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Abstract 

The information-rich vessel movement data provided by the Automatic Identification System 
(AIS) has gained much popularity over the past decade, during which the employment of 
satellite-based receivers has enabled wide coverage and improved data quality. The application 
of AIS data has developed from simply navigation-oriented research to now include trade flow 
estimation, emission accounting, and vessel performance monitoring. The AIS now provides 
high frequency, real-time positioning and sailing patterns for almost the whole world’s 
commercial fleet, and therefore, in combination with supplementary databases and analyses, AIS 
data has arguably kickstarted the era of digitization in the shipping industry.  

In this study, we conduct a comprehensive review of the literature regarding AIS applications by 
dividing it into three development stages, namely, basic application, extended application, and 
advanced application. Each stage contains two to three application fields, and in total we 
identified seven application fields, including (1) AIS data mining, (2) navigation safety, (3) ship 
behavior analysis, (4) environmental evaluation, (5) trade analysis, (6) ship and port performance, 
and (7) Arctic shipping. We found that the original application of AIS data to navigation safety 
has, with the improvement of data accessibility, evolved into diverse applications in various 
directions. Moreover, we summarized the major methodologies in the literature into four 
categories, these being (1) data processing and mining, (2) index measurement, (3) causality 
analysis, and (4) operational research.  

Undoubtedly, the applications of AIS data will be further expanded in the foreseeable future. 
This will not only provide a more comprehensive understanding of voyage performance and 
allow researchers to examine shipping market dynamics from the micro level, but also the 
abundance of AIS data may also open up the rather opaque aspect of how shipping companies 
release information to external authorities, including the International Maritime Organization, 
port states, scientists and researchers. It is expected that more multi-disciplinary AIS studies will 
emerge in the coming years. We believe that this study will shed further light on the future 
development of AIS studies.  
 

Keyword: AIS data, Data mining, Navigation safety, Ship behavior analysis, Environmental 
evaluation, Advanced applications of AIS data 
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1. Introduction 

After diesel propulsion and containerization, big data technologies have been widely recognized 
as a significant advancement within the shipping, one that will impact most shipping operation 
patterns over the next one or two decades. 

The AIS was developed to avoid ship collision accidents, and it has been used in maritime 
transportation for over two decades. Originally, AIS data was highly regionalized and originally 
difficult to collect, because direct ship-to-ship, ship-to-coast, or coast-to-ship AIS 
communication was limited to the very-high-frequency (VHF) radio wave range, which only 
covered 10-20 nautical miles. Since 2008, satellites equipped with AIS receivers have been able 

to receive AIS data transmitted by onboard AIS transceivers worldwide. On the one hand, these 
satellites serve as supplementary data sources for ships and coastal authorities in busy port areas 
where terrestrial AIS receivers may be overloaded due to the large volume of data. On the other 
hand, they provide an easy means for AIS data to be collected on a global scale in almost real 
time. At present, AIS data can be easily collected from commercial websites that provide access 
to AIS databases (e.g., the websites of companies such as Elane, ExactEarth, Marine Traffic, 
ORBCOMM, Spacequest, and Spire). With the constantly improving quality and completeness 
of AIS data, the applications of AIS data have expanded from navigation safety to include many 
other aspects too. 

The rapid growth in publications, and the increasingly diverse topics covering AIS applications, 
have indicated the expansion of AIS in recent years. An updated AIS can in general improve 
traditional maritime studies in three ways. First, the global coverage and easy accessibility of 
AIS data extend the study scope from an individual ship or particular region to global or regional 
territories. For example, AIS data has been applied to mapping ship activities (Kaluza et al., 
2010) and to assessing their impact on environments (Winther et al., 2014) at a global level. 
Second, the unparalleled high-resolution and real-time characteristics of AIS data improve the 
accuracy of shipping behavior analysis. For example, AIS data has been used to improve the 
accuracy of ship trajectory extraction and prediction (Arguedas et al., 2018) and traffic 
monitoring (Perera et al., 2012). Third, the discreteness and abundance of individual ship data 
enable researchers to look at problems from a bottom-up view rather than a top-down view. For 
example, the global oil trade has been forecast using AIS data by aggregating shipping volume 
on the sea (Adland et al., 2017); port performance (Chen et al., 2016) and the environmental 
effects of shipping (Gerritsen et al., 2013) are being evaluated on a per-ship basis. 



4 
 

The expansion of AIS applications is expected to continue and even accelerate with ongoing 
improvements in the quality and accessibility of AIS data. With this background, it is important 
for academics, practitioners, and government to understand the status of AIS applications (so that 
they can use AIS for the same purpose without inventing the wheel again). Therefore, in this 
paper, we research the following: (1) How AIS data can be applied to improving shipping 
industry efficiency and to solving practical problems; and (2) what the potential is for future 
applications of AIS. In particular, we believe that the paper’s summation will help relevant 
academics, practitioners, and governments in two ways: (1) For researchers or practitioners who 
have already worked on AIS data, they will become aware of extended or related work on the 
further application of AIS, which will help improve their current work; and (2) for researchers 
and practitioners who are not familiar with AIS data, we show them the potential for improving 
their work using AIS data. We have also identified the limitations in existing applications of AIS 
data, and proposed directions in which academics, industry, and governments can do further 
work. 

Although several articles have reviewed the methods used in AIS, they have focused on data 
mining and the applications of AIS data to navigational safety (Tu et al., 2017, Sidibé and Shu, 
2017, and Zhao et al., 2014). To the best of our knowledge, no existing study has provided a 
comprehensive and up-to-date review regarding the applications of AIS data for solving a broad 
range of maritime problems. Academia and the industry have both taken significant steps 
forward with AIS. Hence, summarizing previous related works and forecasting the direction for 
future studies on AIS are significant. This study aims at presenting a panoramic view of state-of-
the-art AIS data studies in order to stimulate research perspectives.  

This rest of this paper is organized as follows: Section 2 presents an overview of AIS, describing 
what it is, its development, and its limitations. Section 3 introduces the method and structure 
used in the literature review. Section 4 reviews studies on the basic applications of AIS data, 
including data mining and navigational safety. Section 5 focuses on extended applications of AIS 
data to the analyses of ship behavior and environmental risks caused by shipping activities. 
Section 6 reviews more advanced applications of AIS data. Section 7 discusses the research 
trends of AIS data applications. Finally, Section 8 proposes the potential extensions for 
applications of AIS data. The abbreviations used in the paper are summarized in Table 1. 

<Table 1> 
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2. Overview of AIS 

AIS was developed in the 1990s, with the primary goal of preventing ship collisions and 
enhancing navigation safety. Through the use of VHF, ships equipped with AIS can broadcast 
and receive messages to and from other ships or coastal authorities that are also equipped with 
AIS. The AIS enables ships and coastal authorities to communicate with one another over a long 
distance. The International Maritime Organization (IMO) requires all international voyage ships 
with a gross tonnage above 300, and all passenger ships, to be equipped with an AIS transmitter 
(IALA, 2004). In addition to the IMO, governments and other authorities in different nations 
enforce AIS applications in ships registered with them to improve safety and security.  

The AIS transceivers are of two types (Classes A and B), having different numbers of reported 
data fields and reporting frequencies. The information broadcast by a ship’s AIS transceiver 
(Class A) can be grouped into 11 data fields, which can be further classified into 3 types, namely, 
static information, dynamic information, and voyage-related information. Dynamic information 
is automatically transmitted by a Class A AIS transceiver every 2-10 seconds, depending on the 
ship’s speed while it is underway, and every 3 min while it is anchored. At the same time, a 
Class A AIS transceiver’s interval between broadcasting static and voyage-related information is 
6 minutes, regardless of navigational status. Class B transponders transmit a reduced set of data 
when compared with Class A transponders, omitting the IMO number, draught, destination, ETA, 
rate of turn, and navigational status. The reporting intervals from Class B transponders are also 
sparser when compared with those of Class A transponders, being a minimum of 5 seconds. 
Table 2 provides a detailed classification and description of these data fields.  

<Table 2> 

Apart from the information that can be obtained directly from AIS data, additional information 
can be derived by combining AIS data with data from other databases. For example, the 
following information can be derived: 

• Port-to-port average speed, which is equal to the port-to-port voyage distance 
between two ports divided by voyage time, where voyage time can be calculated 
based on the time stamps reported at the two ports; the voyage distance can be found 
from the corresponding navigation distance tables. 

• Cargo weight, which can be estimated based on draught and ship sizes (Jia et al. 
2018). 

• Technical ship specifications, including DWT, capacity, design speed, and design 
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draught, can be obtained from fleet databases, such as Clarkson’s world fleet register, 
by using the IMO number. 

• Port-to-port bunker consumption, which can be estimated based on the speed, 
distance between two ports, and technical ship specifications, such as DWT and 
capacity. 

Although AIS provides a powerful and easy-to-access database for maritime practitioners and 
researchers, errors and inaccuracies may still exist in AIS data. Most errors and inaccuracies 
occur in data that is manually entered into the system. Such data includes static information, such 
as MMSI, ship’s length and width, IMO number, name, type, call sign, and voyage-related 
information, such as the ETA, draught, and intended destination. For example, an MMSI, which 
ought to be unique for each ship, can be shared by different ships (Mazzarella et al., 2013). 
Besides, empty or inaccurate ETA reports are very frequent in AIS data (Watson et al., 2015). 
However, even data that is automatically generated by the sensors can be erroneous. For example, 
Harati-Mokhtari et al. (2007) indicated that an AIS may report erroneous positional information 
if the position fixing system is not working or is improperly connected to the AIS equipment. In 
extreme cases, it has even been reported that some ships have turned off their AIS. Therefore, 
one important step when dealing with AIS data is to identify and filter incorrect and inaccurate 
information.  

3. Literature review method and structure 

Since the introduction of AIS to maritime transportation, its promising practical applications 
have been gradually recognized in academic circles, starting with AIS data mining and its 
applications to navigation safety. Thereafter, with the improvement in data quality and 
accessibility, studies gradually expanded from navigation safety into broader and more advanced 
applications of AIS data. AIS data has been applied in a great variety of topics in maritime 
research, involving different disciplines (including Statistics, Information Techniques, Biology, 
and Environmental Science). In this paper, to provide a comprehensive illustration as to how AIS 
data has been applied in solving different problems, and to trigger new thoughts about its 
application across different disciplines, we conduct a systematic review of the various 
applications of AIS data. During the review process, the literature is searched in a detailed and 
thorough manner, and relevant topics, methodologies, and trends are identified, analyzed and 
synthesized to produce a panoramic view of AIS data studies.  

We searched the databases of Scopus, Sciences Citation Index, Google Scholar, and journals, 
including but not limited to Accident Analysis & Prevention, Maritime Economics & Logistics, 
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Marine Policy, Maritime Policy & Management, Marine Pollution Bulletin, Ocean Engineering, 
Transportation Research Part A, Transportation Research Record, and The Journal of Navigation, 
using AIS as the keyword. A total of 171 articles were found (including 128 journal papers, 39 
conference papers, and 4 technical reports). Table 3 shows the top 14 journals that have 
published at least 2 papers on AIS data applications. We divided the publishing time into five 
periods with intervals of 3-4 years. Among the 171 studies reviewed in this paper, 104 were 
published in these journals, and the top 3 journals contributed to more than half of the journal 
publications, these being The Journal of Navigation, Marine Pollution Bulletin, and Ocean 
Engineering. The number of papers published in each period grew steadily from 2003 to 2014, 
and has undergone a sharp increase since 2015. With regard to the distribution of journals, 
papers in the first 2 periods from 2003 to 2008 were mainly published in journals that focus on 
navigation safety and the marine environment (i.e., The Journal of Navigation and Marine 
Pollution Bulletin). The next 2 periods have witnessed a rapid increase in the number of papers 
published in journals, such as Marine Policy, Ocean Engineering, and Transportation Research 
Record, which focus on ship behavior analysis. The distribution of journals during the last period 
was the most diversified, implying that research attention has widened out to cover a broader 
range of applications. 

<Table 3> 

In terms of their topics, we divided the literature into three areas: basic applications of AIS data 
(BA), extended applications of AIS data (EA), and advanced applications of AIS data (AA). 
Among the 171 articles we reviewed, 81 papers fall under BA, 69 under EA, and 21 under AA. 
For each area, 2 to 3 themes were identified. The overview of literature classification is given in 
Figure 1. The studies will be reviewed in the next sections, following the structure in this figure.  

<Figure 1> 

4. Basic applications of AIS data 

One practical difficulty in applying AIS data is that the volume of data is extremely large, even 
for traffic data within a restricted geographical area covering a short period. For example, if AIS 
data is transmitted every 10 s, then a total of over 3 million records can be generated for a single 
ship in 1 year. The AIS data for 5,000 ships over 3 years includes approximately 40 billion 
records. Therefore, AIS data mining is the research basis of many relevant studies. AIS was 
initially introduced to avoid ship collisions and improve navigation safety and this serves as the 
most basic application of AIS data. Because this part has already been reviewed by Tu et al. 
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(2017), Sidibé and Shu (2017) and Zhao et al. (2014), in this section we only briefly explain the 
ideas and review the most up-to-date studies.  

4.1 AIS data mining 

Data mining is a knowledge extraction process based on raw data. Raw AIS data comprises a 
group of spatially and temporarily scattered points from which only limited information can be 
directly obtained. Therefore, data mining is significant for AIS data and provides the foundation 
for the majority of studies based on AIS data. The most common methods for processing and 
mining AIS data include trajectory extraction, trajectory clustering, and trajectory prediction.  

Trajectory extraction and clustering play a vital role in AIS data applications because they form 
the foundation of many further studies (including trajectory prediction and analysis, anomaly 
detection, and collision avoidance). Trajectory extraction refers to the construction of a ship’s 
trajectory based on the reported spatiotemporal sequence data. Trajectory clustering is based on 
the extraction results, which refers to the algorithms for grouping similar trajectories as a whole, 
thereby discovering common trajectories (Lee et al., 2007). Trajectory extraction and clustering 
using AIS data have elicited considerable attention in the literature, and the most recent 
explorations include those of Arguedas et al. (2018) and Wang et al. (2017).  

Based on trajectory extraction and clustering, trajectory prediction can be carried out to predict a 
ship’s short-term future position and trajectory. Trajectory prediction enables navigators or 
coastal authorities to detect possible threats and take preventive actions as early as possible. A 
route prediction algorithm based on the Ornstein-Uhlenbeck stochastic process was proposed by 
Pallotta et al. (2014), in which historical trajectories extracted from raw AIS data were used to 
estimate the parameters of the algorithm. 

4.2 Navigation safety 

A considerable number of early studies have been conducted on how to utilize AIS data to 
effectively avoid shipping accidents. These studies have mainly developed in two directions: 
collision avoidance for ships and traffic surveillance enhancement for coastal authorities.  

Ship collision avoidance has been receiving attention from mariners and researchers since the 
1970s. With the application of AIS data, collision avoidance has gone beyond direct ship-to-ship 
communication, and AIS data is now being used in state-of-the-art techniques that aim to avoid 
ship collisions and enhance navigation safety. These techniques include ship domain 
construction, collision risk assessment, and route planning.  
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Ship domain refers to the surrounding effective waters in which the navigator of a ship wants to 
keep clear of other ships or fixed objects (Goodwin, 1973). In the study of Hansen et al. (2013), 
AIS data was used in ship domain construction. In addition to ship domain construction, AIS 
data is also used in assessing ship collision risks (e.g., Li et al., 2017). Studies on risk assessment 
can generally be classified into five categories: (1) Calculation of the closest point of approach or 
time to closest point of approach among ships; (2) quantification of collision risks; (3) detection 
of situations where ships are under high threat of collision; (4) estimation of collision frequency 
in certain areas; and (5) development of precautionary systems for collision avoidance. 

In navigation, route planning aims to help ship navigators identify a route with a low collision 
risk and detour cost. Route planning is built upon the results of ship domain construction and 
collision risk assessment. The most commonly used methods in route planning are heuristic 
algorithms (e.g., evolutionary algorithms and ant colony optimization). Such studies include 
those of Tsou and Hsueh (2010), and Kim et al. (2017).  

AIS data can also be used to improve the surveillance capability of coastal authorities, and the 
two main foci of studies in this category are anomaly detection and maritime traffic monitoring.  

In maritime navigation, anomaly detection is used by coastal authorities to detect illegal, 
suspicious, or unsafe behaviors (Kowalska and Peel, 2012). The AIS data provides a highly 
efficient approach for ship anomaly detection, whereby historical data is used to construct 
normal patterns (i.e., trajectory clustering), and ship behavior is monitored using real-time data 
(Zhen et al., 2017).  

Another application of AIS data for traffic surveillance is to develop a maritime traffic 
monitoring system. Perera et al. (2012) developed a maritime traffic monitoring system based on 
vessel detection, tracking, state estimation, and trajectory prediction. In addition, Pan et al. (2012) 
introduced a visualization system for analyzing traffic situations and detecting dangerous 
shipping areas.  

5. Extended applications of AIS data 

The AIS reports ship positioning information with unparalleled resolution. Such information 
enables efficient analyses of ship behavior in different areas. In addition, the shipping industry is 
one of the largest contributors of various pollutants, and with the surge in real-time ship position 
data, analysis and monitoring of the environmental risks of shipping activities has become 
feasible. Following on from navigation safety, the application of AIS data has thus been 
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extended to analyzing ship behavior and the impact of ships on the environment. This section 
provides a review of the extended applications of AIS data. 

5.1 Ship behavior analysis 

Ship trajectories include information about ship behavior. The following review is conducted in 
terms of three categories of ship behavior that we summarized from the literature, namely, 
fishing activities, ship behavior in open waters, and ship behavior in restricted waters.  

Fishing activities 

Fishing activities have elicited considerable attention in the literature due to their tremendous 
impact on marine ecosystems. Some studies have explored the potential of using AIS data to 
monitor illegal, unreported, and unregulated (IUU) fishing activities. Studies in this area have 
focused on IUU activity identification and estimation of the catch amount caused by IUU fishing 
activities. For example, a logistic regression model was proposed by Sheng et al. (2018) to 
classify and identify unknown types of ship. In addition to monitoring IUU fishing activities, 
AIS data has also been used to analyze the footprint (i.e., fishing area and intensity) of fishing 
activities. The footprints of fishing activities of different regions have been explored by 
researchers using AIS data reported by fishing ships in these regions. For instance, Vespe et al. 
(2016) proposed a method for mapping the fishing footprint at the European level by extracting 
fishing activities from AIS data.  

Ship behavior in open waters  

Some studies have been conducted on ship behavior in open waters where traffic flow has no 
boundary limits. Studies in this regard have focused on analyzing the spatial and temporal 
distributions of traffic. An example of these studies is the work of Breithaupt et al. (2017), who 
constructed the boundaries of shipping routes between ports along the Atlantic coast of the US, 
based on individual trajectories obtained from AIS data. They found that 95% of traffic is 
encompassed by such boundaries. In addition, AIS data has been used to analyze the density of 
global and regional shipping networks. Kaluza et al. (2010) constructed a global network of 
cargo ship movements using AIS data.  

Ship behavior in restricted waters 

Ship behavior in restricted waters focuses on shipping channels with limited widths (including 
straits, bays, ports, and inland waterways). Different from studies of open waters that pattern the 
overall traffic flow, studies of restricted waters have tended to analyze detailed navigation 
patterns (including ship drafts, speeds, and courses) of ships in a certain shipping channel. For 
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example, using AIS data Mitchell and Scully (2014) assessed the influence of tide on the transit 
times of ships that called at deep-draft ports in the US. They also used AIS data to analyze the 
travel time of ships sailing in different inland waterways in the US. Zhang et al. (2017), using the 
historical trajectories of ships sailing in Singapore port waters, estimated the ship traffic volumes 
in different origin-destination pairs in a port. 

It is worth mentioning that many navigation infrastructures, such as dredged channels, navigation 
locks, and coastal jetty and breakwater structures, are maintained within the aforesaid restricted 
waters. Using AIS data to analyze ship behaviors in such restricted waters also helps to evaluate 
the service level of the navigation infrastructures within them (e.g., Scully and Mitchell, 2017). 

5.2 Environmental evaluation 

Maritime transport emits around 1000 million tons of CO2 annually, according to the estimates 
of the IMO, and is responsible for approximately 2.5% of global greenhouse gas (GHG) 
emissions. Apart from GHG emissions, shipping also contributes to other environmental threats, 
including oil spills, ocean noise, and seabed damage. It also poses threats to marine creatures.  

Ship emission analysis 

The AIS data has been widely applied in monitoring ship emissions. Most studies in this area 
have considered the calculation of emission inventories, and AIS data is commonly used to 
derive ship activities. A shipping emission inventory calculation method was considered by 
Winther et al. (2014). The authors proposed a method for calculating emission inventories for 
Arctic shipping based on AIS data and other factors related to emission. The impact of ship 
emissions on the air quality of sea and coastal areas has also been investigated. Kivekäs et al. 
(2014) introduced a method for estimating the contribution of ship traffic to the concentration of 
aerosol particles in the downwind of shipping routes, in which AIS data was used to identify 
major shipping routes.  

Oil spill risk analysis 

Another important application of AIS data to environmental risk analysis is to assess the 
possibility of oil spill accidents. Eide et al. (2007) proposed a dynamic environmental risk model 
for oil spills, and their model estimates the real-time environmental risk and forecasts the future 
environmental risk of drift grounding accidents for oil tankers. In addition to risk assessment and 
monitoring, some works have focused on after-accident resilience. Longépé et al. (2015) 
developed a method for identifying a potential polluter based on AIS data, SAR images, and the 
oil drift model.  
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Ecosystem impact analysis  

The impact of shipping activities on ecosystems has also elicited considerable attention from 
shipping academia. Researchers have considered the impact of shipping activities, such as 
shipping-related noises, oil spills, and seabed damage, on marine creatures (e.g., Campana et al., 
2017, Allen et al., 2018 and Gerritsen et al., 2013). 

On top of this, AIS data also provides the possibility of better protecting seaborne animals by 
enabling better monitoring of shipping activities in critical habitat areas. For example, Reeves et 
al. (2007) proposed using AIS data to monitor the speeds and routes of ships sailing in the habitat 
areas of North Atlantic Right Whales.  

Green shipping 

To reduce emissions generated by shipping activities, several green shipping strategies have been 
proposed, and AIS data has been used to evaluate such strategies. Using AIS data, Jia et al. 
(2017a) investigated the impact of the virtual arrival policy, which aims to reduce the waiting 
time of ships at anchor for energy efficiency. A similar study was conducted by Andersson and 
Ivehammar (2017a), in which the authors proposed reducing the anchorage time of ships by 
adjusting their speed. AIS data was used to evaluate the effectiveness of the policy (i.e., the 
reduction of fuel consumption and emissions) for the Port of Gothenburg and ports in the Baltic 
Sea. In their inspiring work, Watson et al. (2015) discussed the perspective of using an integrated 
information system that includes data from AIS, shipping agencies and port authorities to 
minimize the anchorage time of ships by optimizing their sailing speed. 

6. Advanced applications of AIS data 

In recent years, the applications of AIS data have expanded into a broader scope with 
increasingly more advanced topics. We can categorize these studies into three distinct groups: 
trade analyses, ship and port performance evaluation, and Arctic shipping.  

6.1 Trade analysis 

With its increasing availability and completeness, AIS data can provide more detailed and timely 
trade statistics compared with traditional data sources (e.g., official customs data and port 
throughput data). Thus, Adland et al. (2017) adopted AIS data as an alternative statistic source 
for global trade analyses. An empirical study based on crude oil export statistics was conducted 
in their research. Jia et al. (2017b) proposed an algorithm for automatically generating seaborne 
transport pattern maps based on AIS data. The algorithm automatically detects major ports and 
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zones and aggregates “real-time” trade flows among them. Prochazka and Adland (2017) used 
AIS data to analyze the location distribution of VLCC oil tankers on a global level.  

6.2 Ship and port performance 

AIS data is also used to evaluate the performance of ships. Factors involved in evaluating ship 
performance include ship utilization, speed, and voyage cost.  

Jia et al. (2018) measured deadweight utilization using ship draught derived from AIS data. They 
ascertained that although AIS data alone is insufficient for tracking cargo flows on a per-ship 
basis, it can be used to obtain average utilization rates at ship-type levels. An empirical study to 
identify the impacts of different factors on ship capacity utilization was conducted by Adland et 
al. (2016). Adland and Jia (2016), using AIS data with a regression model, detected how ship 
speed is affected by other shipping factors. Andersson and Ivehammar (2017b) proposed a 
dynamic route planning method to optimize shipping cost in the Baltic Sea region. To show the 
effectiveness of the proposed method, a cost-benefit analysis was conducted based on AIS data 
collected from ships in this region.  

AIS data has also been applied in analyzing port performance. In the work of Chen et al. (2016), 
ship positions obtained from an AIS were used to derive the ship traffic, container throughput, 
berth utilization, and terminal productivity of container ports. Jia et al. (2017c) used AIS data to 
evaluate the connectivity of major Norwegian ports. AIS data has also been used to assess the 
resilience of port operations following major disasters and other disruptive events (Farhadi et al. 
2016). More recently, the U.S. Department of Transportation Bureau of Transportation Statistics 
has been using AIS data to measure the dwell time of ships at different ports in the US. (e.g., 
Bureau of Transportation Statistics, 2018). 

6.3 Arctic shipping 

With the recession of Arctic sea ice and the discovery of new natural resources in the Arctic, 
Arctic shipping has become extremely popular (Buixadé Farré et al., 2014). As the most popular 
ship tracking tool, AIS data has also been utilized in studying Arctic shipping.  

One of the most direct applications of AIS data in Arctic shipping is to improve shipping 
surveillance. Aase and Jabour (2015) pointed out that knowledge of ship positioning derived 
from AIS data can also help improve the efficiency of polar search and rescue. Reeves et al. 
(2012) suggested using AIS data to improve the monitoring of ship activities in the Arctic area so 
as to reduce environmental damage caused by Arctic shipping. 
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The AIS data is also used to study the development trend of Arctic shipping. Eguíluz et al. (2016) 
presented a seasonal pattern of shipping activities in Arctic areas using ship densities derived 
from AIS data. They also analyzed the changes in Arctic shipping patterns for the period of 
2010-2014. Löptien and Axell (2014) analyzed the relationship between shipping speed, as 
derived from AIS data, and the sea ice conditions in Arctic areas. 

7. Summary 

On the basis of the reviewed literature, this section first presents the trend of publications and the 
relationships among different research areas. Then, we demonstrate the evolution of research 
topics and summarize the major methods applied. 

7.1 Overall trend of publications 

In Figure 2 we summarize the distribution of the 171 articles on AIS studies over the three areas 
covering the period from 2003 until the present (March 2018). It shows that the number of 
studies has grown rapidly since 2010, and the topics have also become more diverse. The 
number of extended application papers currently exceeds the number of basic application papers, 
and since 2014 the number of advanced application papers is nearly equal to that of basic 
application papers.  

<Figure 2> 

7.2 Summary of data, disciplines, and relationships of AIS studies 

Figure 3 presents a panoramic overview of the reviewed studies. In particular, we demonstrate 
the data used in these studies, the disciplines involved, and the relationships among different 
research themes.  

As shown in the figure, AIS serves as the data source for all these studies, and is complemented 
by other data sources when it comes to a specific area of study. In a similar way, as far as the 
involved disciplines go, while Statistics forms the backbone for all research areas, knowledge 
from other disciplines (e.g., Computing Science, Biology, and Information Techniques) is also 
essential for studies with different focuses.  

We also note that among all the different research areas, AIS data mining constitutes the 
foundation for other studies, since it converts the scattered and disordered raw data to the 
organized and readable information. Therefore, finding data mining methods that can handle a 
larger volume of data with higher processing speeds and greater accuracies is always a hot topic 
in AIS data studies. This explains why each year a considerable proportion of studies are focused 
on basic applications of AIS data (see Figure 2).  
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In addition to data mining, ship behavior analyses constitute another integral part of the research 
matrix. Based on the data provided by data mining, ship behavior analyses generate patterns of 
seaborne traffic in various locations. These patterns, augmented by other data, are used as the 
foundation for many advanced topics that look at maritime transportation from different angles 
(e.g., environmental analyses, trade analyses, and Arctic shipping). 

<Figure 3> 

7.3 Evolution of research topics 

The AIS data has been applied to various applications such data mining, maritime safety 
enhancement, ship behavior analysis, environmental evaluation, trade analysis, ship and port 
performance evaluation and Arctic shipping analysis. Figure 4 presents the evolution of research 
topics in AIS data applications, where studies are aggregated into distinct items according to the 
topics and publishing times. Items displayed in the bold text represent the first appearance of the 
corresponding topics. 

Figure 4 shows that initial topics focused on navigation safety (e.g., anomaly detection, route 
planning, domain construction, risk assessment, and traffic monitoring). Later, study focus 
shifted to ship behavior analysis (e.g., behavior analysis in open and restricted waters and fishing 
activities) and environmental evaluation (e.g., oil spill risk analysis, emission analysis, 
ecosystem impact analysis, and green shipping). With the improvement in data accessibility, the 
AIS data has recently spread to diverse other applications in various directions (e.g., trade 
analysis, Arctic shipping, and ship and port performance). 

<Figure 4 > 

7.4 Summary of major methods applied in the studies 

This section summarizes the methods used in the reviewed literature. The methods are divided 
into four categories: data processing and mining, index measurement, causality analysis, and 
operational research. Table 4 summarizes the major methods along with their typical applications. 

<Table 4> 

Data mining focuses on deriving knowledge from raw AIS data. The most basic methods for AIS 
data mining are trajectory extraction, clustering, and prediction. Many applications, including 
anomaly detection (Zhen et al., 2017), maritime monitoring (Perera et al., 2012), and shipping 
density analyses (Kaluza et al., 2010), have been implemented based on trajectory extraction or 
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prediction results. Visualization techniques have also been utilized in AIS data studies to 
improve maritime monitoring (Pan et al., 2012) or help analyze trade trends (Jia et al., 2017b). 

The AIS provides data that records shipping activities with unparalleled high resolution. This 
data not only makes shipping activities more visible but also makes them more analyzable. Many 
studies have developed methods of building evaluation indices to measure the performance of 
shipping activities by using AIS data. These methods and applications include ship domain 
construction (Hansen et al., 2013), collision risk assessment (Li et al., 2017), ship emission 
inventory (Winther et al., 2014), oil spill risk assessment (Eide et al., 2007), evaluation of green 
shipping policies (Jia et al., 2017a), and Arctic shipping trend analysis (Eguíluz et al., 2016). 

Causality analysis aims to identify relationships among different shipping relevant factors, as 
well as between them and external factors. Adland and Jia (2016) and Adland et al. (2016) 
investigated how certain identified factors affect ship capacity utilization rate and ship speed, 
respectively. Sheng et al. (2018) explored the relationship between ship types and ship traffic 
patterns. Löptien and Axell (2014) determined the relationship between ship speed and ice 
conditions in Arctic shipping. Econometric tools, such as regression, are the most used methods 
of solving these problems. 

Operational research (OR) serves as a decision support tool. In current studies on AIS data 
application, route planning is the only area where OR techniques are applied. Various effective 
algorithms, including the ant colony optimization, the genetic algorithm, and other heuristic 
algorithms (Tsou and Hsueh, 2010, and Kim et al., 2017), have been proposed for route planning. 

8. Future research opportunities 

The applications of shipping AIS big data analysis in academic research are relatively new, but 
we nevertheless hope that we have provided glimpses of its potential from the studies reviewed 
in this paper. Undoubtedly, the applications of AIS data will be further expanded in the 
foreseeable future. We will hereby outline some promising future applications and directions of 
AIS data enriched research. 

To begin with, AIS is still expanding its influence. Applications of AIS have already been 
expanded from sea navigation to navigation in inland waterways around the globe. More and 
more ships sailing in rivers are equipped with the AIS, and more and more inland AIS receivers 
are being built (e.g., Inland Navigation Europe, 2016). This provides a brand-new angle for 
industrial practitioners, governments, and researchers to look at inland water transportation.  
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For individual vessels and fleets, AIS data analytics will provide a more comprehensive 
understanding of the voyage performance, such as speed optimization, weather routing, and hull 
conditions. These factors are key drivers of the bunker consumption of a ship, and thus have a 
direct impact on both emissions by vessels and company operating costs. Currently, the 
operational level settings of these factors, to the degree that shipowners and operators have good 
control of them (apart from what are determined in shipping contracts), are largely decided based 
on experience gained from using limited optimization support tools. Further research can be 
conducted in the direction of dynamic optimization, using a combination of vessel sailing 
patterns and external impact factors, such as weather, to achieve vessel performance optimization. 

From the viewpoint of improving fleet productivity by way of increasing capacity utilization, 
particularly in tramp shipping, choosing the port to which to reposition an empty ship is one of 
the most important decisions. This is both an operational issue faced by shipping companies and 
an interesting research topic. With the trend of increasing vessel sizes and orderbooks, it has 
been suggested that the world tanker fleet currently only has half of the productivity of that in the 
1970s (Stopford, 2018). Low capacity utilization resulting from a high proportion of ballast 
voyages and low load factor in laden voyages, may be one of the reasons. However, due to the 
lack of availability of cargo size data on actual vessel voyages, such line of research hardly exists. 
The draft information from AIS is a valuable factor in estimating cargo sizes (Jia et al., 2018). 
Thus, the transparency provided by AIS data allows researchers to examine shipping market 
dynamics from the micro level, as opposed to relying on assumptions in the literature. 

The shipping industry is pursuing to achieve zero emissions. Before reaching this goal, however, 
all parties involved in the ecosystem need to contribute their part. However, due to the nature of 
the shipping business, such as high mobility and cross-border operations, the governance of 
environmental regulations is very fragmented. Therefore, emission monitoring becomes an 
extremely complex issue. The abundance of AIS data may open up the rather opaque aspect of 
how shipping companies release information to external authorities, including the IMO, port 
states, scientists and researchers. While the literature has touched upon this research domain, as 
reviewed in session 5.2.1, these papers mostly focus on regional port areas. This leaves the vast 
proportion of deep sea ship operations intact and unobserved. The assessment of emissions in 
port areas is understandably important, but so also should the complete shipping operations. 
Future research should expand on emission accounting, based on AIS data to deep sea 
transportation fractions. 

In addition to emission assessment, as Watson et al. (2015) pointed out, traffic authorities should 
investigate the possibility of implementing coordinating mechanisms that synchronize AIS data 
with information from other sources. Such mechanisms will help AIS users to validate 



18 
 

information broadcast by the system and to overcome the challenges brought about by errors and 
inaccuracies in AIS data (as we illustrated in Section 2). More importantly, doing this will 
contribute to a smarter, greener, and more efficient shipping industry, by enabling the many 
entities involved in the shipping industry to cooperate with each other at an unprecedented level. 
Some pioneering efforts have already been made in this direction, e.g., the European Union’s 
MONALISA Project and STM Validation Project (interested readers may refer to Sea Traffic 
Management, 2018), and we believe that more studies are required in this area.  

Moreover, we expect that even more multi-disciplinary studies will emerge in the coming years. 
For instance, in areas of marine insurance and piracy, knowledge can be developed through 
machine learning based on AIS information so as to identify anomaly behaviors and sailing 
patterns. Digitization in port management, berth allocation, and pilot employment can benefit 
from enhanced utilization of AIS data. Improved supply chain management with autonomous 
operations (vessels, vehicles and companies) can also benefit from AIS analytics. 

Akin to the role of AIS in the maritime field, the development of new technologies such as E-
Commerce, Internet of Things, and Smart Cities will create masses of data for researchers from 
relevant disciplines. With the enrichment of these micro individual data, we are then able to 
solve macro problems based upon a bottom-up approach, which better reflects the mechanism of 
complex matters. We firmly believe that applications of AIS data will inspire and stimulate even 
more data-related studies from various areas. 
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