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Abstract
Maritime traffic scenarios involve complex and changeable environmental factors and the interaction between ships, which is an important issue for maritime traffic safety. The deep learning method is used to explain the maritime traffic scene, which is easy to understand, intuitive, and automatic, and can assist maritime traffic management and ship intelligent decision-making. The purpose of this paper is to find a method and analyze the possibility of quickly generating commentary text from videos. The research is still in its infancy and there is a lack of relevant benchmark data sets; moreover, marine traffic scenes are usually affected by factors such as ship navigation status and weather conditions, showing multi-modal characteristics; the interpretation needs to track marine traffic scenes in time to ensure timeliness accuracy and so on.
There are currently a large number of datasets available for general video-to-text tasks, but benchmark datasets for marine traffic scenes containing multimodal information are relatively scarce. In the multi-modal maritime traffic scene, the general neural network has insufficient ability to capture the spatio-temporal features of continuous video frames, and it is also difficult to represent and fuse multi-modal scene data. The literature reviews methods for constructing multimodal datasets and performance comparisons of various multimodal models, and concludes that this task can be accomplished with manually annotated datasets and multimodal models.
[bookmark: _Toc133002897]Introduction
At present, the development of the maritime transportation industry is changing with each passing day. There are more than 25,000 berths of more than 10,000 tons in the national ports [1]. Although the current satellite positioning function has brought convenience to the driver, the ship driver still cannot obtain more comprehensive maritime traffic information in time, so it is impossible to predict the danger in advance, which brings a huge safety hazard to the ship's navigation. At present, marine traffic broadcasting has alleviated these problems to a certain extent, but marine traffic broadcasting often has the characteristics of lag and incomplete information capture. The traffic station can learn the specific situation after a long time after a traffic incident occurs. In addition, in the huge marine traffic system, traffic incidents occur frequently, and the limited number of traffic broadcasts can't cover everything, which also leads to traffic chaos. At the same time, the maritime monitoring system is becoming more and more complete, and has basically achieved coverage of important ports and sea areas. However, due to the large number of monitoring scenarios, it is not only a waste of manpower to use manpower on duty around the clock, but also the work intensity is extremely high, usually unable to achieve satisfactory results, and it is also difficult to call so many human resources. In the busy maritime transportation, the transportation task is against time, and it is necessary to understand the traffic scene information more quickly, so as to provide better navigation safety guarantee.[12]
In the field of artificial intelligence, the research on extracting and describing effective information from multimodal scenes is attracting more and more researchers' attention. In recent years, thanks to the development of computer vision and natural language processing, some excellent Research results. Image subtitles, video summarization, and video narration are the main research directions of these works. The purpose is to express the content in the image or video in the form of human language. The visual content is usually movies, life records, or photographic works. The description sentences in these works generally do not combine information from other modalities, resulting in further improvement in the description accuracy. [13]Now there are studies that use the background information of characters to assist the interpretation of visual scenes, but because the marine traffic scene needs to consider the changing navigation indicators and weather indicators, rather than the relatively static background knowledge of characters.
These works cannot be directly transferred to this study. Therefore, there is a need for a method that can use multi-modal data to automatically interpret marine traffic scenarios to provide marine traffic managers and ship drivers with understandable and more intuitive marine traffic information and reduce labor costs. At the same time, since the surveillance video of the marine traffic scene has a strong time dependence and a fast scene evolution speed, the scene interpretation method should consider the spatio-temporal characteristics of the scene, and also need to have a high interpretation efficiency, so as to adapt to the maritime traffic. The characteristics of the scene. As far as we know, the current automatic interpretation method of marine traffic scenes is still in its infancy. By studying the differences between marine traffic scenes and other scenes, we can also explore more suitable artificial intelligence methods to solve the problems in marine traffic scene understanding.[21]
[bookmark: _Toc133002898]Purpose of the Study
The purpose of the study is to automatically interpret marine traffic scenes using multi-modal data is used to provide understandable and more intuitive marine traffic information to marine traffic managers and ship drivers, reducing labor costs.
[bookmark: _Toc133002900]Rationale
According to the current status of China's transportation system, it is found that the current maritime traffic monitoring system is already very developed, and its coverage rate ranks among the top in the world. In addition, although maritime satellite positioning and maritime traffic broadcasting are developing rapidly, the problem of maritime traffic safety still exists. Secondly, the development of artificial intelligence technology is changing with each passing day, and the research from video to text is also growing rapidly. Therefore, this paper also examines the research status of image-to-text and video-to-text tasks at home and abroad.[22]
[bookmark: _Toc34110]Scope and Limitations 
Because different data have a certain degree of heterogeneity, in the multimodal deep learning task, the multimodal processing method faces many difficulties, mainly including the following problems:
(1) Multimodal representation problem
The problem of multimodal representation is to express it in a more reasonable way by examining the characteristics of different modalities, and at the same time facilitate the processing of deep learning models. Representing multimodal data is a difficult task. Good representation has always been a key factor affecting the performance of deep learning models, which has been demonstrated in the performance improvement of speech recognition and visual object classification. In machine learning, a vector or tensor is usually used to represent a piece of data, but in the multimodal field, it becomes to use multiple such representations to represent multiple modalities. Unimodal representations have been extensively studied. In the visual field, most visual descriptions are learned from data using convolutional neural networks. In the textual field, the representation of words has transitioned from relying on a lexicon to using words. Embedding. [25]At present, most multimodal representations involve simple connections of unimodality, but this status quo is changing rapidly. More and more machine learning tasks are beginning to use multimodal data input. For marine traffic scenarios , choosing an appropriate way to represent video data and meteorological data is crucial to the learning effect of the deep learning model.
  (2) Mode conversion problem
To convert data from one mode to another, not only the heterogeneity of data needs to be considered, but more importantly, the relationship between modes is often open or subjective, and there are many ways to describe a form , but there is no absolutely perfect description. In the maritime traffic scene, it is necessary to use natural language to explain the scene. This is a process of converting multi-modal scene data into text. What method to use to solve the problem of mode conversion is also a difficult problem faced by this paper.
(3) Alignment problem
The alignment problem is to find the corresponding relationship between the modes based on certain rules, and to align the meteorological data with a video. It not only needs to measure the similarity between the two modes, but also needs to deal with the long-term dependence and ambiguity that exist. Weather conditions usually affect the navigation of ships, and weather data usually cannot be updated at the sub-second level. Therefore, which time point to choose to align the meteorological data with a set of video sequence samples is also a problem to be solved in this paper.
(4) Multimodal fusion problem
Multimodal fusion is one of the research directions of multimodal deep learning. The reason why multimodal information is fused in the maritime traffic scene interpretation task is that this method will have a more robust effect. Secondly, video data and marine meteorological data can be used to obtain more complementary information, and a single modality often cannot achieve better results than multimodality.
There are two types of multimodal fusion methods, one is a model-independent method, and the other is a method based on a machine learning model. The model-independent method is simply connected manually after feature extraction. The currently widely used fusion method is the use of neural networks. Wollmer [38] used long short-term memory networks for continuous multi-modal emotion recognition, showing the advantages of multi-modal fusion methods based on neural networks over other fusion methods. Therefore, what kind of neural network to choose to fuse the video data of the maritime traffic scene with the meteorological data is a problem to be considered in this paper.
(5) Selection of evaluation methods
After the deep learning model successfully converts the scene information into the commentary text, choosing an appropriate evaluation method to evaluate the commentary text will promote subsequent model improvement, which will directly affect the performance of the commentary. Therefore, this paper needs to investigate the evaluation methods in related fields, make trade-offs according to their advantages and disadvantages, choose a method suitable for the evaluation of marine traffic scene explanatory texts, or propose a new evaluation method suitable for the shipping field.[18]
(6) Collaborative learning problem
The last problem is collaborative learning. Usually there is a missing video frame of a marine traffic scene, or a certain piece of marine meteorological data is missing. By learning the knowledge of one of the modes, it helps the computing model to train another different mode. It is particularly important in a special case.


[bookmark: _Toc133002903]Literature Review
Construction of Multimodal Datasets
At present, a large number of images or video data of marine traffic scenes can be obtained, such as HRSC2016, DOTA-v1.5, etc., but these video data are not aligned with marine meteorological data and text descriptions based on time stamps. After investigation, there is currently no video at the same time , meteorological data, and a dataset of text descriptions are proposed.
In addition, because the scenes in the current video-to-text work are mostly life scenes or pictures of film and television works, the maritime traffic scenes are quite different from these scenes. On the one hand, from the perspective of the described objects, life or film and television scenes pay more attention to people or living objects and the relationship between them, while the main focus of marine traffic scenes is the type of ship, navigation status and other factors in the scene. Impact. On the other hand, from the perspective of description, the description of life or film and television scenes is closer to the language of human life, with simple and vivid features, while the explanation of maritime traffic scenes should be professional and in line with the language habits in the maritime field.
Due to the above reasons, the existing video-to-text models cannot be applied to maritime traffic scenarios. In addition, the natural language processing pre-training models cannot be applied due to the lack of aligned multi-modal data and professional commentary annotation text. Therefore, a marine traffic scene dataset containing multimodal data is needed to better train a deep learning model for marine traffic scene interpretation tasks.
In order to construct a complete multi-modal maritime traffic scene dataset, it is necessary to include maritime traffic surveillance video, marine meteorological data in the corresponding monitoring area, and a professional maritime description of the scene. Therefore, the specific considerations for the construction of the dataset include the following Four key points.
(1) In terms of maritime surveillance video, the first thing to ensure is the diversity of the video, that is, the diversity of navigation scenes. A variety of navigation scenes enable the deep learning model used for explanation to learn more patterns, so as to make more accurate Therefore, in addition to using data from shore-mounted cameras, data from cameras mounted on moving ships should also be used.
(2) In terms of marine meteorological data, due to the different meteorological conditions in each season, there are also significant differences in weather conditions in various time periods of the day, and the sea voyage of ships is usually affected by meteorological factors such as wind and waves. In the best case, the control ability of the ship is weakened, and unknown accidents are prone to occur.
Therefore, sea voyage scenarios under various meteorological conditions should be captured. 
(3) In terms of commentary texts, since the commentary of marine traffic scenes is a brand-new task, currently
There is a lack of descriptive text for this scene, and the maritime traffic scene is different from other scenes. The explanatory text in this scene should be more professional, which makes it impossible to apply the annotations generated by the pre-trained model, and the text cannot achieve the ideal Effect. Therefore, manual labeling for maritime traffic scenes should be performed by maritime professionals.
(4) In complex and changeable maritime traffic scenes, unpredictable unknown events occur from time to time, such as low visibility in foggy days, the camera cannot capture more visual information, or the shipboard camera is seriously out of focus due to severe turbulence. Information also needs to be incorporated into the data set to enhance the pattern learning of the deep learning model.
According to the above considerations, the video data should adopt the Singapore Maritime Dataset [39], the recording device is Cannon 700D camera, and the recording location is the waters around Singapore. All videos have a high resolution (1080×1920), the video data can be divided into two types, one is captured by shore-mounted cameras, and the other is captured by ship-mounted cameras, where the ship-mounted cameras are turned on and recorded while the ship is moving. Since different data collection locations are selected, a single scene picture is avoided, and data diversity is guaranteed. In addition, in order to enrich the environmental information of the scene, multiple recording times were selected, namely 40 minutes before sunrise, sunrise, noon, afternoon, evening, two hours after sunset, rainy day and foggy day. In addition, in order to collect the marine traffic scene characteristics in different seasons, the video recording dates are from 2015 to July to 2016 May. The video data in the Singapore Maritime Dataset contains 81 video segments, of which 70 video segments were recorded by shore cameras, and the remaining 11 video segments were collected by mobile ship-mounted cameras, as shown in Figure 1 and Figure 2. Example frame samples.
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Figure1: Sample video frame1
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Figure 2: Sample video frame2

In the maritime traffic scene, the navigation environment changes rapidly, especially in the scene with high ship density, the relative position of each ship will change greatly even in a short period of time, in order to improve the efficiency of interpretation and prevent loss The key information is to divide all the video data obtained from the Singapore maritime data set into video frames with the rule of taking 2 frames per second, and the noise data is also included in the division, and finally a total of 2500 video frames are obtained. Due to the limited video data in the Singapore Maritime Dataset, in order to use more samples to train the model and let the model learn more patterns, it is necessary to expand the video data. This chapter uses a data enhancement method based on image processing technology. Frames are flipped, cropped, position transformed, and rotated to increase the amount of data. In the process of data enhancement, the angle value of the random rotation of the video frame is controlled to be 0 to 45 degrees clockwise and counterclockwise, which is consistent with the ship Normal fluctuation angle of onboard camera while sailing.

0. Multimodal Fusion Method
Multimodal fusion methods can be divided into two categories: traditional methods and deep learning methods. Traditional methods include rule-based methods, statistical methods, and machine learning methods[20]; deep learning methods include methods based on neural networks, convolutional neural networks (CNN), recurrent neural networks (RNN), and attention mechanisms. These methods are reviewed below and some related papers are listed. The rule-based method refers to the use of prior knowledge or expert system knowledge to fuse information from multiple modalities. This method can be realized by means of weighted average, logical operation, decision tree, etc. For example, Xu et al. (2017) [19]used a rule-based approach to fuse image and text information for video annotation. Statistical methods refer to the use of statistical principles to fuse information from multiple modalities. This method can be realized by means of principal component analysis, factor analysis, cluster analysis, etc. For example, Wang et al. (2016) used principal component analysis to fuse image and text information for video classification[40].The machine learning method refers to the use of machine learning algorithms to learn a fused model from information of multiple modalities. This approach can be implemented with support vector machines (SVM), decision trees, random forests, etc. For example, Wang et al. (2018) used the SVM method to fuse image and text information for video recommendation. The neural network-based method refers to the use of neural network models to fuse information from multiple modalities. This method can be implemented by multi-layer perceptron (MLP), convolutional neural network (CNN), recurrent neural network (RNN), etc. For example, Hao et al. (2018) used an MLP approach to fuse image and text information for video classification.[41]
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Figure3: regularized neural network
CNN is a deep learning model that can automatically extract image features. By inputting information of multiple modalities into CNN, a fused model can be learned. For example, Ngiam et al. (2011) used a CNN approach to fuse audio and video information for sentiment analysis.[33] RNN is a deep learning model that can automatically learn sequence information. Inputting the information of multiple modalities into the RNN can learn a fused model. For example, Chen et al. (2018) used the RNN method to fuse speech and text information for speech recognition.[32]
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Figure4: LSTM cell
[bookmark: _Toc133002912]Research Methodology
[bookmark: _Toc133002913]Introduction
[bookmark: _Toc96587523][bookmark: _Toc98582817][bookmark: _Toc99009513][bookmark: _Toc99009934]It is relatively easy for humans to describe maritime traffic scenes in natural language. It is not difficult for professionals in the maritime field to explain maritime traffic scenes in professional language, but for machines, the scenes contain rich There are many factors that need to be considered, so it is a challenging task for the machine to explain a scene in professional maritime terms.
There are usually important dependencies hidden in multimodal information, which can restore the real scene with higher accuracy. Therefore, multimodal deep learning considers capturing the patterns hidden in multimodal information from multiple dimensions, strengthening for the understanding of real scenes, more and more studies are using multi-modal deep learning methods to solve real-world problems. Ngiam et al. first proposed a multi-modal deep learning method [21]. Woolmer et al. adopted the architecture of multi-modal machine learning [31], and built a deep neural network for processing emotion classification by superimposing long-term and short-term memory networks. Su et al proposed to use multimodal unsupervised learning to solve machine translation tasks [41], and realize semantic correspondence and fusion by connecting cross-lingual corpora. At present, multimodal research mainly focuses on the refined representation of multimodal samples, multimodal fusion framework, and unsupervised multimodal learning methods.
[bookmark: _Toc133002915]Methodology
At present, the relevant research on the professional interpretation of marine traffic scenes using multi-modal data is very limited, but some excellent research results have also been born. The work related to marine traffic scene interpretation mainly includes picture subtitles [15] and video subtitles [16], the task of picture captioning is to generate a description text for a picture, while the task of video captioning is to generate a text description for a continuous sequence of video frames. Compared with image subtitles, video subtitles are more difficult. It consists of two parts. First, you need to understand the content of the video, and second, describe it in a language that conforms to grammatical rules. Since one of the modalities in this paper's maritime traffic scene is maritime surveillance video, the work of this paper has a higher relevance to video subtitles. Research on video subtitle methods has transitioned from the initial traditional method based on language rules to general machine learning methods, and now it has transitioned to the method using neural networks.
[bookmark: _Toc133002916]Research Approach
[bookmark: _Toc133002917]	3.3.1	Language rule-based methods
	In traditional language template based methods, a sentence template is used to connect the subject, predicate, and object discovered from the video. According to Reiter and Dale's description [7], this method is divided into three stages. Firstly, the order and structure of the generated text need to be determined. Secondly, when entities discovered from the video need to be mentioned, appropriate words are selected to aggregate them. Additionally, synonyms can be used to improve the readability of the sentence. Finally, use linguistic knowledge such as morphology, grammar, and semantics to generate real sentences. Early work focused on establishing descriptive structures and learning relationship representations between text blocks. Currently, a large amount of work has been proposed based on template rule models, which improve text generation capabilities by introducing statistical methods such as sentence compression, reordering, vocabulary rewriting, and grammar conversion.
[bookmark: _Toc133002918]	3.3.2	Machine learning based methods
After experiencing traditional methods of object recognition and action discovery, and embedding visual content into sentence templates, researchers began to use machine learning methods. Through large-scale training, they strengthened the ability of object recognition and tracking in computer vision. Some machine learning methods were used in subtasks of video subtitle work, mainly target discovery, action recognition, and sentence generation. Kojima extracts Semantic information from human actions based on thresholds [28], focusing on human head position, arm position and head direction. In order to detect human motion in video frames, they use different thresholds, and each threshold represents a specific activity. Kim and Park use local histogram analysis to define edge features composed of three attributes: local contrast, region proportion, and edge potential [29]. Based on edge feature information, different thresholds are used to label or label segments.
[bookmark: _Toc133002919]	3.3.3	Method based on deep learning
In recent years, the scheme of using ResNet and VGG as visual feature extractors and three-dimensional convolutional neural networks as spatiotemporal feature extractors has been widely used. In addition, long-term and short-term memory networks have also been used as the main language model. At present, GRU and Transformer [23] are gradually replacing long-term and short-term memory networks and being more used in the field of computer vision and natural language generation. A video subtitle system based on deep learning consists of two parts, namely an encoder and a decoder. The general approach is to use convolutional neural networks or recurrent neural networks as encoders to capture visual features, and use models such as recurrent neural networks as decoders to generate text descriptions for visual features. Yao et al. proposed a video description method [24], which is based on an encoder decoder architecture, in which a spatiotemporal convolutional neural network combined with temporal attention mechanism is used as the encoder. Donahue et al. developed an end-to-end trainable large-scale visual learning model [45], In terms of sentence generation, Yao uses the short-term memory network as their decoder under the encoder and decoder architecture [44] to generate video description text.
[bookmark: _Toc133002920]Ethical Issues
Usually, research collects data regarding people and therefore ethical issues can be extremely delicate in nature [50]. 
For this project, most of the datasets collected in this topic are public datasets, including the situation of ships in Singapore and the East China Sea. They do not involve any private information and are all captured through cameras in public waters. The completed Ethics Form can be found in the additional documents section of Turnitin.
[bookmark: _Toc133002921]Research Strategy
Before conducting the experiment, we need to find relevant videos of marine traffic and text-mark the videos. After completing these tasks, we need to conduct the following experiments:
· Clean and enhance video data
· Annotate the video with text
· Choose a model for training
· Compare the experimental results


[bookmark: _Toc133002923]Time Horizons: Gantt Chart
Time horizons is an estimation of how long the project will take to complete and is useful in keeping the project on track. 
According to [50] there are two kinds of time horizons, the longitudinal and the cross-sectional.  If data is gathered over a long time-period to record how it has changed during this time, then it is a longitudinal study. Whereas a cross-sectional timeline refers to a ‘snapshot’ of data at any given time.
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Figure5: regularized neural network


[bookmark: _Toc133002924]Results
[bookmark: _Toc133002925]Data Collection
The marine meteorological data is obtained from the historical meteorological data of the Meteorological Bureau of Singapore. In real maritime navigation, different meteorological conditions have different effects on ship navigation. For example, wind speed is an important factor affecting navigation safety. After comprehensive measurement, it is also to reduce Unnecessary data, select the main meteorological indicators as the description of meteorological conditions, including precipitation in the past 30 minutes, 60 minutes and 120 minutes, current temperature, minimum and maximum temperature in the past 24 hours, current wind speed, average wind speed, past 24 hours Hourly maximum wind speed and visibility, through manual comparison, the meteorological data and video data are aligned according to time.
In terms of commentary text labeling, since the commentary tasks of maritime traffic scenes have higher requirements for the professionalism of the commentary text, and at the same time, the content and method of commentary are closer to the broadcast of the ship’s watchman, therefore, the manually marked commentary text refers to the ship’s Lookout personnel training manual. The lookout personnel training manual stipulates the broadcasting methods of specific events in different navigation scenarios, mainly broadcasting the type, orientation, characteristics and status of ships in maritime professional terms. The specific labeling process is to find the meteorological data corresponding to the time according to the time stamp of the video sequence, and make professional maritime commentary on 5,500 video frame sequences.
[bookmark: _Toc133002926]Experiments
· Hardware tools are:
· This experiment is expected to be carried out under the Pytorch deep learning framework. The experimental code runs on Google's Colab platform. The server processor model is the hard disk is Google Cloud Drive. The data set is uploaded to Google Cloud Drive. You can first limit the number of words in the target commentary text For the 10,000 words with the highest frequency in all labeled texts in the training set, the word vector dimension after word embedding is set to 512. The video encoder first processes the video frame with a two-dimensional and three-dimensional convolutional neural network. This experiment uses 18 layers The pre-trained ResNet-152 and ResNet-3D convolutional neural network, in the training and testing process, set the data size of each batch to 64, the hidden layer dimension is set to 512, the model training process uses Adam[ 40] Optimizer.


[bookmark: _Toc133002928]Evaluation and Conclusion
In order to test the superiority of the proposed method using multi-modal and attention mechanisms in maritime traffic scenarios, this paper retrieves text generation methods in recent years and trains them under the dataset of this paper. The evaluation methods are compared, and the machine learning models of the comparison methods are as follows. The S2S-T model [45] is a traditional sequence-to-sequence model, which was originally applied in machine translation, using a multi-layer long-short-term memory network to convert the input sequence into a fixed-length vector, and then using other depth The LSTM network decodes intermediate vectors to generate new sequences; The S2S-V model [46] is a sequence-to-sequence model that converts video sequences into subtitle texts. It uses long-term short-term memory networks and has achieved excellent results in image and video subtitle tasks. Since the interpretation of marine traffic scenes has high requirements for timeliness, strengthening the efficiency of interpretation has become a difficult problem for this task. In addition, fine-grained interpretation texts can play the role of interpretation tasks to a greater extent. Therefore, this paper believes that based on multimodal Transformer's traffic scene commentary text generation method is better, because the advantages of the self-attention mechanism and the stronger ability to capture scene details make it meet the timeliness requirements of marine traffic scenes.
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