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Abstract 
 

In the last decade, movements like open-source, open data have led to a proliferation in the 

number of publicly available datasets. Among the variety of datasets now available (publicly 

as well as privately to researchers) are movement datasets. Movement datasets track the 

motion of several moving entities through time. The moving entities can be as diverse as ships, 

aircraft, pedestrians and animals. Due to technical limitations, noise or errors the movement 

datasets may exhibit a loss in quality. One class of errors is seen in movement data sets when 

several movers inadvertently use the same mover identifier. The resulting trajectories appear 

mixed up and incomprehensible unless it is corrected.  

The aim of this thesis is to develop an algorithm to detect mover identity errors, with a focus 

on maritime datasets. A strategy based on grouping anomalous trajectory points by spatial 

and temporal distance is described. Secondly, a visual-analytic strategy to parameterize the 

algorithm with expert human guidance is also described. The technique is applied to two 

maritime large trajectory datasets from the European and Wuhan regions, respectively.  

Results indicate that the described technique can identify several moving entities within 

anomalous trajectories. As a future improvement, the algorithm could be adapted to handle 

more movement modalities.  
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1. INTRODUCTION 
 

Big Data (John Walker 2014) refers to datasets which are extremely large and fast 

changing. Government and private institutions work with large datasets, in the hope of 

deriving value from it (Kim et al. 2014) . In recent years, open government initiatives have also 

resulted in more datasets being published online (Attard et al. 2015). 

The rise of big data sets has necessitated a corresponding drive visualize, analyze and 

make actionable decisions using them. The allied fields of data mining, information 

visualization and visual analytics attempt to solve the problem of synthesizing information and 

deriving insights from large data sets. The aim is “detect the expected and discover the 

unexpected” (Keim et al. 2010b).   

Movement datasets track the movement of one or more entities through time. The 

movement history of the entity is derived either through self-positioning or by tracking. For a 

personal user, self-position is needed to aid in the navigation from point A to B. Thus, 

nowadays almost every mobile device is fitted with an in-built Global Positioning System (GPS) 

chipset (Vaughan-Nichols 2009). Taxi companies equip their vehicles with GPS trackers to 

dispatch the closet taxi to a waiting customer (Liao 2003). Public transport is also being tracked 

so that commuters can obtain the most accurate arrival and departure times. Heath conscious 

people track their own movements through wearable technologies to gauge the calories 

expended. These are all rich and diverse sources of movement data. Researchers track animal 

movements to learn more about their breeding habits and migration patterns. The maritime 

and aviation sectors also generate movement datasets through the tracking of vessels and 

airplanes. Every form of locomotion can potentially be a source of movement data.   

Errors and uncertainties in the positioning and tracking technologies impact the quality 

of the movement dataset. For example, GPS positioning can be degraded in urban areas and 

can be completely lost inside building and tunnels. Positioning equipment can malfunction or 

be inadvertently switched off. It is also possible that an adversary may spoof their own position 

to conceal illegal activities.  

  



 

 
 

1.1 Problem Statement 

A movement dataset contains the position histories of various moving entities with 

time. Each record in a movement dataset contains a timestamp, a mover identifier, 

information about its position and optionally additional contextual information. The 

movement pattern of a single entity within a movement dataset is called a trajectory. 

Movement datasets usually use a unique identifier for each mover. When accuracy errors 

occur in the mover identifier, it results incorrect zig-zag trajectories, which Andrienko et al. 

(Andrienko et al. 2016) refer to as mover identity errors. Inaccurate records can lead to 

situations where the same identity is used by multiple movers or multiple identifiers are used 

by the same mover. When such trajectories are visualized, movers appear to move at 

unrealistically high speeds or distances. 

1.2 Background 

datACRON is a research project funded by the European Union’s Horizon 2020 

Programme. It’s aim is introduce novel methods for threat and abnormal activity detection in 

very large fleets of moving entities spread across large geographical areas  (Vouros 2017). 

One of the sub-objectives of the datAcron project is to create a framework capable of 

detecting quality issues in movement datasets (Doulkeridis et al. 2016) originating from the 

maritime and aviation domains. 

Since the 2002 IMO SOLAS Agreement (Chang 2004) most ships are required to use AIS 

(Automated Identification System) transceivers. The data relayed by AIS messages include its 

unique identifier, position, course and speed. The intention is to allow monitoring of maritime 

traffic and to take measures to prevent collisions and optimize traffic flow. Since the AIS 

message contains an identifier for each ship, motion trajectories of vessel can be built and 

analyzed.  

AIS datasets which track the positions of thousands of ships can quickly swell to several 

GBs in size in a matter of days. Therefore, there is need for management, interpretation and 

analysis of such datasets both offline and online. One of the first steps in working with a new 

dataset is to remove obvious data quality related artifacts.   

1.3 Research Objective 

The goal of this Master thesis is to detect and correct mover identity problems within 

movement datasets, and to present the results visually. There are several existing algorithms 
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dealing with anomaly detection, pattern mining and clustering of trajectories (Zheng 2015). 

However, so far there is no algorithm for specifically dealing with mover identity errors. 

There is also a need to develop a corresponding visual analytic methodology for addressing 

this problem.  

Some of the cases that can be considered are: 

1. Movers moving in the same direction. 

2. Movers moving in opposing directions. 

3. One mover is stationary, while the other is moving. 

4. Duplicate or repeated rows in dataset. 

This initial study will focus on developing a solution configured for the maritime domain. 

More complex combinations involving multiple movers are also possible. Since human beings 

are proficient at detecting patterns, the detection algorithm will also be coupled with an 

interactive exploratory approach. 

1.4 Target Audience 

The expected users of this developed algorithm and interface are operators working on 

specialized movement datasets. For example, the interface could be used in the soon after 

data acquisition to visualize the quality problems and determine optimal parameters for 

their correction.  

1.5 Outline of thesis 

The thesis is divided as follows:  

• Chapter 1 introduces the topic and the context in which the problem of 

duplicate IDs is seen. 

• Chapter 2 discusses the movement data quality, with an overview of 

related work and argues for a visual-analytic approach to solve the 

problem. 

• Chapter 3 explains the methodology used; the specifics of the algorithm 

used for anomaly detection and a description of the visual-analytic 

method methodology used to address the problem. 

• Chapter 4 describes the results of evaluating the developed algorithm 

against maritime dataset. 



 

 
 

• Chapter 5 contains a description of the results achieved. 

• Chapter 6 draws the final conclusions and gives recommendations for 

future work. 

1.6 Working steps 

 

 

Figure 1. Overall Stages of processing 

Fig. 1 shows a bird’s eye view of the expected working steps. It begins with pre-processing 

stage which involves removal of the simplest dataset errors and data conversion. In the 

second stage, the most likely anomalous trajectories within a dataset are identified. Next, 

duplicate mover identifiers are detected in the anomalous trajectories. Finally, the corrected 

trajectories are output to a file.  
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2 MOVEMENT DATA QUALITY 
 

Movement datasets can be obtained from a variety of sources such as animal motion 

(Kranstauber et al. 2011), pedestrians movement (Alvarez, Leeson 2015) or urban transport. 

These datasets are typically delivered as collection of trajectories of movers. Since each 

dataset is impacted by the limitations of the underlying measurement methodology, it is 

important to understand the quality of the underlying data. Three types of movement data 

quality problems were delineated by Andrienko et al. (Andrienko et al. 2016): 

• Missing data problem (which are due to spatial or temporal gaps in the position 

record) 

• Accuracy problem (errors due to temporal, spatial, identifier or attribute level 

inaccuracies) 

•  Precision deficiency (errors due to limitations of the positioning system) 

2.1 Mover identity problem 

  

 

Figure 2. Example of mover identifier error where two trajectories have been mixed into one (Andrienko et al. 2016) 

A mover identifier error is a movement data accuracy problem which occurs when one or 

more movers share the same identifier (Andrienko et al. 2016). As a result, their trajectories 

are joined and appear mixed up. As seen the in the Fig. 2 above, this results in trajectories 

with zig zag patterns. In Fig. 2 the most likely scenario is that there are two separate movers 

moving at the same time in San Francisco and Berkeley, respectively.  



 

 
 

 

Figure 3. Simulation of two movers moving in opposite directions 

Fig. 3 shows the characteristic trajectory pattern when two movers move parallel to each 

other but in opposite directions. 

2.2 Related work 

There is an extensive literature dealing with trajectory pre-processing, data mining, 

indexing, clustering and anomaly detection. Zheng (Zheng 2015) provides a helpful survey of 

the key research areas in trajectory data mining.  

The anomalous trajectory detection literature is mainly concerned with identifying 

anomalous trajectories within a group of trajectories. Statistical, pattern mining and heuristic 

approaches are common. The anomaly detection method used by Laxhammar (Laxhammar 

2008) is based on unsupervised clustering of sea traffic using a feature model. Two different 

feature models were used – one based of momentary vessel velocities and another which 

incorporated momentary vessel position as well. Ristic et al. (Ristic et al. 2008), uses historic 

vessel trajectory data to build patterns of normal motion. A motion pattern is defined by a 

location and velocity vector. Supplementary attributes like vessel type, season may be 

added. Anomaly detection is done using a Kernel Density Estimator which is applied to 

incoming AIS data. Deng et al. (Deng et al. 2013), divides the region in consideration into a 

grid of 0.1° x 0.1°. Vessel positions are discretized into a sequence of grid cell movements. 

Similarly, vessel speed is also discretized. The translated historical vessel status messages are 

used to develop a Markov Model with probabilities of transition between states. An anomaly 

is said to have occurred when a low probability transition is detected on the live data. Zhang 

et al. (Zhang et al. 2011), detect anomalous taxi trajectories by assuming that they are “few 

and different”. In practice this is done by dividing the space into grid cells and then mapping 
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the sequence of cells traversed by a trajectory. Isolation Forest technique intrinsically 

partitions the trajectories based on the “few and different” property. Anomalous trajectories 

tend to have shorter path lengths in the tree.  Shahir et al. (Shahir et al. 2015), represents 

vessel interaction patterns as Hidden Markov Models and classifies such patterns using 

Support Vector Machines. Anomaly detection is done by using human assistance by 

presenting the initially detected scenario as well as contextual information. Patroumpas et 

al. (Patroumpas et al. 2016)  detects complex motion patterns by using heuristics based on 

the instantaneous and mean motion of a vessel. From the stream of incoming AIS messages, 

“critical points” (stop, turn, slow motion) along a trajectory are determined. Events are 

classified as instantaneous or long-lasting. Instantaneous events like Pause, Speed Change 

are detected by a simple thresholding operation on the instantaneous velocity vector. Long-

lasting events such as Gap, Slow Motion are detected by buffering instantaneous events 

within a sliding window. 

 Most of the existing anomaly detection techniques assumes that anomalous 

trajectory deviates from the norm but is otherwise a faithful representation of the vessel 

motion. To the best of the author’s knowledge, no technique was found which can be 

applied to trajectories that exhibit mover identity problems.   

2.3 Related data quality issues 

Data quality errors rarely occur in isolation. Usually a combination of errors manifests in the 

same dataset. Hence, it is instructive to understand the closely related classes of data quality 

errors.  

2.3.1 Cut-off errors 

Cut off errors are a missing data problem that occurs when a cropped subset of the 

movement dataset is visualized (Andrienko et al. 2016). Trajectories which were continuous 

are broken up as a side effect of data subsetting. Visualization of such a dataset reveals 

several large vertical or horizontal jumps over unlikely distances, as shown in Fig. 4. 



 

 
 

 

Figure 4. Example of cut-off error (Andrienko et al. 2016) 

2.3.2 Jitter 

Jitter occurs due to inaccuracies in the position estimation of recording devices. It is more 

evident at a stop point or a when a mover is moving very slowly. There is a need to 

distinguish jitter from the mover identity problem. 

 

Figure 5. Example of jitter at a stop point 

Jitter movements are characterized short displacements and high angular changes.  

2.4 Need for visual analytics based approach 

Due the potentially large amount of trajectory data being visualized automated techniques 

are needed for exploring the data (Andrienko, Andrienko 2008). At the same time, 

contentious decisions based on the data are best left to humans who are have better visual 
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perception skills and domain expertise. Visual analytic (VA) techniques aim to assist the 

decision making through relevant interactive visualization techniques. 

 

Figure 6. Visual Analytics Process Steps (Keim et al. 2010a) 

 

 

Fig. 6 shows the steps of the visual analytics process (Keim et al. 2010a). The process 

begins with preprocessing of the data to extract the data relevant to the analysis. The next 

step can be either automatic (model driven) or user driven (visualization). Both the 

procedures complement each other, and help to refine the model parameters. The result is 

an increase in knowledge or a new insight into the dataset. 

In the case of mover identity detection, a visual analytic strategy is needed to ensure that 

the selected algorithm parameters can adequately remove the error class. Secondly, it is also 

useful to get a visual continuous feedback in cases where it is not easy to differentiate 

between the different error classes. 

 

  



 

 
 

3 METHODOLOGY 
 

This chapter describes the details of the algorithm to detect potentially anomalous 

trajectories and the duplicate mover within them. As mentioned Chapter 1, the overall 

problem can be logically divided into pre-processing, detection followed by correction 

stages.   

3.1 Pre-processing 
 

A typical AIS message contains information such as the timestamp, latitude, longitude, 

Maritime Mobile Service Identity number (MMSI), latitude, longitude, heading and bearing 

among other fields (Silveira et al. 2013). The MMSI uniquely identifies a vessel. In practice, 

however it is possible that MMSI could be incorrectly configured, leading to mixed up 

trajectories. Due to errors in the AIS data acquisition process, AIS messages can be also 

duplicated.  

As a part of the data pre-processing phase, consecutive duplicate AIS records are 

discarded. Latitude and longitude fields are converted to Web Mercator projection 

(EPSG:3857), to facilitate ease of plotting in subsequent stages. The data originally delivered 

in .csv format is pre-processed and stored in HDF format (Group 2014). This format has 

several advantages. Firstly, the original uncompressed .csv file can be compressed, leading to 

lower on-disk file sizes. Secondly, HDF supports column indexing. The MMSI column is 

indexed, which allows quick loading of a desired trajectory from the file. Finally, the HDF file 

can be read in chunks, which allows multi-gigabyte files to be processed without loading the 

entire file in-core. 

3.2 Heuristic for detection of anomalous trajectories 
 

During offline processing, a dataset containing thousands a of trajectories may need to be 

analyzed. A quick heuristic to detect which of these trajectories are anomalous is needed. 

Trajectories containing duplicate IDs are characterized by many high velocity jumps. This 

property is therefore used to detect anomalous trajectories. The figure below shows the 

speed histogram of an anomalous trajectory. Typically, marine vehicles do not exceed 100 
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km/h. A simple threshold value for mean speed is used to filter possible anomalous 

trajectories.  

Figure 7. Speed histogram of an anomalous trajectory  

3.3 Duplicate mover ID detection algorithm 

A manual grouping technique for trajectory points is proposed. The algorithm works as 

follows: Each trajectory point is processed sequentially, and allocated to the group that best 

fits it based on the properties of the group and the trajectory point under consideration.  

Table 1. Group properties 

Property Description 

Last point Latitude, longitude of the last inserted point 

Last point 

timestamp 

Timestamp of the last inserted point 

Points List of all points belonging to this group 

Angles List of angle changes between subsequent 

points in this group 

 

The first point of the anomalous trajectory is allocated to a new group, since there are no 

other groups. The next trajectory point will be allocated to the closest group which satisfies 

distance and time thresholds. The last inserted point in a group is used as a reference point 

for distance and time difference calculations. If none of the existing groups would satisfy the 

distance and time thresholds, a new group is created, and the point is inserted into it. After 

all the points are classified, groups that exhibit high mean angular changes and low total 



 

 
 

distance covered are considered as stop points. A group direction property could also 

theoretically be used for finding the best group, but in practice this was not found necessary 

when working with the available maritime datasets.  

 

Figure 8. Trajectory points are placed into the closest group which satisfies the time and distance thresholds 

A trajectory can have thousands of points, and computing the distance to each group can 

quickly become non-trivial. An R-Tree spatial index is therefore used to optimize the time 

complexity of the search for the closest matching group. The R-Tree (Guttman 1984), is a 

height-balanced hierarchical index data structure and it is typically used to quickly find 

objects falling within a rectangular query region. It is also possible to query the data 

structure to find the closest object from any given position. The data structure is used to 

keep track of the location of the last inserted trajectory point in each group. When a new 

trajectory point is to be categorized, a nearest neighbor search is initiated on the R-Tree to 

find the closest group. If a group is found that satisfies the spatial distance and time 

thresholds, the trajectory point is inserted into that group. The R-Tree leaf object for that 

group is then updated.  
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Figure 9. Duplicate mover detection algorithm applied to a trajectory in the Wuhan dataset, showing one stop point (green) 

and one mover (yellow). The red lines show the input trajectory 

 

Figure 10. Close up view of a stop location showing jitter 

 

Fig. 9 above, shows an anomalous trajectory in red from the Wuhan dataset. The duplicate 

mover identifier algorithm detected two groups of trajectory points. A green cluster around 

a stop point and a yellow cluster of a mover.  

After the completion of the grouping, the corrected trajectory is trivial to obtain. 

Each group contains a list of points belonging to it. These points are used to generate a 

corrected sub-trajectory. These are output to a file with a renamed trajectory identifier. The 



 

 
 

new trajectory identifier is obtained by appending the group number to the old trajectory 

identifier. 

3.3 Visual-interactive component 

As explained in Chapter 2, a visual analytical approach is needed in approaching the problem 

of duplicate movers. The operator expertise will be needed to determine the ideal detection 

algorithm parameters. As shown in Fig. 11, The task oriented view of information 

visualization (Maletic et al. 2002) describes visualization as a pipelined process that takes 

one from the raw data to different views of the same data. Since it is essentially exploratory 

in nature, the user can interact with the visualization at each step to get the desired insights 

or to effect an outcome. 

 

Figure 11. Task oriented view of Information Visualization (Maletic et al. 2002) 

As a first step, a visualization method is needed to display the uncorrected anomalous 

trajectories.  

The anomalous trajectories have a large number of overlapping segments, which leads to 

overplotting and loss of details when visualized. It is still possible to discern some details 

such as stop positions and long jumps if the trajectories segments are colored based on the 

count of overlapping segments. The most frequently overlapping areas appear brighter, as 

seen in Fig. 12 and Fig. 13.  
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Figure 12. Visualization of an uncorrected anomalous trajectory 

 

 

Figure 13. Visualization of 3 million records from the European maritime dataset. The frequently occurring long distance 
jumps are clearly visible. 

 

The maritime dataset loader interface allows an operator to load a dataset, and view a table 

of statistical information of each trajectory. By interacting with the table, a linked speed 

histogram. Thus, a decision can be made to further investigate a trajectory, if needed.  



 

 
 

 

Figure 14. Screenshot of the data loader interface 

 

The duplicate mover detection interface (Fig. 15) consists of a large slippy map panel 

allied with widgets on the right side. This is coupled with a linked timeline display sub-

trajectories timeline. The widgets allow the operator to load a selected trajectory by the 

trajectory identifier. Furthermore, the parameters of the mover identifier detection 

algorithm such as distance and time can be configured.  

 

The basic interaction primitives being used are pan and zoom, filter and details on 

demand (Shneiderman 2003).  In order to reduce clutter, the top n largest groups can be 

displayed using the slider widget. 

 

Figure 15. Visual Interface for duplicate mover detection 
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Figure 16. Sub-trajectory details are revealed on demand 

The slippy map allows pan and drag as well as zoom interactions. The sub-trajectories are 

displayed as line segments with an arrow indicating the direction of travel. The detected stop 

points are represented by a single circle, instead of a cluster of very closely spaced points. 

This improves legibility of the map. 

A typical maritime trajectory can have thousands of points. However, the trajectory 

can be fairly represented by a smaller number of points. The Douglas-Pecker algorithm 

(Douglas, Peucker 1973) is utilized to simplify the displayed trajectory line segments. 

Reducing the number of points in the visualized trajectory not only reduces clutter but also 

improves the responsiveness of the visualization. 

The timeline view gives a quick overview of the relative temporal position of each 

sub-trajectory. It is basically a stacked horizontal bar graph linked to the currently displayed 

data on the slippy map. Thus, the interface allows and operator to compare the relative start 

and end timings of the sub-trajectories. Stop points are seen as a continuous line in the 

timeline view. If two or more sub-trajectories follow each other without overlap, there is a 

possibility that they may be a single trajectory. The timeline view gives hints on the temporal 

properties of the identified movers. Finally, the corrected trajectory can be written to file 

using the interface. 

3.4 Handling of cut-off errors and sudden jumps 

As discussed in Chapter 2, cut-off errors can occur when trajectory datasets are 

cropped from a larger source dataset. Misconfiguration and transient failures in position 

acquisition can also cause sudden sporadic jumps to distant or spurious locations such as 0°N 

0°E. A straightforward way to filter these sudden jumps is to compute the inter point speeds 



 

 
 

and then delete trajectory segments that fall above a given speed threshold. The visual 

interface for handling this class of errors is shown in Fig. 17.  

 

 

Figure 17. Cut off error removal interface 

The speed threshold slider can be adjusted to a desired value. All trajectory segments 

above the speed threshold are displayed in red with the rest in blue. An operator can quickly 

get feel for the desired threshold values since the impact is immediately visible in the slippy 

map. Finally, the corrected trajectory can be exported to an output file.  

3.5 Batch Processing 

The primary purpose of the visual interface is to aid in data exploration and to determine the 

correct parameter settings for the datasets. Following this, the correct algorithms will be 

applied to the rest of the data in batch mode.   
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4 Evaluation of the maritime use case 
 

The threshold based methodology for detection and correction of anomalous trajectories 

can conceivably be applied to any form of locomotion. However, within the context of this 

study, focus was given to the maritime domain. Some assumptions related to the maritime 

domain are made. For example, ships generally execute turns slowly and do not make 

sudden high angular movements. Therefore, a series of consecutive high angular movements 

with low displacement is considered to the side effect of jitter and hence taken to be a stop 

point. 

Two AIS datasets were analyzed. The datasets capture a month’s worth of vessel 

traffic in the Chinese Wuhan region and the European coasts respectively. The European 

dataset covers large parts of the Western European coastline in addition to the 

Mediterranean Sea and the Black Sea. 

Table 2. Details of the datasets used 

 Wuhan Dataset European Dataset 

Region China Europe 

Total number of records ~13 million ~61 million 

Total number of trajectories 45,318 118,000 

Duration 1 month  
(2015-10-01 to 2015-10-31) 

1 month  
(2016-01-01 to 2016-01-31) 

Original format CSV CSV 

File size 6 GB 3.7 GB 

 

The Wuhan datasets exhibits several trajectories having the mover identifier problem, 

whereas in the European dataset, cut-off errors are more frequently seen.  

4.1 Mover identity problem in the Wuhan dataset 

The visual data loader interface was used to quickly narrow down problematic trajectories. 

Initial inspection of these trajectories showed that they had the distinctive criss-cross 

trajectory segments caused by the mover identifier problem.  

As an example, a specific trajectory from the Wuhan dataset is considered. Details of this 

trajectory are given in the following table.  

 



 

 
 

Table 3. Details of the anomalous trajectory under analysis 

Trajectory ID 413000000_  7 

Npoints 6559 

Duration 19 hours 

Total distance  125880 km 

Mean Speed 6625 km/h 

 

Loading the trajectory in the visual interface with the default thresholds of 500m for distance 

and 30 minutes for time indicates that there are at least three stop locations. It’s likely that 

some of the vessels were docked at these points.  

 

 

Figure 18. Stop locations identified by the colored circles 

The largest identified mover groups are displayed as colored lines with a glyph indicating the 

direction of movement. The general direction of movement of the movers is from east to 

west from Wuhan towards Jinkou.  A domain expert operator would be able to make a more 

informed decision by adjusting the algorithm parameters and observing the changes in the 

map and the timeline view.   
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Figure 19. Identified movers shown as colored sub-trajectories 

 

Some of the processing outputs with other trajectories from the Wuhan dataset are shown in the Fig. 

20 below.  

 

Before correction After mover ID correction 

  

 
 



 

 
 

  
Figure 20. Examples of mover detection (before and after correction) 

 

4.2 Cut-off problem in the European dataset 

In order to visualize the problems in the dataset, several trajectories from the dataset were 

first visualized. The cut-off problem is then immediately apparent since large jumps are seen 

from river bodies to the middle of far-flung land masses.  

    

Figure 21. Trajectories in the European dataset showing cut-off errors 

 

The visual interface was used to load several trajectories and test out various thresholds. The 

selected threshold value of 110 km/h was found to be remove most of the cut-off errors. 

This was also cross checked by looking at the histogram of speed distribution within this 

dataset.  
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Figure 22. Visualization of the European dataset before and after applying speed based correction 

Although there is a visible reduction in the number of cut-off errors (Fig. 22), there are still 

several long distance segments remaining. These remaining long jump errors occur due to 

large temporal gaps between trajectory points. It could be solved splitting the trajectory into 

sub-trajectories at points where the large temporal gaps are seen. It can also be feasibly 

approached by applying mover ID correction after the removal of cut-off errors. 

In summary, the algorithms developed can target the mover ID problem as well as cut-off 

errors. However, an expert human operator is needed firstly to recognize which method is to 

be applied and secondly to determine the correct parameter settings for batch operation.  

 

  



 

 
 

5 RESULTS 
 

The previous chapters described the technique used to detect duplicate movers and to 

correct the cut-errors. To illustrate the results numerically, sample trajectories from each 

dataset will be chosen. 

5.1 Wuhan dataset 

The Wuhan dataset has 45,318 trajectories. A test trajectory with 6559 points is chosen for 

analysis. Prior to correction, the test trajectory had a total distance of 125880 km. After 

duplicate mover id correction, the total distance covered by the sub-trajectories is 300 km 

with an average speed of 9.3 km/h. Visualization of the corrected sub-trajectories indicate 

that criss-crossing line segments indicative of the mover identity problem are no longer 

present. Points with consistent jitter were classified as stop points. The general pattern of 

motion of the movers was determined.  

5.2 European dataset 

A test trajectory with 8965 points was chosen for analysis. The cut-off error algorithm detected 131 

segments above the chosen threshold of 110 km/h. The average speed of the trajectory reduced 

from 193 km/h to 3.2 km/h after correction. The standard deviation of speeds reduced from 3421 to 

5.7. This indicates that the corrected dataset has more uniform speed, which matches our 

expectations. Visual inspection also indicates a reduction in the number of anomalous jumps. 

5.3 Performance 

Since the developed technique are applied to extremely large datasets, it is vital that the 

efficient algorithms are used. In the case of the duplicate mover identification algorithm, R-

Tree, which has highly efficient nearest neighbor search implementations (Roussopoulos et 

al. 1995) were used. 

The compute performance of the algorithm was tested on a laptop with following 

specifications. 

Table 4. Specification of system used for performance test 

CPU Intel core i5 5200U 

RAM 8 GB  

OS Windows 10 64 bit 

Hard Drive Seagate Momentus 5400 rpm 
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In the Wuhan dataset average length of a trajectory is 297. The test trajectory with 6559 

points was processed by the mover id detection algorithm in 1.87s. It should be noted that 

75% of the trajectories were less than 338 points in length, and so processing of those will be 

much faster.  

The time complexity of the cut-off error detection is much better since the algorithm is quite 

simple. The test trajectory of 8965 points was processed in 7.12ms.  

5.4 Limitations 

One of the potential issues with the mover detection algorithm is the creation of large 

number of sub-trajectories. In order to mitigate this problem from a visual perspective, only 

the largest sub-trajectories were displayed in the user-interface by default.  

The cut-off detection algorithm does not deal with the case where there are large time 

deltas between successive points. As mentioned, this can be dealt with by splitting the 

trajectory into sub-trajectories. 

 

  



 

 
 

6 CONCLUSION AND RECOMMENDATIONS 
 

The aim of the thesis was to address develop an algorithm to address a frequent class of 

data quality problem seen in movement datasets. Mover identity problems can occur in any 

movement dataset where one or more movers share the same identifier within a trajectory. 

Cut-off errors are another related class of errors. It presents itself as anomalous jumps 

within a movement dataset and is caused due to cropping of the original source of the data. 

The technique to detect the mover identity problem is based on grouping trajectory points 

to their closest groups by time and distance thresholds. Cut-off errors on the other hand are 

detected by looking for and deleting segments that have very high velocities.  

The solution to both problems requires a visual-analytic approach. A visual-

interactive interface using slippy maps and configurable widgets was developed to address 

both classes of movement errors. The techniques developed were applied to two datasets, 

one from the Wuhan region and another covering the European coastlines. The performance 

of both algorithms was tested.  

This thesis presented a new way of visualizing and correcting trajectories which 

exhibit the mover identity problem. Understanding the data quality errors in a movement 

dataset requires a combination of detection algorithms, visualization methods and human 

expertise. The work done in this thesis further strengthens that idea.  

6.1 Future work 

An initial study in the domain of mover identity problems was conducted as a part of this 

thesis. As a part of future research effort, it is possible to improve the accuracy of the 

duplicate mover detection by incorporating more motion characteristics such as acceleration 

and turning angle. The contextual information regarding the detected movers can be 

expanded to include more types of information such as vessel class, origin and destination.  

The focus in this study was on maritime datasets. However, the data quality problems 

can also occur in other movement datasets such as flight trajectories or urban transport. 

Since the technique is general in nature, it would be promising to customize and apply them 

to other modes of transport.  
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It is also worth exploring the possibility of creating a movement data quality 

correction algorithm that handles multiple classes of errors in parallel. This is would 

especially useful as a detection and correction component of a distributed and scalable 

movement data quality analysis platform. 
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