traffic pressure. In this process, the accuracy of the vehicle density prediction algorithm is crucial, because more accurate prediction results can greatly improve the accuracy of inter-regional traffic conditions and thus improve travel efficiency.
The proposed vehicle density prediction model is divided into two main parts: spatial feature extraction module and temporal feature extraction module, as shown in Figure 4-1.
[image: 截屏2023-04-23 17.07.59]
Figure 4-1 Framework of vehicle density prediction algorithm based on traffic cycle law
4.1. [bookmark: _Toc1559481585]Spatial feature extraction of trajectory data
In this paper, we find that the vehicle density in a single region has a high probability of being similar to the vehicle density in the nearby region through the analysis of the trajectory data, which is consistent with the first law of geography [53] that "things in close proximity are more closely related" and can be regarded as the spatial characteristics of the vehicle density. Therefore, the vehicle densities of nearby areas can be used as a complement to the vehicle density of the current area, thus forming a two-dimensional matrix to represent the characteristics of the vehicle density of the current area, and the feature vector of the current area is obtained by feature extraction of this matrix. If the whole city map is regarded as a black and white image, and the density of vehicles in each area is regarded as the gray value of the image, then the spatial feature extraction of trajectory data can be analogized to the extraction of image features by two-dimensional neural networks, which is the basic idea of spatial feature extraction in this paper.
In this paper, the spatial feature extraction of trajectory data can be performed in three steps. The first step is to pre-process the city map to avoid errors. The second step is to deconstruct the city map into multiple components, each component represents a specific city map feature and reduces the dimensionality of the data. The last step is mainly responsible for collecting information related to the city map and classifying the city map into available output labels,where the fully connected layer helps the model to classify the city map, the activation function is responsible for nonlinearizing the output of the convolutional layer, the pooling layer reduces the spatial dimensionality by downsampling, and the convolutional layer is responsible for collecting specific targets in the feature space of the city map.
4.2. [bookmark: _Toc169087460]Temporal feature extraction of trajectory data
In this section, firstly, the real life trajectory of vehicles in the city is analyzed based on GPS data to determine the historical vehicle trajectory data with a strong temporal sequence. Figure 4-2 shows the statistical results of the number of GPS points in a week in the commercial area next to the railway station in Xi'an. From the figure, it can be seen that the pattern of vehicle density changes with time is basically consistent with the work and rest of the city residents, and the change pattern is mainly divided into two aspects: different days in a week and different time periods in a day. These two points should be considered when using GRU to complete the time-dependent feature extraction of the trajectory data.
[image: 截屏2023-04-23 17.28.41]
Figure 4-1 Trend of the number of GPS points over time
GRU autonomously extracts features from a prepared vehicle trajectory dataset and generalizes and captures them to determine a deeper and more abstract feature matrix to mine the time-dependent features of the trajectory data.The efficiency of GRU depends on the weights of the update and reset gates, and the optimization of the hyperparameters [23]. In addition, GRU can capture and generalize deeper features in the trajectory data by embedding sparse vectors in low dimensions. From the above analysis, the basic pattern of vehicle density in urban areas over time can be transformed into a sparse vector, and GRU can extract the time-dependent features of the trajectory data at a deeper level by embedding and encapsulating this feature vector.
Based on the above analysis, the proposed vehicle density prediction algorithm transforms additional information representing urban traffic cycle patterns into embedding vectors, which helps GRU to extract trajectory data features more fully. The additional information includes Day ID, Time ID, Region ID and Street ID, which represent the different days of the week and the time period of the current time respectively, and help the prediction model to extract the time-related features of the trajectory data, while the Region ID and Street ID represent the vehicle distribution patterns of the city over time. ID and Street ID represent the area where the vehicle density data is located and the number of the street where it is located, respectively, and these two additional information are complementary to the geographically relevant information.
5. [bookmark: _Toc732075239]Results
In this paper, experiments are conducted using the vehicle trajectory dataset from the Xi'an Second Ring Road area for November 2016 from the Drip Express platform, which is derived from the Drip Gaia dataset. 70% of the experimental dataset is used as training data and 30% as test data, and the performance of the vehicle density prediction algorithm will be measured using MAPE and RMSE. Before comparing this vehicle density prediction algorithm with other algorithms, two important values need to be determined: the time step of GRU and the number of adjacent regions selected for extracting spatial features. This section first discusses the impact of these two important parameters on the proposed prediction algorithm before comparing this vehicle density prediction algorithm with other algorithms. The predicted results of vehicle density are shown in Table 5-1.
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Table 5-1 Experimental comparison
6. [bookmark: _Toc1054728210]Evaluation
(1) The GRU outperforms the MLP for data with time-series features since the GRU can maintain and exploit time-series information sharing. The MLP neural network is employed in the experiment to forecast vehicle density, and when we compare its prediction outcomes with the GRU alone, we discover that the GRU beats the MLP.
(2) RNN has the lowest possible level of prediction accuracy while processing trajectory data because it cannot solve the long-term reliance issue on its own. The experimental findings show that GRU alone performs much better than RNN, proving that exploiting the traffic cycle pattern in vehicle density data may be used to forecast vehicle density with high accuracy.
(3) When contrasted with GRU alone, combining CNN and GRU for extracting spatial and temporal data characteristics can train better models and yield superior experimental outcomes. This suggests that exploiting the geographical aspects of the data might help improve the accuracy of vehicle density forecast.
(4) Combining CNN, GRU, and Embedding yields the greatest experimental results, with the Embedding layer representing the embedding vector translated into urban traffic patterns. The experimental findings suggest that the vehicle density prediction algorithm described in this study outperforms other current approaches as well as has a positive influence on forecast accuracy.
7. [bookmark: _Toc1487003132]Conclusion
The vehicle density prediction method in this chapter is built using CNN alongside GRU, with CNN as well as GRU extracting spatial and temporal data, separately. In accordance with the first law of geographical location, the algorithm evaluates the relationship of vehicle density between adjacent areas, incorporates it with the general principle of vehicle distribution in the metropolitan area, fully capitalizes and makes use of the spatially correlated nature of vehicle density data, and finally incorporates the temporal cycle law of vehicle density data into the algorithm in the form of embedding vectors to improve the extraction of temporal as well as spatial features of the trajectory information.
GRU uses a six-step temporal step, and two nearby areas are chosen at random to extract spatial data. The suggested technique is subsequently contrasted and investigated with other current techniques, along with the experimental findings demonstrate that the best results are obtained after integrating CNN, GRU, and Embedding. This suggests that the vehicle density prediction algorithm proposed in this paper has better prediction results than other models and has a positive impact on This demonstrates that the suggested algorithm performs better predictions than other models and has a positive impact on increasing prediction accuracy.
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