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[bookmark: _Toc145694966]ABSTRACT
With the rapid growth of people's travelling needs and the surge in the number of vehicles in recent years, the increasingly serious traffic problems have brought great impact on people's lives and even life safety. In order to cope with urban traffic problems and improve people's travelling efficiency, traffic prediction has become a hot issue in the field of intelligent transportation and has been widely studied. Traffic prediction is a complex problem with the influence of multimodal factors, especially related to real-time road conditions. Existing works are increasingly considering the impact of exogenous factors on traffic conditions and evaluating the rich information contained in trajectories, however, many of them are not comprehensive enough to consider the impact of multimodal influences, and real-time traffic conditions are difficult to obtain, while lacking the full exploitation of the spatio-temporal dependence between road features and vehicle trajectories. Therefore, this paper comprehensively considers exogenous traffic events, traffic violations and trajectory data, etc., and conducts research on traffic prediction based on traffic data and microblog research proposal with multimodal learning as the research method.
This paper introduces the concept of traffic prediction and conducts research on traffic prediction based on traffic data and microblog research proposal for traffic events, traffic violations and weather that may affect the travel time.The real-time traffic events, obtaining the locations corresponding to traffic events through named entity recognition, and subsequently connecting traffic event data, traffic violation data, weather data and road main road data with the help of multimodal learning, and feature extraction of multivariables based on hybrid convolution and time-invariant attention, so as to combine the multimodal exogenous influencing factors and to extract the complex relationship between spatio-temporal multivariables in order to achieve more accurate traffic prediction Results. By comparing and analysing with several baseline methods on real data, it outperforms the comparison methods in terms of MAPE, MAE and RMSE. 
Keywords: Mulitmodal, Traffic Prediction, Intelligent Traffic.
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[bookmark: _Toc145694968]INTRODUCTION 
With the booming development of urban road transport systems and the improvement of people's living standards, the number of motor vehicles continues to increase. As a result, traffic congestion has become a worldwide urban disease. Traffic congestion not only affects the normal commuting and travelling of residents, but is also highly conducive to other problems. For example, vehicle scrapes; growth in traffic accidents; and more time on the road, late and out-of-control schedules. Therefore, traffic forecasting is important for all aspects of people's daily lives. In addition, the role of traffic forecasting for urban traffic control and management systems cannot be underestimated. Accurate traffic forecasts can provide travellers with travel guidance, avoid congested road sections and improve the overall operational efficiency of urban road networks.
In recent years, due to the booming development of science and technology, people can make more use of the traffic network and management resources to establish Intelligent Transport Systems (ITS) to ease traffic flow and solve urban road traffic problems. In ITS, road traffic prediction is the basis of its research content as well as an important component, which is very important for traffic control systems and traffic management systems. It is usually affected by weather, road conditions, urban events, holidays and other factors. Traffic prediction is a very representative and challenging sequence learning and data mining task, which is considered as one of the most important indicators of the level of service of a road network, and is often used to quantify the efficiency of Advanced Traffic Management Systems (ATMS) and ITS, e.g., route guidance and congestion avoidance applications.
Specifically, accurate and reliable travel prediction is important for traffic management and planning in urban environments [1]. It provides road users with pre-trip information that enables them to make informed decisions about traffic patterns, departure times and route choices when planning a trip [2], and also reveals congestion-prone locations on the road network, enabling transport agencies to improve road transport efficiency [3]. It is an essential component in the deployment of ITS, especially Advanced Traveller Information System (ATIS). It is used for many location-based applications in smart cities such as trip planning [4], vehicle scheduling [5], route searching [6], etc. At the present time, ITS looks like a reasonable choice for solving traffic problems on urban road. In ITS, traffic prediction is fundamental and plays an important role in its research. For management, scientific and accurate prediction methods help to control and manage areas where congestion may occur in the future, thus avoiding congestion as much as possible and ensuring safe driving and efficient operation of vehicles. For travellers, traffic prediction results can be provided to a given traveller to help them make a reasonable plan based on the purpose of travel and future traffic conditions to avoid travel congestion. Road traffic prediction can effectively strengthen the links between vehicles, roads, users and management, thus improving traffic efficiency, maximising the capacity of the road network, solving traffic congestion problems, reducing the number of prtraffic accidents, and preventing environmental pollution. Therefore, the study of urban road traffic prediction has important theoretical value and practical significance.
However, task travel prediction usually involve a large amount of spatio-temporal data and are affected by a variety of factors, such as route distance, when the route distance grows, the likelihood of uncertainties along the route increases, such as the length of the route and the number of road intersections, the probability of traffic accidents, traffic control, and urban events, etc.; road capacity, when the road capacity is small, the occurrence of traffic accidents or other events will cause the road to stop completely and the travel time increases, while when the road capacity is large, even if there is a traffic accident or closure of several of the lanes can continue to pass, the travel time affected by the smaller, relatively short; road intersections, the number of red lights at road intersections will also extend the travel time; real-time traffic conditions, which will inevitably increase the likelihood of congestion and lengthen travel time if there is a large volume of traffic at that time; different external factors (weather, holidays, etc.), when poor weather such as rain, snow, and other weather or even extreme weather such as typhoons and rainstorms, or centralised holidays will increase the volume of traffic and lead to an increase in travel time; urban events (parades, concerts, etc.), sports games, parades, concerts, and other urban events can gather large crowds at the same location in a short period of time, resulting in roads being occupied by the crowds, reducing road capacity and potentially increasing traffic volumes, lengthening travel times; and a number of other complex mobility behaviours. These influences are inherently uncertain and pose significant challenges for travel prediction. Therefore, travel prediction in urban road networks is a challenging topic.
In the research field of travel prediction, in recent years, some path-based travel prediction methods and trajectory-based travel prediction methods have been proposed mostly based on deep learning models to study travel time estimation. And there are few relevant studies that consider the impact of events occurring in real time on travel prediction. In order to take urban events that affect the traffic situation into consideration, the author focuses on social networks. Social networks are defined as web-based systems (dedicated websites or other applications) that allow users (individuals) to create public or semi-public documents and communicate with each other within the Internet by posting information, comments, messages, videos, etc., e.g., weibo in China, Facebook, Twitter, etc., abroad. The booming development of the Internet provides technical support for social networks, the booming development of smart electronic devices such as personal computers, smart phones, platform computers and other smart electronic devices that support the Internet to send and receive data smart mobile devices for the use of social networks laid the equipment to ensure that more and more people are inclined to share what they see and hear on social networks. Mining textual content on social networks to extract relevant data and useful knowledge has become a ubiquitous task in the last decade. One of the common applications of text mining is event extraction, which is considered a complex task divided into multiple subtasks of varying difficulty.
Obtaining timely traffic information from social networks is not only conducive to constructing traffic prediction models for urban road traffic flow data, but also to extracting and analysing data related to traffic events on social networks, which helps to achieve the goal of improving the accuracy of traffic prediction. In addition, in order to compensate for the randomness of social platform data, the author believes that it is best to prepare some other datasets at the same time. In terms of external factors affecting travel time, in addition to those usually considered by researchers, such as weather, departure time and drivers' driving habits, there is another factor that can easily be overlooked - traffic violation. Traffic violation can cause traffic jams and possibly accidents to a certain extent, thus affecting the traffic forecasts.
This paper focuses on the travel prediction problem, with the objective of further improving the accuracy of travel prediction from three aspects, namely weather, traffic accidents and traffic events, which have fewer related studies, based on existing research. It is expected that traffic events will be collected from social media platforms and combined with the weather and traffic accident datasets, and combined with the existing classical algorithms for travel prediction based on deep learning models, in order to further reduce the influence of uncertain and random factors, and to improve the accuracy of travel prediction.
The results of this paper can provide information support for traffic designers as well as managers, and provide travellers with guidance information, thus reducing the occurrence of traffic congestion and the chance of traffic accidents. Currently, most of the studies on travel time estimation are built on the basis of deep learning models using inherent trajectories or paths, which lacks the consideration of traffic uncertainty. In addition, considering the massive use of the Internet and social platforms worldwide, this paper collects traffic information from social platforms to fill the gap of real-time and uncertainty. The specific operations are as follows.
a) Crawling traffic situation information from social platforms such as Twitter and Facebook by web crawler techniques. 
b) Decomposing sentences by Natural Language Processing (NLP).
c) Match the decomposed names with the toponymic database to get the latitude and longitude, which are mapped onto the map.
d) Instantly adjusting the travel time estimation results by combining the time when the message is sent or the time contained in the message.
Traffic events extracted from social networks not only alert traffic travellers to avoid the relevant road sections in advance, speed up the traffic police's handling of traffic accidents and congestion that have already occurred, but also increase the sources of data that can be used to compensate for travel prediction algorithms and improve the accuracy of prediction results.


[bookmark: _Toc43040066][bookmark: _Toc145694969]LITERATURE REVIEW
With the advancement of technology and the popularity of mobile-only devices, moving objects such as pedestrians (even including some pets) and vehicles generate huge amounts of mobile data. In recent years, the research on travel prediction problem is usually based on the existing traffic data to predict the travel time from a certain place to a certain place at a certain time, which can be roughly divided into trajectory-based methods and path-based methods. Among them, mining for long-term mobility patterns focuses more on the correlation between historical and expected mobility patterns. This is because this is often combined with semantic information such as check-in points. This type of research is often applied to travel time estimation, understanding of people's lifestyles, and recommendations for travel purposes.
The research in this paper focuses on travel prediction, i.e., predicting the exact travel time of a moving motion subject. In order to improve the accuracy of travel prediction, theoretically, the more perfect the influencing factors considered in making predictions of travel time, the better. However, the real world changes rapidly, and considering all the influencing factors is difficult to achieve. To remedy this problem, this paper introduces weather, traffic violation dataset and traffic event datasets to increase the accuracy of prediction through multimodal exogenous data. In this chapter, I will provide a systematic literature review on both traffic prediction and multimodal.
[bookmark: _Toc145694970]Traffic Prediction
With the continuous development of satellites and GPS devices, a large amount of trajectory data has been accumulated, which provides a large amount of data support for trajectory detection, destination prediction and travel prediction.
Many classical mathematical models of time series have been applied in this field at an early stage. ARIMA (Autoregressive Integrated Moving Average Model) is a classical but fruitful mathematical model for time series forecasting, which can also be introduced to travel prediction. Guin [7] firstly proposed an ARIMA-based method to predict future travel times using historical travel time data. Similarly, an ARIMA-based travel prediction model [8] was deployed on the Minnesota State Highway. Besides, some improved versions of ARIMA were used in some tasks. he was combined with the context of spatio-temporal events [9] and spatial features of the road network [10]. In addition, some data-driven statistical learning models have been introduced into the field, especially some integrated regression tree models [11, 12, 13, 14]. These integrated statistical learning models can extract diversity features from historical data. Although these traditional methods are simple, intuitive, and computationally small, it is still limited by the smoothness of the data itself, which restricts the improvement of model accuracy. In other words, it is difficult for mathematical models to handle non-linear data. In order to estimate travel time from some nonlinear data, some traditional machine learning methods have been proposed. Gradient-propelled regression tree is a scalable method that automatically processes features in the raw data and optimises the objective function by the most rapid descent method [14, 15, 16, 17]. Much previous work has also integrated multivariate regression trees to capture nonlinear and diversity features, which has been applied to travel prediction problems [11, 12, 13]. However, these methods rely on experienced data feature engineering, which makes it difficult to learn effective features from complex multi-source heterogeneous data. In recent years, deep learning models have emerged as effective methods for spatio-temporal learning and inference.
And with the practical application of artificial neural network methods on big data, their powerful feature extraction and learning capabilities can also be transferred to the task of travel prediction. Duan et al [18] applied a variant of LSTM will RNN model to GPS data for predicting travel time. Li et al [19] proposed a multi-task CNN based representation learning model for urban travel time prediction . To capture both spatial and temporal correlations, Shen et al [20] used CNN-LSTM for travel time prediction on sparse trajectory data. Wang et al [21] proposed an end-to-end estimation model that uses geographic convolution to capture spatial features in GPS sequences, and then learns the temporal patterns using LSTM to estimate travel times. Zhang et al [22] and Fu et al [23] organised urban areas into grid maps to efficiently capture spatio-temporal representations using a hybrid CNN-RNN model. In order to make the estimation more accurate and have a better match with the road network, deep learning models based on graph neural networks started to evolve gradually. Fang et al [24] used a graph-based deep framework for travel prediction for the first time. Wang et al [25] combined graph attentional networks and RNN models to propose a spatio-temporal representation learning module, which considers both multiscale static and dynamic structures and also employs an efficient self-attentive model converter for multi-task learning of travel prediction for remote trajectories. Liu et al [26] proposed a graph-based multistep dependency framework that takes multiple historical time steps as inputs for each time unit to support general spatial temporal prediction applications by seamlessly integrating graph-based neural networks with multistep dependencies. Li et al [27] exploited and extracted various spatial correlations between different regions by fusing spatial, semantic and spatial-semantic graphs to modelling spatio-temporal correlations in traffic networks.
Meanwhile some path-based travel prediction methods were proposed. Badrestani et al [28] used a matrix decomposition technique to estimate travel times, which can estimate travel times for all roads at different time intervals. Prokhorchuk et al [29] utilised a Bayesian network and devised a framework combining Gaussian connectivity functions and network inference, which can be used to estimate travel times from sparse GPS measurements to infer the distribution of travel times. Meng et al [30] introduced a likelihood function and estimated the most probable traffic delays for each road section, including relief times and stopping times at signalised intersections, by maximising this function. In some works [19, 31], each road is represented as a vector that reflects the neighbourhood of the road through vector correlation, and the travel time is obtained by combining other features through multi-task learning. The segmented calculation method of travel time is intuitive, but the error increases with the increase of travel length. They do not match the road network to a specific track and do not consider other roads beyond the track.
Some other trajectory-based travel prediction methods have been proposed. Some of them use only OD pairs (Origin-Destination) without considering intermediate points and estimate the travel time by nearest neighbour matching [32]. Wang et al [33] added other factors to OD pairs and proposed a WDR (Wide-Deep-Recurrent) learning model containing traffic information, which is used by a traffic estimator during the obtained during feature extraction and then an integrated regression model consisting of a wide linear model, a deep neural model and an LSTM was used to estimate the travel time. Fu et al [23] plotted the paths as a series of generalised images and utilised the power of the convolutional neural network model to process the images. They designed a new 2D CNN that extracts the spatial patterns of straight lines in the images by regularisation and employing a multi-pool approach, while applying the 1D CNN to capture temporal patterns in the spatial patterns along the paths for estimation to obtain the travel time. Fang et al [24] used ConSTGAT network to integrate contextual information about the traffic conditions and tracks to estimate travel time. Xu et al [34] used a multi-task learning model MTLM to integrate transport mode recommendation and travel prediction to recommend suitable transport modes and estimate travel times. Yuan et al [35] enabled DeepOD to embed road segments, time periods and other features and estimated travel times by embedding spatio-temporal representations of vectors and trajectories.
[bookmark: _Toc145694971]MultiModal
[bookmark: _Hlk145548469]Modal refers to the way things happen or are experienced, and a research question is characterised as multimodal when it includes multiple modes of data sources. In order for AI to make progress in understanding the world around us, it needs to be able to be able to interpret and reason about multimodal information. The aim of multimodal machine learning is to build models that are able to process and relate multimodal information. Multimodal data i.e., problem solving using multiple datasets typically consisting of multiple modalities, each with different representations, distributions, scales and densities [36]. For example, textual data is usually represented as discrete sparse word count vectors, and images are represented as pixel densities or outputs of feature extractors. The world is a whole composed of many elements, and the development of each thing is affected by a variety of influences. The use of one particular modal of information alone does not fully and effectively reveal the characteristics of things, and there is often the relationship of complementary information between multimodal information. In other words, significant dependencies are usually hidden in the multimodal information, which can restore the real scene with higher accuracy. Therefore, multimodal deep learning considers capturing patterns hidden in multimodal information from multiple dimensions to enhance the understanding of the real scene. More and more researches are adopting multimodal-based deep learning methods to solve real-world problems, and Ngiam et al [37] first proposed a multimodal-based modality-based deep learning approach. Wöllmer et al [38] used a multimodal machine learning architecture to construct a deep neural network for processing sentiment classification by superimposing a long and short-term memory network. Su et al [39] proposed to solve the machine translation task with multimodal unsupervised learning, which achieves semantic correspondences and fusion by connecting cross-language corpora. Currently, the research on multimodality focuses on the fine-grained representation of multimodal samples, multimodal fusion frameworks, and unsupervised multimodal learning methods.
[bookmark: _Hlk145548756]Given the heterogeneity brought about by multimodal information, a property of obtaining data from many different modal information channels, multimodal learning mainly consists of five core challenges: representation, translation, alignment, fusion and co-learning. These five challenges are the core issues in multimodal scenarios and are crucial for the development of the field [40].
In the study of spatio-temporal mining tasks, in addition to the spatio-temporal data under study, there are usually some other types of data that are highly correlated with the spatio-temporal data, and thus multimodal learning is gradually being applied to the field of spatio-temporal mining. Fusing these data with spatio-temporal data usually improves the performance of various spatio-temporal mining tasks. Since urban traffic data is highly correlated with many external environmental factors (e.g., weather, holidays, social events, and hours of the day), the design of deep learning models should carefully consider how to fuse these different modal external features with traffic-related spatio-temporal data through multimodal learning [41, 42]. Some recent work has attempted to use multimodal learning approaches in the spatio-temporal domain, i.e., fusing spatio-temporal data and other types of data into a deep learning architecture to jointly learn the features of these data and capture the correlations between them [41, 42, 43, 44, 45, 46]. In general, there are two popular ways to fuse multimodal data when applying deep learning models for spatio-temporal mining, i.e., raw data-level fusion and latent feature-level fusion.
[bookmark: _Hlk145549274]For fusion at the raw data level, multimodal data are first fused and then fed into a deep learning model for feature learning. Chen et al [41] collected rich multimodal data including human mobility data and traffic accidents in order to investigate how human mobility affects traffic accident risk. A stacked noise reduction self-encoder model is proposed to learn hierarchical feature representations of human mobility data and use the feature representations to predict traffic accident risk levels. Yuan et al [46] propose the use of Convolutional LSTM (ConvLSTM) for traffic accident prediction. This work used a multimodal representation and alignment approach, where the area under study such as a city is divided into grid cell regions of equal size, and then various features including traffic volume, road conditions, weather and satellite images for each cell region are extracted and mapped to the corresponding cell region. Considering the number of traffic accidents and the features extracted from each cell area as inputs to the model, a Hetero-ConvLSTM model was proposed to predict how many accidents will occur in the future for each cell area. Cheng et al [43] proposed the ADAIN model, which uses a multimodal representation and fusion approach that fuses the urban air quality information from monitoring stations and the urban data including points of Interest (POI), road networks and meteorology for inferring fine-grained urban air quality in a city. Air Quality Index (AQI) data and urban data including road network, POIs, and meteorological data are fused together by linking their features, and then all the features are fed into the FNN and RNN models for prediction.
For fusion at the latent feature level, different types of raw data are first fed into different deep learning models to learn the latent feature representations separately, and then a feature fusion component is designed to fuse all the latent features together. Liao et al [42] extended the residual neural network and proposed the ST-ResNet to collectively predict the inflow and outflow of crowds in different areas of the city. The ST-ResNet fuses potential features from two types of data, namely crowd flow in the city and external environment, including weather and festival events, through a multimodal fusion approach. Two components were designed to learn the potential features of external features and crowd flow data features respectively, and then the feature fusion function  was used to integrate the potential features of the two types of learnt features. Yao et al [44] designed a Deep Multi-View Spatio-Temporal Network (DMVST-Net) to combine the multimodal data for the forecasting of the taxi demand. The DMVST-Net was designed to integrate the three different modal data: temporal view, spatial view and semantic view. CNN and LSTM are used to learn potential features of spatial and temporal view data respectively. Web embeddings are used to learn semantic associations between different regions. Finally, the potential features of the three views are fused together by a fully connected layer for prediction of taxi demand.
In the era of big data, multimodal spatio-temporal datasets are increasingly widely used in many fields, such as neuroimaging, climate science and urban traffic. How to effectively fuse these datasets together using deep learning models to better fulfil various tasks is less studied. Multi-modal traffic data of a city, including taxi trajectory data, bike-sharing travel data and public transport boarding and alighting data, can reflect urban crowd movement from different perspectives. Fusing them together for analysis, rather than analysing them separately, can provide a more comprehensive picture of underlying movement patterns and make more accurate predictions. Although there have been some recent attempts to try to apply deep learning models to migrate knowledge of people movement data between different cities, how to fuse multimodal spatio-temporal datasets with deep learning models is still understudied and requires more research attention in the future.


[bookmark: _Toc145694972]RESEARCH METHODOLOGY
[bookmark: _Toc145694973]Preliminary
It is clear that outside of the spatial and temporal characteristics of urban transport, numerous exogenous factors exist that may have a greater or lesser impact on traffic and journey times. For example, it is clear that rain, heat, cold, high winds and even other weather extremes can cause people to be less inclined to enter the open-air scene, and thus to forgo walking, cycling and public transport that requires travelling to a stop in favour of travelling by car or taxi. Traffic events can similarly affect traffic conditions. For example, concerts by superstars (e.g. Michael Jackson, Taylor Swift) will attract a large number of fans and passers-by, with the potential to block the road, and a parade will take up space on the road, thus reducing road capacity. In addition, traffic accidents also have a more significant impact on traffic congestion in a particular area. Traffic violations such as backtracking, U-turns and even accidents can slow down the normal flow of traffic, increasing the likelihood of congestion and lengthening the travelling time. Furthermore, there is no doubt that the driving habits of drivers have an impact on travel time. Figure 1 explicitly shows the travel times of a number of orders with similar trajectories and order lengths, travelling past the section where the accident occurred and travelling past the section where the accident did not occur, and it can be seen that traffic accidents do have some impact on travel times. The reason for this is that the road section where the traffic accident occurs may cause road congestion, affecting the time it takes for vehicles to pass through that road section. This means that if some relationship between traffic events, traffic accidents and traffic forecasts can be unearthed, it may be possible to increase the accuracy of traffic forecasts.
[image: D:\Tencent Files\827544392\Image\C2C\USYPM~19F{SJUM38S35N{)S.png]
Fig. 1. An actual travel time comparison concerning whether the travel process has encountered traffic violations in a case with the same trajectory length and similar road segment compositions. It can be seen that the travel time of a vehicle increases to varying degrees when encountering traffic violations on its way.
However, traditional machine learning methods [47, 48, 49, 50] are small in scale and can only mine the linear relationship between the features of interest, making it difficult to capture high-dimensional spatio-temporal features, and also fail to mine sudden changes in road conditions caused by traffic events and traffic villations, which is not as accurate as deep learning models. This motivates us to consider deep learning based approaches. Previous deep learning based models [51, 52] are large in scale for this problem and only produce reasonable performance when the hyperparameters are tuned to perfectly fit each dataset. This is because the goal of a single multivariate model is to predict all target variables simultaneously, where the number of variables varies with the dataset and can change from a few to as many as hundreds. Therefore, simple univariate models [53, 54, 55] are preferred over multivariate models in many cases due to their robustness and consistency. In summary, previous models in related fields have suffered from multiple limitations to achieve high accuracy in multivariate prediction. AttnAR [56] proposed a hybrid attention and time-invariant attention mechanism based on basic self-attention, the latter of which can learn a time-invariant attention graph with interpretability through the intrinsic properties of the variables, and achieved very promising multivariate prediction task Results.
[bookmark: _Hlk145556184]Meanwhile, some existing work [57] has shown that nesting urban road network information into a model is very effective for the travel prediction task, but given the complexity of graph-based GNN methods and the difficulty of obtaining urban road network information, we would like to have a simpler way of capturing to some extent even in the absence of a complete connectivity map of the urban road the impact of road traffic information on the travelling time estimation task. By looking at the open datasets provided by existing ride-hailing platforms, it can be observed that in a city with thousands of roads, the trip data tends to be concentrated on hundreds of the city's most arterial roads. This makes it possible to mine the correlation relationship between roads and the travel prediction task in the absence of a complete city road connectivity network.
[bookmark: _Hlk145556192]The travel prediction problem in this paper can be given the following definition.
[bookmark: _Hlk145557382]DEFINITION 1 TRAFFIC VIOLATION DATA: traffic violation data have a significant impact on traffic conditions within a given area. To explore the potential relationship between them, we use historical traffic violation data for this task. The incident data  is defined to denote the number of traffic violation that have occurred on the road segment  at the time . Therefore, we obtain the tensor , where  denotes the number of road segments where traffic violation data has occurred.
[bookmark: _Hlk145557407]DEFINITION 2 ROAD EMBEDDING DATA: in order to study the impact of urban trunk road embedding information on the travel prediction task, we define  to denote the road where trajectory  is located at time point , and based on this, we obtain the vector where  denotes the length of order  (the number of positional sampling points in an order).
[bookmark: _Hlk145557433]DEFINITION 3 WEATHER DATA: Weather data has an equally important impact on the travel prediction problem, especially when extreme weather is encountered during the trip. In order to investigate the impact of weather factors on the travel prediction task, we additionally introduce historical weather data of the city to the process. The weather data  denotes the weather condition experienced by trajectory  at time . From this, we can obtain the tensor , where  denotes the dimensionality of the weather information, and  denotes the length of order .
[bookmark: _Hlk145557513]DEFINITION 4 TRAFFIC EVENT DATA: Traffic event data can have a dramatic impact on traffic conditions in and around a given area. In order to explore the relationship between mining the impact of traffic events on the travel prediction task, we use traffic event blog posts from historical social networks to extract traffic events to study this task. The traffic event data  represents the traffic events that have occurred on road segment  at time , thus yielding the tensor , where  denotes the number of road segments that have experienced traffic events.
[bookmark: _Hlk145557527]In order to investigate the above problems, this chapter proposes an autoregressive model based on spatio-temporal multivariate with attention, which mines the relationship between the travel prediction task and the various influencing factors through simplified urban road network information and external features.
[bookmark: _Toc145694974]Framework
[bookmark: _Hlk145562066]In response to the previous description of the problem, this chapter proposes an autoregressive model based on spatio-temporal multivariate with attention. The data of this model are basic spatio-temporal information and information on urban traffic violations and weather information, etc., which fully capture the effects of various factors on the travel prediction task. Specifically, the model captures complex patterns between trajectory features and traffic violation features through a hybrid convolutional extractor combining deep 1D convolution and Gate Recurrent Unit (GRU) in the extractor module, then connects the extracted patterns with the help of attention maps computed based on the intrinsic properties of the data in the attention module, and finally introduces a rich and effective autoregressive model in the predictor module. Finally, the predictor module introduces rich and effective global feature embedding information in tandem with the input patterns into the multilayer perceptron (MLP) to produce the final prediction results. The concrete structure is shown in Fig. 2, which consists of Event Mining Module, Feature Extraction Module and Attention Module.
[image: ]
[bookmark: _Hlk145562045]Fig. 2. Model structure. (a) traffic events are crawled from social networks by a crawler, and the events are mapped onto a map using NLP participle extraction of place names; (b) the extractor module captures complex patterns between trajectory features and traffic violation features by a hybrid convolutional extractor combining deep 1D convolution and GRU; (c) the attention module connects patterns based on the attention mapping; (d) the predictor module connects global features with aggregated pattern vectors connected to the input MLP for prediction.
[bookmark: _Toc145694975]Traffic Event Mining
Traffic events are real-time information about road conditions, which are mainly distributed through online media, broadcasting and other methods. And the web crawler technology can easily obtain the information in the network media. Web crawler can automatically crawl the information in the Internet, such as text information, picture information and video information, and can save the crawled information into files or databases. As a tool to obtain the target network, the data is firstly collected, then the collected data is extracted with effective information and finally stored in the target format.
[bookmark: _Hlk145562210]This paper uses Selenium automation tool as a crawler tool. Selenium is a web automation testing tool, first used for website automation testing, and now it can also be used for automated crawler. Selenium can follow the instructions written by the user to let the browser automatically load the page and automatically perform some operations on the page, and it can also extract the required data. For example, when crawling microblogging events, Selenium can simulate the login function of microblogging. Selenium can be used in conjunction with third-party browsers, and there is a WebDriver API in its application library, which can be used to load and use different browsers by downloading the drivers for different browsers. Likewise Selenium can be used like other crawlers to locate and find page elements and interact with them to achieve clicks, sends and other operations.
[bookmark: _Hlk145562757]Named Entity Recognition (NER) techniques in the field of NLP are next used to process the textual information obtained from social networks by crawling. NER was early on based on lexicon and rule-based methods, followed by statistical methods, and in recent years by deep learning-based methods. Due to the wide use of deep learning in natural language processing, deep learning based named entity recognition methods are better in terms of recognition results, one of the more classical method frameworks is the BERT-BiLSTM-CRF model [58]. Jacob et al [59] of Google proposed the BERT (Bidirectional Encoder Representations from Transformers) model, which uses a coding structure called Bidirectional Transformer encoding structure that enables the model to fully access the semantic information in the input text. In the BERT-BiLSTM-CRF model, the BERT layer serves as the first step in processing the input text. CRF (Conditional Random Fields) is the mainstream sequence annotation model. With the rapid development of deep learning in recent years, the combination of neural network and CRF is usually used to make up for the shortcomings of neural network models. Most recent studies have utilised the LSTM-CRF architecture. Lample et al [60] proposed a BiLSTM-CRF (Bi-directional Long Short-Term Memory-Conditional Random Field) architecture, which uses character-based LSTM layers to learn spelling features from supervised spelling features from a corpus, and does not use any additional resources or gazetteers except for unsupervised learning of pre-trained word embeddings from a large untagged corpus. Therefore, the BiLSTM-CRF model no longer relies on manual features, but uses two BiLSTMs to automatically learn word-level and character-level features respectively to achieve state-of-the-art comparable named entity recognition results. The BERT-BiLSTM-CRF model is a named entity recognition method based on the pre-trained word vectors of BERT, which is combined with the BiLSTM-CRF to carry out Chinese named entity recognition. The BERT-BiLSTM-CRF model is an end-to-end named entity recognition model without any feature engineering, based on the improvement of BiLSTM-CRF model, with the BERT model, which has stronger feature extraction capability, as the pre-training input.
[bookmark: _Hlk145562968]The BERT-BiLSTM-CRF model first uses the BERT model, which has stronger text feature representation capability, as the feature representation layer to train the large-scale sequence of unlabelled corpus semantic vectors to obtain text abstract features; then it is fed into the BiLSTM neural network to obtain the context abstract features of the serialised text; and finally, the sequences are decoded and labelled by the CRF to extract the optimal standard sequence.The structure of BERT-BiLSTM-CRF model is shown in Fig. 3.
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Fig. 3. Structure of the BERT-BiLSTM-CRF Model
Typically, the tagging pattern for sequence annotation is BIOES, where B denotes the beginning of the named entity, I denotes the middle of the named entity, E denotes the end of the named entity, S denotes a single character, and O denotes other (for tagging extraneous characters).
[bookmark: _Hlk145563144]There are many commonly used named entity recognition tools, and the more widely used ones are HanLP, NLTK and so on. Among them, HanLP is a toolkit consisting of a series of models and algorithms with functions of lexical analysis (Chinese word division, lexical annotation, named entity recognition), syntactic analysis, text classification and sentiment analysis. Compared with other NER tools, HanLP is able to store the annotated corpus participles in the system, which has certain advantages in Chinese corpus analysis and mining. In this paper, the HanLP tool is able to generate an annotated corpus of named entities from microblog traffic-related texts to process the segmentation and lexical annotation, so as to realise the recognition and extraction of place names in microblog texts about traffic events. Since most of the text data are geographical names such as interchange and intersection, which are not in the existing gazetteer, in order to improve the correctness of the lexical separation and avoid errors as much as possible, the geographical names appearing in the text can be saved in a custom dictionary, because the noun lexicality in the custom dictionary are all geographical names, so there is no need to annotate the noun lexicality in the document, and then the custom dictionary can be saved in the custom dictionary, and then the lexical annotation is done in the custom dictionary. The custom dictionary can be imported into the word separation system, so that the words in the custom dictionary will be preferred to find the words in the word separation, reducing the error rate of word separation.
[bookmark: _Hlk145590563]For traffic event related weibo text, NER needs to identify the place names in each event, which mainly involves labelling and extracting the place names in the text. HanLP's place name recognition adopts the Hidden Markov Model-Viterbi algorithm (HMM-Viterbi). The pre-processed traffic event file is read in, the place name recognition function is called, and the text is segmented by a customised lexicon. The place names are tagged using ns, and the participles with lexical ns in each text are extracted separately and merged together to form a complete place name.
Through the NER will be traffic events related to weibo text in the place name extraction, need to consider the road section corresponding to the latitude and longitude, due to the address is a section of the path, this paper will be the path to simplify the processing, from the place name extraction results of the extraction of the starting point and the end point, know the starting point and the end point of the latitude and longitude coordinates, the default starting point and the end point of a straight line, the use of linear interpolation, that is, the whole section of the blocked road can be obtained from the latitude and longitude coordinates of the point.
[bookmark: _Hlk145606192]The two most widely used map navigation software in China, Amap and Baidu Maps, both provide APIs for address resolution, Amap's uses the WGS84 (World Geodetic System 1984) coordinate system, Baidu Maps uses the BD-09 coordinate system. The latitude and longitude in the Didi dataset used in this paper is WGS84 coordinate system. For the consistency of the coordinate system, Amap API is used here for address resolution. Amap open platform provides web service API, which provides HTTP interfaces to developers, through which developers can use various types of geographic data services, including forward and reverse geocoding, keyword search, polygon search and other services. Geocoding API is able to convert detailed structured addresses into latitude and longitude coordinates, where structured addresses need to include provinces, cities, towns and other addresses in accordance with the order of the name of the large area to the name of the small area to be combined together with the characters.
[bookmark: _Toc145694976]Feature Extraction
[bookmark: _Hlk145594776]Traffic violation data has a significant impact on the traffic conditions within a certain area, so introducing it into the model helps to improve the prediction performance. In order to analyse how traffic violation data affects the travel prediction task, we apply latitude/longitude fuzzy matching to count the amount of traffic violation data encountered by each order as a way of extracting features from the traffic violation data and representing potential traffic congestion.
[bookmark: _Hlk145595904]After processing, each order obtains an additional feature , where  denotes the amount of data on traffic violation s occurring on the roadway where order i is located at the moment t, together with a scalar , which denotes the travelling time of order i the sum of the data volume of traffic violation s encountered. It should be noted that we do not de-emphasise the number of traffic violations encountered when the vehicle is located in the same position consecutively, this is because we believe that when a serious traffic accident occurs on the road and causes congestion, the longer the vehicle will be stalled on the road, and the  and  obtained in this way can reflect to a certain extent the seriousness of the vehicle suffering from the impact of the accident during the trip.
In addition, characteristics of the traffic environment such as the road on which the vehicle is travelling have a non-negligible impact on the travel prediction task, as the time taken to travel the same distance on different roads is likely to be different due to the fact that different traffic roads have inconsistent road attributes, traffic flow peaks and congestion.
[bookmark: _Hlk145595915]In order to investigate the impact of urban road embedding information on the travel prediction task, we additionally introduce the number of trajectory points per order with the road corresponding to each trajectory point as additional information. We use map matching to match each trajectory sampling point in an order to a unique road in the map and encode it. The road features are represented as vectors , which are not favourable for direct use as input due to being sparse, we use the Word2Vec method proposed by Mikolov et al [61] to transform  into a dense feature embedding :

[bookmark: _Hlk145595930]where  is the dimension of the embedding vector.
[bookmark: _Hlk145595948]After obtaining the map information containing the sequence of traffic violation s is spliced with the sequence of trajectories, by means of which the module captures the non-linear patterns from the observations of each variable of the feature set. In detail, that is, given an input vector  containing a series of observations of variable , the miner function  is applied to obtain the pattern vector  corresponding to variable , defined as follows.

Here  is the set of learnable parameters in the digger function .
[bookmark: _Hlk145597703]We need to extract its features. The task of the feature extraction module is to capture the temporal patterns corresponding to each attribute , given a trajectory  containing information about the locations of traffic events and the trajectory of a traffic violation and a set of observations . A simple and common choice for capturing nonlinear patterns is to use a multilayer perceptron MLP with a single hidden layer, but a single hidden layer MLP extractor does not adequately capture the deep and complex relationships between variables. A simple and feasible approach is to directly stack more hidden layers, but this comes at the cost of introducing a large number of redundant parameters, which may cause the model to underperform in subsequent travel prediction tasks. Since trajectories with traffic violation attributes are still a kind of time series information, here in this paper we use the standard GRU to capture the dependency between trajectory sequence features and traffic violation sequence features. As a variant of RNN, GRU has been successfully applied in several domains and proved to be a good choice for mining temporal information from sequences. We choose GRU to extract the temporal dynamics of the input trajectory . Over a period of time, we take  as input and update it as follows:

[bookmark: _Hlk145565692]where  is a sigmoid activation function and  represents the affine transformation. By feeding  into the GRU and selecting the hidden state in the last step, we can obtain a feature representation containing the temporal dynamics of the trajectory. Meanwhile, in order to fully capture the temporal dynamics of the trajectories embedded with traffic violation information and traffic events, we intentionally introduce an additional hybrid convolutional extractor , to create a second input channel to the GRU and assist the GRU in extracting the temporal dynamics of the trajectories by exploiting the temporal locality of the given observations through 1D convolution:

[bookmark: _Hlk145566804]where  denotes a series of  convolutional blocks,  denotes the concatenation of two vectors, and  represents the standard GRU module shown in Eq. 4. The structure of the extractor is given in Fig. 4. and consists of d convolutional blocks, each of which contains a one-dimensional convolutional layer, a one-dimensional maximum pooling layer, and the ReLU activation function. In each convolutional layer, zero padding is added to both ends of the input to keep its length constant. The result after all the convolutional blocks is connected to the previous initial input  and fed into the GRU.
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[bookmark: _Ref145566669]Fig. 4. Process of Feature Extraction
[bookmark: _Hlk145566823]Stacking deep dense layers requires a large number of parameters, which can lead to overfitting on timing predictions. Convolutional operations make it possible to capture complex nonlinear patterns using a small number of negligible additional parameters.
[bookmark: _Toc145694977]Attention Module
Travel prediction is a challenging and complex problem, where various factors may have an impact on the actual travel time and hence the accuracy of the prediction. We therefore want the model to combine multiple influencing factors to capture the rich information that cannot be inferred from experiments with individual influencing factors. In this paper, we design to fully capture the complex relationship between trajectory features and traffic violation features and weather features after obtaining the features of the influencing factors through the extractor module. Addressing this aim requires learning the attentional mapping between variables, using an attentional mechanism. Unlike methods such as RNN, the attention mechanism has no inductive bias in the order of multiple variables. In addition, it processes inputs in parallel and is able to mine associative relationships even when they are far apart [62].
[bookmark: _Hlk145567130][bookmark: _Hlk145567135][bookmark: _Hlk145567140]Attention mechanisms can be broadly classified into three categories: basic attention, hybrid attention, and time-invariant attention, whose main difference lies in how to select ,  and , as shown in Fig. 5.
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[bookmark: _Ref145567071]Fig. 5. Comparison of Attention Mechanisms
For the method proposed in this chapter, if the basic attention mechanism is used, simply using the pattern vector  as the , , and of each variable at the same time in order to find target variables similar to , and then combining their observations in order to improve the prediction accuracy of the variable , there would be a major limitation that the correlation depends only on the current pattern and ignores the intrinsic data attributes. Therefore, using the time-invariant attention mechanism proposed in the AttnAR work [56], the main attention function learns a static attention map that is independent of the pattern vectors. By randomly initialising an embedding vector  for each variable  as a trainable parameter and updating it through backpropagation the corresponding embedding vector  of variable i can be obtained and used as  and . this means that the attention maps that can be learnt using time-invariant attention are completely determined by the intrinsic attributes of the variables, which makes the time-invariant attention mechanism show excellent robustness and consistency to the input model without being affected by the intrinsic properties of the variables. robustness and consistency independent of changes in the input model. This is crucial for learning the intrinsic relationships between variables, and thus is advantageous in multivariate prediction.
Given the pattern vector  and as a  vector and the embedding vector  and as a  and  vector of variable , the aggregation vector  (attention) of variable  will be computed using the time-invariant attention method as follows:

Another significant advantage of time-invariant attention is that the attention graphs obtained through time-invariant attention training are interpretable and can yield useful information about the target variables, i.e., the degree of correlation between them. In addition, the asymmetric relationships it learns can adequately capture the impact of traffic violation characteristics on the travel prediction task.
[bookmark: _Toc145694978]Prediction Module
[bookmark: _Hlk145567662]Before performing the final prediction, we additionally perform a global feature embedding to introduce some important auxiliary features and improve the prediction performance of the travel time estimation task. Each order data corresponds to some global features, such as driver number, pick-up/drop-off location, day of the week, etc. Since some of the global features are sparse, they are dimensionality reduced using the Embedding method [63]. What is special about this work is that weather features with road embedding features containing traffic events are introduced for each order data in this step to investigate the help of road information embedding for travel prediction task. We finally join these vectors and numerical features into a combined vector  as follows:

Since the aggregation vector  of variable i obtained after the attention module contains less information about variable i itself, some key information about variable i may be lost if only  itself is used for the final prediction. Therefore, the predictor module connects the pattern vector  of variable , the average of the aggregation vector  obtained by variable  through the attention module, and the global feature combination vector  to produce the prediction of the travel time . In this paper, we purposely use the simple predictor MLP for the final prediction, since the previous modules impose rich nonlinearities on the pattern vectors. That said, we use MLP rather than linear autoregression because only a nonlinear function with sufficient power can capture the complex relationship between the corresponding patterns of vectors and the aggregated patterns. The output of the prediction result is set as a scalar to capture the complex nonlinear relationship between the pattern vector , the aggregation vector , and the global feature combination vector  of variable :



[bookmark: _Toc145694979]Experimental Design
[bookmark: _Toc145694980]Dataset
Travel prediction is a complex problem under the influence of multiple factors, which is not only strongly correlated with path length, current road conditions, and historical travel information, but also affected by many external factors such as weather, events, and holidays. In this paper, we firstly choose the taxi traffic dataset from Didi in Chengdu in order to mine the time-dependence and space-dependence embedded in the historical trajectory data from it. As for the external factors affecting travel time, in addition to weather, holidays, and drivers' driving habits, which are usually considered by researchers, there are two other factors that can be easily ignored - traffic events and traffic violations. Both of them can cause traffic congestion to a certain extent, and traffic violations may also cause traffic accidents, thus affecting the actual arrival time. Therefore, this section mainly selects the taxi trajectory dataset, weather dataset and traffic violation dataset in Chengdu, Sichuan Province, China, and crawls the traffic event dataset from Weibo to introduce the spfatio-temporal correlation and the influence of external factors into the travel prediction model in this paper.
[bookmark: _Toc145694981]Didi Taxi Trajectory Dataset
In this paper, we use a large-scale taxi request dataset[footnoteRef:1] collected by one of Chinese largest online taxi platforms, Didi, in Chengdu, which contains taxi trip information from 1 November to 30 November 2016. From this dataset, 550,000 trajectory data are sampled to compose more than 30,000 trip information, which is used as the experimental dataset for this paper. This dataset contains a total of five attributes, i.e., order number, driver number, order time, and latitude and longitude of the taxi at the time of recording. The latitude and longitude coordinates here are taken from the coordinates of the administrative area of Chengdu, Sichuan Province, China under the WGS84 coordinate system. The data sheet information is shown in the Table 1 [1:  From Didi, https://gaia.didichuxing.com] 

[bookmark: _Ref145599818]Table 1 Didi Dataset
	FIELD NAME
	FIELD TYPE
	INTRODUCTION
	SAMPLE

	Orderid
	TEXT
	Order ID
	982bf243c3202415d6252271b2693161

	Driverid
	TEXT
	Driver ID
	5219

	Timestamp
	TIMESTAMP
	Record Time
	2016-11-16 17:48:06

	Longitude
	REAL
	/
	104.074143

	Latitude
	REAL
	/
	30.673471


Trajectory data are collected by GPS devices, which update the data quickly and with high accuracy, most of the data are collected every three seconds with the position coordinates, but passing through the locations with weak GPS signals may lead to untimely data collection or positioning errors, so it is necessary to preprocess the data that are duplicated, incorrect, or not in line with the requirements, including the interval of order time is less than 6s, the latitude and longitude coordinates are 0 or the latitude and longitude coordinates are not within the urban area of Chengdu, order trajectories with an order time of less than three minutes, and so on. Subsequently, the time period of each trajectory data is extracted according to the order time, and the order data with the time period of 6:00-19:00 are retained to match the time of collecting the weibo text.
[bookmark: _Toc145694982]Traffic Event Dataset
[bookmark: _Hlk145608720]In this paper, we use the weibo text with the location of Chengdu and the official user Chengdu Traffic Police from 1 November to 30 November 2016 from 6:00-19:00 every day to explore the impact of traffic events on the travel prediction task. The dataset is shown in the Table 2 after text segmentation, POS (part-of-speech) tagging, and bulk address parsing.
[bookmark: _Ref145608444]Table 2 Traffic Event Dataset
	FIELD NAME
	FIELD TYPE
	SAMPLE

	Time
	TIMESTAMP
	2016/11/30 18:27:49

	Location
	TEXT
	三环路天府立交至三瓦窑大桥外侧

	Longitude
	REAL
	104.067761°E

	Latitude
	REAL
	30.598159°N


[bookmark: _Toc145694983]Traffic Violation Dataset
[bookmark: _Hlk145611876]In this paper, the taxi traffic violation dataset in Chengdu is used as the traffic violation dataset, and the general information is shown in Table 3. The latitude and longitude coordinates here are also taken from the coordinates of Chengdu under the WGS84 coordinate system.
[bookmark: _Ref145611541]Table 3 General Information of traffic violation dataset
	FIELD NAME
	DATA

	Time
	2016/11/1 0:00:00-2016/11/30 11:59:59

	Violation Type
	13

	Location
	Chengdu, Sichuan Province, China

	Street
	193

	Longitude
	104.040021°E-104.127458°E

	Latitude
	30.654962°N-30.72854°N


[bookmark: _Hlk145612030]Specifically, the data table has fields for the road intersection ID where the traffic violations occurred, the type of violation, the latitude and longitude coordinates, and the time of the violation. Table 4 describes some important of these fields.
[bookmark: _Ref145613254]Table 4 Selected fields of the Taxi Traffic Violations Dataset
	FIELD NAME
	FIELD TYPE
	INTRODUCTION
	SAMPLE

	Pid
	INTEGER
	Intersection ID
	1133

	Timestamp
	TIMESTAMP
	Time of Occurrence
	2016-11-16 17:48:06

	Longitude
	REAL
	/
	104.074143

	Latitude
	REAL
	/
	30.673471

	Behavior
	TEXT
	Type of Violation
	Continue uturn


[bookmark: _Toc145694984]Weather Dataset
In this paper, the weather data of Chendu from 1 November 2016 to 30 November 2016 is selected to consider the influence of weather factors on the travel prediction task. The data are sampled in hourly intervals, and the weather conditions contain 9 features such as temperature, dew point, humidity, wind speed, air pressure, etc., with a total of 720 records and 42 KB. two of the features, the Wind (wind direction) and the Condition (weather conditions), are represented using strings, such as CALM, SSE, and N in the field Wind. They are not suitable for modelling or deep learning. Also, the effect of wind direction on traffic is relatively weak. The attributes Precip_total and Precip_hrly are missing for all records. Therefore these three attributes, Wind, Precip_total and Precip_hrly are removed from the Dataset. In addition, the attribute Condition describes the weather conditions using the strings Fair, Partly Cloudy, and Fog. To facilitate the processing of the data, integer mapping is performed for each type and the strings are replaced with the corresponding values. The processed weather data table information is shown in Table 5.
[bookmark: _Ref145613272]Table 5 Weather Dataset
	FIELD NAME
	FIELD TYPE
	INTRODUCTION
	SAMPLE

	Datetime
	TIMESTAMP
	Recording Time
	2016/11/4 8:00:00

	Temperature
	INTEGER
	Units in Fahrenheit ℉
	54

	Dew_point
	INTEGER
	/
	54

	Humidity
	INTEGER
	/
	100

	Wind_speed
	INTEGER
	/
	2

	Pressure
	FLOAT
	/
	28.32

	Condition
	INTEGER
	Weather Condition
	4 (Fog)


[bookmark: _Toc145694985]Baselines
In order to understand the performance of existing travel prediction methods and to give a comparison to the model proposed in this paper, this paper retrieves the travel prediction methods in recent years and experiments them under the taxi trajectory dataset selected in this paper. The comparison methods used in this experiment are as follows.
· FNN [64]
The core idea of FNN (Factorisation-machine supported Neural Network) model is to use the hidden vectors obtained from the FM training as the initial values of the weights of the first layer of the neural network, followed by the hidden layer, and finally the output of the click-through-rate prediction.The structure of the FNN is simply FM+MLP. It is a two-stage training model. It is a two-stage training model, the first stage trains a FM model to learn the embedding vectors of each feature, and the second stage trains a MLP (DNN) with the ability of higher-order feature combination based on the embedding vectors obtained in the first stage.
· DeepFM [65]
DeepFM is one of the most classic models in the field of recommender systems. It is based on Google's classic model Wide&Deep, by replacing the wide model LR part of the original model with FM, thus improving the shortcomings of the original model which still needs manual feature engineering, and obtaining an end-to-end deep learning model.DeepFM is divided into three modules such as Embedding Module, FM Module and Deep Module. The embedding module mainly compresses the high-dimensional sparse features of the input layer to obtain low-dimensional dense vectors of fixed length. The data of the input layer is processed by the embedding module, which is beneficial to the model training of the subsequent Deep module; FM module, i.e. factor decomposer model. The factor decomposition machine model can effectively solve the problem that the Wide model in the Wide&Deep model cannot automatically perform feature combination; and the Deep module is mainly used to deal with the combination of higher-order feature combinations in the dataset.
· DCN [66]
DCN (Deep&Cross Network) is a method proposed by Google for computing the CTR problem, from the further improvement of the Wide&Deep model. DCN replaces the FM part of DeepFM by designing a new Cross Net, which can explicitly carry out the higher-order crossover of the features and complete the selection of different-order features, thus getting rid of manual feature engineering to a certain extent, while retaining the deep network to play a certain generalisation role. Thus, it gets rid of manual feature engineering to a certain extent, while retaining the deep network to play a certain generalisation role, and improves the feature expression ability of the whole model.
· xDeepFM [67]
XDeepFM is an updated version of DeepFM, which proposes Compressed Interaction Network (CIN) for embedding sparse features. CIN is a network structure that automatically learns interactions between data at the feature vector level, which improves the disadvantage of designing features manually, which tends to ignore some more important features. . It is also widely used in some scenarios of recommender systems.
· WDR [33]
The core idea of WDR (Wide-Deep-Recurrent) model is the global model and the recurrent model. The WDR model mainly consists of three modules, which are Wide, Deep, and Recurrent. The Wide and Deep modules model the global information of the trip, while the Recurrent module models the trajectory in detail, such as road sections, road intersections, etc. Then the outputs of the three modules are spliced as the output of Regressor to get the final prediction result. The Wide and Deep modules model the global information of the trip, while the Recurrent module models the trajectory of the trip in detail, such as the information of road segments, road intersections, etc. The outputs of the three modules are then spliced together as the output of the Regressor to obtain the final prediction.
[bookmark: _Toc145694986]Evaluation Metric
In this paper, the effectiveness of the model is evaluated using several criteria, including mean absolute percentage error MAPE, mean absolute error MAE and root mean square error RMSE.
· MAPE
MAPE (Mean Absolute Percentage Error) calculates the percentage between the predicted value  and the true value  with the following equation:

Here  denotes the total number of trajectories.
MAPE is the most commonly evaluated metric for travel prediction tasks and measures the relative magnitude (i.e., percentage) of the deviation. Since MAPE is a relative error, the percentage makes it easier to understand the exact performance of the method and it is robust to outliers. A MAPE of 0 % indicates a perfect model, while a MAPE greater than 100 % indicates a poor model.
· MAE
MAE (Mean Absolute Error) measures the absolute magnitude of the deviation of the true value from the predicted value and calculates the absolute residual for each data point with the following equation:

Its value ranges from [0, +∞) and is equal to 0 when the predicted value matches the true value exactly, i.e., a perfect model.The smaller the result of the MAE indicates that the model is doing a better job in prediction. The MAE needs to be combined with the magnitude of the true value in order to judge the difference.
· RMSE
RMSE (Root Mean Squared Error) also measures the absolute magnitude of the deviation of the true value from the predicted value and describes the distribution of the residuals with the following equation:

Its value ranges from [0,+∞) and is equal to 0 when the predicted value matches the true value exactly, i.e., a perfect model. Similarly, the smaller the result of the RMSE indicates that the model is doing a better job of prediction. The RMSE needs to be combined with the magnitude of the true value to judge the difference.


[bookmark: _Toc145694987]RESULTS AND DISCUSSION
This chapter compares the experimental results between the model presented in this paper and the baseline presented in Chapter 4 on the data set selected for this paper. The results are shown in Table 6.
[bookmark: _Ref145617124]Table 6 Comparison of Model Prediction Results
	Model
	MAPE
	MAE
	RMSE

	FNN [64]
	0.1632
	70.41
	157.61

	DeepFM[65]
	0.1543
	68.50
	152.08

	DCN [66]
	0.1508
	66.72
	151.60

	xDeepFM [67]
	0.1418
	65.04
	150.32

	WDR [33]
	0.1366
	63.07
	148.83

	Proposed Model
	0.1185
	61.96
	148.32


In order to visualise the comparison of the data more closely, a histogram was plotted according to Table 6 as shown in Fig. 6.
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[bookmark: _Ref145617389]Fig. 6. Comparative Histogram of Model Prediction Results
The above table and figure demonstrates the comparison of the performance results of our proposed model with each of the baseline methods on our datasets, and it can be seen that our proposed model has the best performance compared to all other methods. DCN performs the worst on our dataset due to the limitations of cross networks; FNN achieves better performance than DCN by using neural networks for higher-order feature crossover, which enhances the model's ability to learn from the data; however, FNN lacks lower-order feature crossover, and therefore the deepFM, which integrates the lowdimensional feature crossover of FM with the high-order feature crossover capability of DNN, is further ahead. xdeepFM is an improvement of DeepFM, which proposes CIN to embed sparse features and therefore achieves the best performance of all recommender system methods. WDR, one of the most classical methods in the TTE field, uses global features and trajectory sequences as a study and achieves better results than traditional regression models. 
Our model outperforms all competing baselines on all three evaluation metrics on this dataset, which may be attributed to the fact that our method can better capture the complex nonlinear relationship between various features and the TTE task by deep one-dimensional convolution with time-invariant attention to the intrinsic attributes of the learned variables, and by embedding important global features to assist in the prediction such as traffic events, traffic violation trajectories, weather, and so on.
Next, the impact of the multi-source embedded information used in this paper on the prediction performance of the models proposed in this paper is further investigated, mainly including (a) traffic violation information and (b) traffic event information.
[bookmark: _Ref145618375]Table 7 Ablation Study
	DATA SOURCES SETTINGS
	MAPE

	W/O Violation Information
	12.96%

	W/O Traffic Event
	13.34%

	Violation Information + Traffic Event
	10.92%


The performance of the model after the ablation of traffic violation information and traffic event information respectively can be observed through Table 7, where the removal of either traffic violation information or traffic event information results in varying degrees of decrease in the predictive performance of the model. After removing the traffic violation information, the model performance increases by 2.04% on the MAPE evaluation metric, which indicates that the traffic violation information information can indeed reflect the congestion of the road to a certain extent and have an impact on the travel prediction task; whereas, after removing the traffic event information, the performance of the model decreases just as severely, and the value of the MAPE evaluation metric improves by 2.42%, which indicates that our model can capture the complex correlation between traffic events and travel time to a certain extent, verifying the effectiveness of traffic event information for the travel prediction task.


[bookmark: _Toc145694988]CONCLUSIONS AND RECOMMENDATIONS
With the development of the transport system, the progress of science and technology, and the improvement of urban road infrastructure, the life of the world's people has become more and more convenient, but at the same time, due to the rapid increase in the number of motor vehicles, the number of motorists, the problem of traffic congestion has also arisen. And the causes of road congestion are becoming more and more diversified. The traffic congestion problem directly leads to uncontrollable travelling time, which has various impacts on people's life. Therefore, reasonable prediction of travelling time is of great significance for traffic travellers to maintain a normal, efficient and stable life.
In this paper, by understanding the research methods of research scholars from various countries, an autoregressive model based on multivariate and attention is proposed for the travel prediction problem in order to adequately extract and capture the complex relationships among the many variables in the travel prediction task through the deep one-dimensional convolution and time-invariant attention mechanism. In particular, the author introduces traffic events introduced by crawling blog posts through social networks in addition to weather data and introduces traffic violation data as an input for incident coding to explore its impact on the travel prediction task. A simplified version of trunk road embedded information is also introduced in this paper to investigate the relationship between road coding and travel prediction task. The results show that our proposed method achieves state-of-the-art performance on our dataset compared to the baseline model introduced in this paper.
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In this paper, we have done relevant research on the task of travel prediction, established an autoregressive model based on multivariate and attention, and proved through experiments that the prediction method can predict travel time more accurately than some existing classical models, and achieved certain research results. However, due to the limitations of time, conditions and other factors, the research in this paper still needs to be improved.
In the future, we may improve the way of encoding traffic violation data and add richer multimodal information to our road embedding to further explore their impact on the travel prediction task.
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