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Abstract—In the automotive community, methods for tracking,
localization, and situational awareness are routinely tested on
well-known open-source datasets from the real world. In many
other applications of target tracking, such as maritime radar
tracking, there is a lack of such data. In this paper, we present
a large dataset consisting of data recorded by a frequency-
modulated continuous wave radar overlooking the Trondheim
City Canal over several weeks during the summer of 2023. The
dataset includes a rich variety of boat traffic, ranging from
large ferries to formations of kayaks. All the data have been
analyzed by means of classical joint integrated probabilistic
data association-based multiple target tracking. We point out
several challenges that arise in this dataset, such as merged
measurements and multipath. We also demonstrate that the data
are sufficient to generate statistical information about traffic
patterns in the City Canal.

Index Terms—Radar tracking, marine radar, maritime dataset,
autonomous surface vehicle (ASV), marine technology.

I. INTRODUCTION

Methods for detection, tracking, and localization play a
central role in several safety critical applications, such as traffic
control and autonomous vehicle systems. The performance
of such methods can be verified through three different ap-
proaches: Implementation on simulated data, implementation
on real data, and real-time implementation in the intended
application. In the literature on radar tracking, which is a
cornerstone in the sensor fusion literature, verification by
simulation is the dominating approach. In contrast, verification
on real data is the dominating approach in the computer vision
literature. In the robotics literature, where lidar and camera
are popular sensors, several benchmark datasets are routinely
used to assess the performance of new methods. However, no
established benchmark datasets exist for radar tracking in the
maritime domain.

In this paper we focus on maritime radar tracking, largely
motivated by research on autonomous surface vessels (ASVs).
In particular, the autonomous passenger ferry milliAmpere
2 was developed to bring passengers across the City Canal
in Trondheim, Norway. It uses radar and lidar as its main
exteroceptive sensors. Consequently, it is of importance to
establish a comprehensive understanding of both radar tracking
in the canal, and of the patterns that can be found in the boat
traffic in the canal. For these reasons, a comprehensive radar
dataset was recorded over several days during the summer
2023.
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The main contribution of this paper is to present this dataset,
which has been made publicly available for the benefit of the
engineering community. It can be found free to download at
http://doi.org/10.5281/zenodo.10706215. We analyze the data
by means of a multi-target tracker in the Joint Probabilistic
Data Association (JPDA) family. This analysis brings attention
to several challenges which may be of interest, such as
multiple closely spaced targets, multi-path effects, and merged
measurements. Furthermore, we sketch how a simple counting
technique can provide information about traffic patterns in the
canal based on the tracking results.

This paper is organized as follows. In Section II we provide
a brief survey of related work. In Section III we present the
dataset, and in Section IV an analysis on dataset is presented
including a traffic analysis. Finally, in Section V we conclude
the paper.

II. RELATED WORK
A. Target Tracking of Maritime Vessels

Tracking of vessels using shore-mounted or ship-mounted
radars is a well studied problem, and an ingredient in many
commercial products. Several papers, [1], [2], [3], [4], con-
siders the use of various versions and extensions of JPDA for
multi-target tracking on maritime radar data. Less established
approaches, such as extended object tracking [5] and track-
before-detect [6], have also been proposed. Systems for multi
hypothesis tracking (MHT) on maritime radar data have been
reported in [7] and [8] in the scientific literature, although
without detailed descriptions of the algorithms.

B. Vessel Traffic Analysis

Several papers have proposed techniques for using historical
data to analyse and predict ship traffic. To the best of our
knowledge, all of these papers have used historical Automatic
Identification Systems (AIS) data. This has been achieved
through various methods, including nearest neighbor tech-
niques [9], [10], recurrent neural networks [11], and clustering
of trajectories [12]. Long-term prediction of vessel motion has
also been studied by taking a hand-crafted traffic pattern as a
prior input [13].

The absence of radar data in the input to these methods is
problematic because not all vessels carry AIS transponders.
While AIS data may provide a comprehensive understanding
of how large vessels navigate in a fjord or across an ocean, it



fails to reveal the traffic patterns of smaller vessels, such as
recreational boats and kayaks.

C. Maritime Radar Datasets

In the automotive and robotics communities, benchmark
datasets are routinely used for verification of sensor fusion
methods. The most famous is the KITTI dataset [14], which
involves annotated data from GPS, lidar, and stereo cameras
mounted on a car driving around the mid-size city of Karl-
sruhe. Over the previous decades, a lot of different datasets for
the automotive industry have been posted, where each dataset
has its own strengths and weaknesses. Many datasets for
computer vision have been posted, including CamVid ([15]),
Cityscapes ([16]), and Mapillary Vistas ([17]), to mention
some.

In more recent times, extended datasets have been pub-
lished, containing complete sensor suites including radars.
Marulan dataset ([18]) was one of the first, followed by some
others, such as nuScenes ([19]), Oxford Radar Robotcar ([20]),
Mulran ([21]), and Boreas ([22]).

In the maritime context, the most similar dataset is the
Pohang Canal Dataset [23], which includes data from radar,
lidar, omnidirectional cameras, and stereo cameras mounted
on a vessel traversing a 7.5km long canal. The dataset does
not come with annotations, and the paper does not provide
any analysis of the boat traffic present during the recording.

Other datasets of a similar nature have been recorded from
Unmanned Surface Vehicles (USVs). The dataset USVIn-
land [24] contains data from multiple sensors, including a
millimeter-wave radar (with a range of 18.08 meters), lidar,
stereo cameras, GPS, and IMUs. It was collected during the
summer of 2020 in three different cities in China, covering
a trajectory of over 26km. The dataset FloW [25] includes
data from two cameras and a millimeter-wave radar. It can be
divided into two subsets: FloW-IMG, consisting of videos and
images, and FloW-RI, consisting of radar data and image data.
Both datasets can be requested on their homepage.

Several other large maritime datasets exist. However, the
majority of these datasets comprise camera images. The well-
known Singapore Marine Dataset (SMD), presented in [26],
consists of 81 videos. Another dataset, the Marine Object
Detection Dataset (MODD), presented in [27], consists of 12
videos containing 4454 annotated frames. One more, MODD2,
presented in [28], consists of 28 videos containing 11675
annotated frames. All three of these datasets are combined
into a unified dataset known as Marine Object Detection and
Segmentation (MODS), as described in [29]. They all serve
as benchmark datasets for computer vision.

To the best of our knowledge, the scientific literature con-
tains only two datasets in which multi-target tracking has been
implemented on maritime radar data. Three scenarios recorded
outside of the Strait of Kadet are introduced in [4]. This
datasets are not publicly available but can be obtained upon
request to the authors pending clearance considerations such
as nationality. Two scenarios from an autonomy experiment
conducted in Trondheimsfjorden, Norway, are presented in [1].

Fig. 1: The sensor station, with a Simrad 4G FMCW solid-
state radar and a Sony-Ipela HD SNC-HM662 IP camera.

The second of these scenarios, the Autosea Final Demonstra-
tion, included both a large research vessel and three high-
speed Rigid Inflatable Boats (RIBs). Thus, both [4] and [1]
presented only a handful of scenarios. In contrast, the present
paper reports a dataset containing a much larger number of
scenarios

Other types of maritime radar datasets have also been
recorded to enable and validate detection methods based on
machine learning. An example of this is the dataset reported
in [30], which is constructed based on Plan Position Indicator
(PPI) images displayed on the terminal of the maritime radar.
However, this dataset has not been made publicly available.

ITI. DATASET
A. Experimental Setup

The onshore sensor station used for collecting data is
located at Fosenkaia in Trondheim. The station consists of two
sensors: a Simrad 4G Frequency Modulated Continuous Wave
(FMCW) solid-state radar and a Sony-Ipela HD SNC-HM662
IP camera, as illustrated in Fig. 1. The exact position of the
sensor station in WGS-84 coordinates is 63°26°06.6”N and
10°23°34.9”E. The radar is mounted roughly 3.3 meters above
ground level and approximately 4-7 meters above sea level,
depending on the tide. The position of the radar in relation to
its environment can be seen in Fig. 2.

B. Land Filter

Due to the sensor station being located onshore in an urban
environment, it frequently received returns from surrounding
buildings, terrain, and other onshore objects. These returns
were effectively filtered out using information from a map
supplied by the Norwegian Mapping Authorities. The setup of
the land filter follows the same description provided in [32].
The map indicates the locations of land within the radar’s field
of view, and all detections overlapping with land are filtered
away. By also incorporating a 10-meter error margin in this
land filter, returns from stationary objects and docks located
close to land could also be filtered away, leaving only the



Fig. 2: Radar position and range displayed on Google Earth
[31].
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Fig. 3: The white areas are water, the dark grey areas are true
land, and the light grey areas are dilated land given by the
land filter.

activity in the canal available for recording. Fig. 3 shows the
dilated map compared with actual land.

C. The Trondheim City Canal

The canal runs from south-west to north-east, from area C
to area A in Fig. 4. Both ways are leading out into the fjord,
but the shortest way is travelling passed area C. Area B leads
into a tunnel, which is a shortcut out to the fjord. Area D
is a small harbor, Ravnkloa, where a passenger ferry docks.
Area E is a location where medium sized vessels dock at the
quay. Area F is a marina for small wooden boats. The region
between area D and area A are private property, and targets
rarely move to this area.

D. Radar Tuning

The radar was tuned using the parameters listed in TABLE I.
Due to the limited size of the canal, a range of 150 meters
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Fig. 4: The six orange areas are regions where most vessels
enters and leaves the surveillance region.

TABLE I: Radar parameters during dataset recording.

Radar parameters

state 3: Transmit
range 150 [m]
autogain 0: Off
gain 75
seaClutterType 1: Harbour
rpm 438 [rpm]
beamSharpening 0: 2.6°

was sufficient to cover its interesting parts, as illustrated in
Fig. 2. For this specific radar, the gain was manually set to
75. A larger gain could have been used; however, a gain of
75 proved sufficient for detecting all objects within the canal,
with the benefit of reducing multipath effects. Sea clutter was
automatically tuned using the radars harbour functionality. The
radar’s rotation speed was set to 48 rpm. Finally, the beam
sharpening parameter was set to zero, giving in a beam width
of 2.6°.

E. Clustering Algorithm

The collected dataset has poor angular resolution and is not
suitable for extended object tracking. However, by clustering
the measurements and using the centroid as the true detection,
the standard assumption model for multi-target tracking can
be considered valid. The clustering algorithm used on the data
is also based on the pipeline described in [32]. The algorithm
assumes that detections that are close to each other come from
the same object. Each cluster of multiple detections represents
a single measurement. We refer to detections that are close
to each other as neighbors, and the neighbors are defined by
having an Euclidean distance lower than a threshold, that is,

Ipi = psll < R, )]

where p; and p; are points, and R is the threshold distance.
The clustering algorithm is using single-link hierarchical clus-
tering with k-d trees for optimizing the algorithm’s complexity.



E. Dataset Description

The dataset was recorded during the summer of 2023, from
August 15th to September 24th. In total, the dataset includes
data from 27 different days, with a total of 1027 scenarios
with various environmental conditions. However, most of the
data is recorded during excellent weather conditions. Some
recordings are also done by night. The published dataset only
consists of data collected from the radar. Some images from
the camera were captured and used as ground truth to aid in
the data analysis in an early phase. However, these are not
synchronized with the radar data and is hence not included in
the dataset.

1) Dataset structure: Due to memory considerations, the
published data consists of radar detections after clustering and
land filtering, rather than the raw radar spokes. The dataset is
stored in JavaScript Object Notation (JSON) files, formatted as
JSON arrays. Each array element corresponds to a single time
instance and is saved using a custom-defined Robot Operating
System (ROS) message, containing all the information gener-
ated by the clustering algorithm. This message includes the
Unix timestamp, the position of the clustered measurements
center, the center of the polygon enclosing the cluster, a list of
points outlining the polygon, and the area of the polygon. All
the data are given relative to the radar in cartesian coordinates.

The data is structured in a total of eight directories, and fol-
lows the structure below, where the numbers in the directories
names are the specific dates of the recordings.

/

L radar_data.zip/
| data_aug_15-18/
rosbag_2023-08-15-13-31-51.json

| data_aug_18-19/
rosbag_2023-08-18-13-30-58.json

| ...
| _data_sep_17-18-19-24/
rosbag_2023-09-17-12-12-38. json

G. The Recording Process

During recording, the sensor station was not connected
online. So, to initiate data recording, manual intervention was
necessary to connect to the sensor station and activate the
ROS driver. While one could have simply initiated the ROS
driver and allowed it to continuously record, this approach
posed several drawbacks, including the rapid consumption of
the station’s limited storage capacity and the storage of vast
amounts of irrelevant data.

To avoid the manual intervention when recording, an au-
tomated recording process was developed. This process is
operated by monitoring the output from the algorithm that
clusters any measurement present after the data has passed
through the land filter. When the clustering algorithm detects
an object, a new recording is initiated. The recording continues
for 10 seconds after the clustering algorithm ceases to produce

output. A drawback with this procedure was that returns from
stationary objects present in the surveillance region made the
clustering algorithm continuously give output. To avoid this,
some manual adjustments to the land filters were made on
a daily basis, depending on the location of different vessels
moored in the area. However, these manual adjustments were
removed from the data before uploading it, ensuring that all
the activity in the canal is present in the dataset, including
stationary targets.

A scenario in the dataset is defined as a single continuous
recording. This means that a scenario starts when the clus-
tering algorithm starts giving output and continues until 10
seconds after it ceases giving output. It may include anything
from one target to multiple targets, depending on whether
new objects enter the surveillance region before the recording
should stop.

H. Key Features in the Dataset

The dataset contains a wide variety of scenarios, capturing
every activity in the canal during an active recording period.
This includes everything from a single vessel passing to
multiple kayaks arriving in groups, and the passenger ferry
departing and arriving.

Since the dataset consists of real world radar data, common
limitations with a radar system are reflected. Merged mea-
surements situations and multipath effects are phenomena that
occur.

1) Multi-target scenarios: One aim behind the construc-
tion of this dataset has been to obtain bona-fide multi-target
scenarios from the real world, where two or more vessels
are so close that significant measurement contention arises.
Out of the 1027 scenarios, 69 have been identified as multi-
target scenarios. The process behind identifying them is quite
simple. For every time step, the distances between the current
positions of the tracks is compared. If some of the tracks are
in close proximity to each other, the Mahalanobis distance of
the posterior estimates is checked. If this distance is below
3, the scenario is assumed to be multi-target. In Fig. 5 and
Fig. 6, two examples of multi-target scenarios can be seen.

2) Merged measurements scenarios: A common limitation
of a radar systems is resolution. If targets move too close
to each other, they can typically merge into one cluster. In
the dataset, 112 scenarios of this kind have been identified.
The idea behind the identification process is quite simple and
contains two main steps.

The first step is to identify close measurement pairs. At
every time step, the distances between all the measurements
that appear is calculated. If the distance between two mea-
surements is below some threshold, they are saved as a close
measurement pair. There are also some other conditions for
the approval of a close measurement pair: the cluster area is
larger than a threshold, and the close measurement pair lies in
the middle of the canal and not close to land. These conditions
are included to reduce the number of false positive scenarios
due to many cluttered scenarios.
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Fig. 5: An example of a multi-target scenario with 3 tracks.
Stationary targets are also displayed. The measurements are
plotted as points ranging from light gray to black. The color
scaling of the points represents when measurements were
taken, with the lightest gray indicating the first measurement
and fully black indicating the last measurement. The tracks
starts with a red dot, and the states of the tracks follows the
lines corresponding to the track’s color. The semi-transparent
circles at every step represent the posterior covariance ellip-
soid of the track at the current step. Scenario captured on
18.09.2023 at 17:42:41.
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Fig. 6: Another example of a multi-target scenario with 3
tracks. This scenario has many of the same stationary targets
as in Fig. 5. Scenario captured on 18.08.2023 at 15:14:30.

The second step is to check if the close measurement pairs
merge into a single measurement with a cluster area larger than
the combination of cluster areas of the close measurement pair
in the next time step. In Fig. 7 and Fig. 8, two examples of
merged measurement situations can be seen.

3) Multipath scenarios: Multipath effects are something
that occur frequently in the dataset, typically happening when
large vessels are moving close to the sensor station. A total of
117 scenarios have been identified with multipath effects. The
process of identifying them can be divided into several steps.
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Fig. 7: A scenario with merging measurements. The actual
scenario contains more measurements than displayed. The
figures shows 30 time steps before merging happens, and 10
time steps after. It displays two objects passing close to each
other. Scenario captured on 19.08.2023 at 14:22:41.

20

= Close measurement pair cluster area
== Merged measurement cluster area

e Close measurement pair

© Merged measurement

North [m]

0 20 40 60 80 100 120
East [m]

Fig. 8: Another scenario with merging measurements. This
scenario also contains more measurements than displayed. It
displays two objects coming from the same direction and
moving close to each other. A third object is also coming
from the same direction but is a little way behind. Scenario
captured on 29.08.2023 at 18:41:39.

The first step is to check if measurements are close to
the sensor station, that is, not farther than 50m away. The
second step is to check the size of the cluster area. When
multipath occurs in this dataset, the objects are quite large.
So, the cluster area have to be a minimum of 150m?. If a
measurement satisfies these two conditions, it is defined as a
multipath parent.

Moreover, measurements at the same timestamp are
checked. If they are located in the sector behind the multipath
parent, they are defined as multipath children. One multipath
parent must have at least one multipath child for it to be
approved as a valid parent. The sector for the multipath
children are limited to 6° on each side of the multipath
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Fig. 9: Example of a multipath scenario. The actual scenario
contains more measurements than displayed. The figure shows
only the measurements relevant for defining it as a multipath
scenario. The dashed lines for the sectors represent 6° to each
side of the first and last multipath parent. Number of parents:
7, number of children: 17. Scenario captured on 17.09.2023
at 12:12:38.
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Fig. 10: Another example of a multipath scenario. This
scenario also contains more measurements than displayed.
Number of parents: 14, number of children: 26. Scenario

captured on 18.08.2023 at 18:32:57.

parent. By visual inspection, multiple valid multipath parents
occur in the same scenario if it is truly a multipath scenario.
Therefore, a minimum number of 3 valid multipath parents
must be present in a scenario for it to be defined as a multipath
scenario. In Fig. 9 and Fig. 10, two scenarios containing
multipath effects can be seen.

An overview of the different types of classified scenarios
can be seen in TABLE II. It is worth noting that a single
scenario can be classified as all three types.

IV. TRAFFIC ANALYSIS
A. Multi-Target Tracking

The multi-target tracker developed in [1], a generalized
version of the JIPDA, was used to establish tracks for the

TABLE II: List of the number of time the different scenarios
occur in the dataset.

Type of scenario | Number of scenarios

Multi-target 69
Merged measurement 112
Multipath 117

TABLE III: Parameters for the multi-target tracker.

Quantity Symbol Unit Value
Initial velocity std. oy [m/s] 3
Detection probability Pp[%) 92
Clutter intensity A [1/m?) 1x 1073
Gate size g[—] 3.0
Survival probability Ps[%) 90
Existence confirmation threshold Te[%)] 99
Existence termination threshold Ta[%] 10
Visibility Markov probability W] 0.90
Visibility Markov probability wl0[—] 0.10
Visibility Markov probability wO[—] 0.52
Visibility Markov probability w90 [—] 0.48
Cartesian noise std. oc| m] 4.0
Polar range std. o[ m] 2.0
Polar bearing std. oo [°] 1.0
Model process noise Oa,l [ m/ 52] 0.5

traffic analysis. These tracks were also used to identify the
different kind of multi-target scenarios described earlier. This
specific JIPDA includes functionality for multiple models.
However, only a single constant velocity model was used, as
the vessels inside the canal have relatively low speeds. The
tuning parameters for the multi-target tracker can be seen in
TABLE III. The notations are the same as in [1].

B. Track filtering

A tracking method applied to real data will typically gen-
erate tracks on both stationary objects as well as moving
targets. Spurious tracks caused by birds, multi-path, and clutter
in general, are inevitable. Several methods for filtering away
nonphysical tracks have been tested, resulting in these four
filtering methods.

1) Coherence Factor: We can use the concept of track
coherence that was proposed in [33] to distinguish tracks on
moving targets with an intentional motion, from other targets.
Let uy, = p;, —p)_,, where p;, contains the x- and y-positions
of the k-th state, vj represents the velocity of the current
state, and ~; denotes the angle between w; and vy. The track
coherence cj, can then be calculated using,

k
1 vlTul
oy ©)
k= |lvi|| [l

Track coherence measures how straight an object is moving
by examining the angle between the position vector and the
velocity vector. When this angle is small, the cosine of the
angle approaches one. By applying this criterion to the state

k

=1



history of a track and checking if the value is below a certain
threshold, nonphysical tracks can be filtered out.

2) Minimum number of track states: We assume that true
targets within the canal are in motion. Therefore, established
tracks must have a minimum of 20 states to be deemed valid.
Tracks with less than 20 states are therefore assumed invalid
and are filtered out.

3) Average track speed: The canal has a speed restriction
of 5 knots. Occasionally, some targets may surpass this limit
slightly. However, no targets should exceed a speed of Sm/s
(9.7 knots). Consequently, any tracks exhibiting an average
speed beyond this threshold are filtered out.

4) Jumping tracks: The established tracks are supposed
to represent the movements of the objects in the canal, and
in general these objects exhibit low accelerations. Thus, a
nonphysical movement involves a track jumping a significant
distance from one state to another. However, nearby measure-
ments might disturb some tracks, causing them to be drawn
towards these measurements and swiftly return to the ’correct’
ones. By permitting tracks to exhibit this behavior only once,
tracks with nonphysical movements can be filtered out.

C. Traffic Matrix

It is of interest to investigate whether there are correlations
between where a vessel enters the surveillance region and
where it exits the surveillance region. To conduct such an
analysis, the regions where targets may appear or disappear
are defined by the six areas drawn out in Fig. 4.

After running all 1027 scenarios through the multi-target
tracker, and filtering out invalid tracks, a total of 1657 tracks
were established. Out of these, 412 were not accounted for, as
they either did not start or stop at valid locations. Therefore,
the resulting traffic matrix, in TABLE IV, consists of 1245
tracks. The left column describes where a track starts, and
the top row describes where it ends. For example, for tracks
starting in area B, 113 of them end at area A. The numbers
on the diagonal should be close to zero, since a vessel would
normally travel from one place to another. When comparing
the traffic matrix with the average length of the tracks in
TABLE V, it can be seen that the average length is generally
much lower on the diagonal. This implies that most of the
tracks on the diagonal are stationary tracks, or nonphysical
tracks that passed through the filtering process.

If we simplify the traffic matrix by assuming there are
no tracks on the diagonal, a new matrix can be set up, as
in TABLE VI. As seen, area A is now where most tracks
start. This coincides with the arbitrary observation made
from the sensor station. The parts of the canal farther east
serve as an alternative marina for recreational boats, so it is
logical that many vessels come from this area, as recreational
boats typically heads out into the fjord. Additionally, kayak
formations originate from area A, as a company dealing with
kayak rentals has a popular route originating there.

TABLE IV: Resulting traffic analysis matrix.

A B C D E

A 14 98 214 8 8 2 344
B | 113 4 51 90 9 14 281
Cc | 123 61 159 13 5 2 363
D 13 44 16 27 2 0 102
E 1 7 10 0 3 0 21
F 4 9 22 3 8 88 134

268 223 472 141 35 106 | 1245

TABLE V: Average length [m] of the tracks at each cell in
the traffic matrix.

A B C D E F
22 76 158 98 106 39
84 8 109 92 47 41
162 103 11 52 37 135
118 96 46 4 57 0
128 49 51 0 4 0
46 38 134 91 85 1

mm o aQw >

TABLE VI: Simplified traffic analysis matrix.

A B C D E
A 0 98 214 8 8 2 330
B | 113 0 51 90 9 14 | 277
C | 123 61 0 13 5 2 204
D 13 44 16 2 0 75
E 1 7 10 0 0 18
F 4 9 22 3 8 46

254 219 313 114 32 18 | 950

D. Histogram of Tracks Duration

The graph in Fig. 11 illustrates the distribution of durations
for the 1657 tracks analyzed, where the green portions of
the bars represent stationary tracks, and the blue portions
represent tracks in motion. A track is defined as stationary
if it does not move outside a circle drawn at the start position
with a radius of 30m. This definition is also based on the
assumption that objects are consistently in motion through the
canal. As seen there are no tracks with a duration lower than
20 seconds, this is because of the second filtering method,
described in Section IV-B3. The number of stationary track
coincides almost perfectly with the number of tracks on the
diagonal in TABLE IV, with 295 tracks.

V. CONCLUSION

In this paper, we have introduced a new benchmark mar-
itime radar-based dataset. The dataset consists of 1027 sce-
narios, of which 69 scenarios are defined as multi-target, 112
scenarios involve merged measurement situations, and 117
scenarios include multipath effects. A multi-target tracker was
used to establish tracks, which were then used to set up a
traffic matrix that provides insights into the traffic patterns in
the canal.
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11: Histogram of the tracks duration. Classified into

either moving or stationary, with 1357 moving tracks and 300
stationary tracks.

In further research, we aim to test out the dataset with
respect to vessels prediction. We also want to investigate
the targets compliance with COLREG, which can be useful
information for the autonomous ferry operating in the City
Canal.
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