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ABSTRACT Autonomous collision detection and avoidance is a crucial requirement for the safe navigation
of unmanned surface vehicles (USVs) in maritime traffic situations. Automatic identification system (AIS) is
used to obtain the motion information of surrounding ships and their dimensional specifications. With AIS
information, appropriate collision risk assessment between two ships can be performed; further, collision
avoidance can be achieved by defining a safe radius of avoidance, which can be determined considering
the shape parameters of a target ship. However, AIS data are often unreliable and some commercial fishing
vessels intentionally turn off the public tracking system to hide their location. Under these circumstances,
marine radars are used to detect and estimate the motion information of nearby ships. However, most existing
target tracking studies model the target as a point object without any spatial extent, and thus, its physical
dimensions cannot be identified. In this paper, a target trackingmethod that uses a marine radar is proposed to
simultaneously estimate the motion states (i.e., position, course, and speed) of a target ship and its geometric
parameter (length) in the framework of an extended Kalman filter (EKF). The proposed approach enhances
collision avoidance by providing the kinematic and length parameters to evaluate collision risk and generate
an appropriate collision-free path. Real-sea experiments using a developed USV system were conducted to
verify and demonstrate the feasibility of the proposed algorithm; the results are presented and discussed in
this paper.

INDEX TERMS Geometric parameter estimation, marine radar, target motion analysis, unmanned surface
vehicle.

I. INTRODUCTION
Over several decades, autonomous navigation technologies
for unmanned surface vehicles (USVs) have advanced owing
to the development of sensing and computing capabilities [1].
Autonomous collision detection and avoidance is a crucial
requirement in these navigation technologies for the safe
operation of USVs in maritime traffic environments.

The associate editor coordinating the review of this manuscript and

approving it for publication was Rui-Jun Yan .

For collision detection, information about the surrounding
ships including position, course, and speed is obtained using
maritime navigation aid systems such as automatic identifi-
cation system (AIS), electronic chart display and information
system (ECDIS), and automatic radar plotting aid (ARPA).
The collision risk is then evaluated using the collected
information.

The shape parameters (i.e., length and breadth) of a nearby
target ship involved in the collision are required for the
accurate estimation of the collision risk [2]. For an analytical
formulation of collision risk assessment, a circular boundary
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is employed; its radius is determined based on the obtained
shape parameters [2], [3]. The parameters are also required
to generate an appropriate collision-free path to achieve auto-
matic collision avoidance with a target ship that has a high
collision risk. In particular, a safe (or minimum) radius of
avoidance is defined considering the length of traffic ships
involved in the collision, and evasive routes are generated
for the USV to ensure safe navigation in maritime traffic
situations.

AIS plays an important role in maritime traffic safety as it
provides the motion information of traffic ships along with
specifications such as length, breadth, and ship type. Thus,
appropriate collision avoidance can be achieved by accurately
assessing the collision risk and defining the safe radius of
avoidance.

However, AIS is often unreliable and reports incorrect ship
information in many cases [4]; further, some commercial
fishing vessels intentionally turn off the public tracking sys-
tem as fishers do not want to reveal their fishing location to
other vessels [5]. Under these circumstances, marine radars
are used to detect and estimate the motion information of
the surrounding ships. Most existing target tracking studies
model the target as a point object without any spatial extent,
and therefore, physical dimensions cannot be identified.

Shape parameters are crucial to ensure the navigational
safety of a USV when the vehicle approaches a target ship
in a crossing scenario. When AIS data are not available, the
conventional ARPA system estimates the motion of target
ship based on the time-varying trajectory obtained using con-
secutive radar images; then, collision-free path is generated
considering an arbitrarily defined safe radius of avoidance.
By setting the safe radius to a large value, the USV can
conservatively avoid an approaching target ship whose shape
parameters are unknown. However, this approach does not
provide an accurate evaluation of ship collision or support
the generation of an efficient collision-free path. In addition,
this approach can lead to ship collisions even if appropriate
collision risk assessment is performed between two ships
because routes created for collision avoidance can overlap the
region occupied by a large-sized target ship. Therefore, safe
vehicle navigation requires not only kinematic parameters of
the target ship, but also its geometric parameter.

In this paper, a target tracking algorithm is introduced
to estimate the motion of the target ship with a marine
radar mounted on a USV. An enhanced target ship tracking
approach is proposed in this study, wherein the geometric
and kinematic parameters of a target are estimated simulta-
neously. When a USV encounters a target ship whose geo-
metric parameters are not available a priori, the proposed
method enhances its collision avoidance capability by pro-
viding shape information to evaluate the ship collision risk
accurately and to generate an appropriate collision-free path.

The remainder of this paper consists as follows: Section II
introduces and discusses related work onmodern target track-
ing. The proposed target tracking algorithm is introduced in
Section III. Section IV demonstrates and validates themethod

via real-sea experiments. Finally, conclusions are presented in
Section V.

II. RELATED WORK
There are several studies that focus on target tracking using
various types of detection sensors such as lidars, cameras,
sonars, and radars [6]–[11].

In ground vehicle applications, lidar and camera sen-
sors were used to detect and track relatively small objects
such as pedestrians and cars by describing them as point
objects [12], [13]. Also, short-range radars were used
for self-driving cars as a moving objects tracker (MOT)
subsystem.

In marine vehicle applications, sonars were employed
to estimate the motion of underwater targets within the
framework of bearing-only target motion analysis (BOTMA)
[14], [15]. To describe the motion of targets in BOTMA,
a constant velocity (CV) model was used for tracking targets
in a nominal speed [14]; interacting multiple model (IMM)
was used for tracking maneuvering targets [16]. Further,
marine radars were used as the main sensor for target ship
tracking as they are robust against various weather conditions
and provide the relative position information of surrounding
traffic ships over a wide area [17]–[20].

Most existing target tracking studies consider the target
as a point object; kinematics parameters such as position,
course, and speed are estimated within the framework of tar-
get motion analysis (TMA). However, with the advancement
of sensing technology, sensor signals reflected from target
surfaces occupy several sensor resolution cells, and thus the
shape of the target could be also estimated in the tracking
filter, which is known as extended target tracking (ETT) or
extended object tracking (EOT).

After the initial research on ETT [21], [22], considerable
research was conducted to track moving objects such as
cars, bicyclists, ships and humans [21]–[25]. In these cases,
the shape and size of the objects did not change over time,
and thus extent states could be estimated with the kine-
matic parameters using the ETT algorithm. Specific geomet-
ric primitives such as sticks, circles, rectangles, and ellipses
were employed; their shape parameters were estimated with
their motion states in the tracking filter. For example, two-
dimensional (2D) lidar measurements were used to detect
bicycles and cars, and they were represented by sticks and
rectangles, respectively [26]–[28].

Recently, research studies employed an ellipse primitive
to track maritime traffic ships with radar sensors [17], [19],
[20]. Since X-band marine radars provide reasonable mea-
surement resolutions, they are commonly used for target ship
detection and tracking in navigational assistance systems.
A joint probabilistic data association (JPDA)-based ETT was
conducted by involving ellipse parameters obtained from a
high-resolution X-band radar fixed on the ground for port
surveillance in the Gulf of La Spezia, Italy [23]. The ellipse
parameters were defined according to the two lengths of
the major and minor axes and their orientation, which were
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obtained by fitting radar measurements reflected from the
target; the target orientationwas assumed to be identical to the
orientation of the extracted ellipse. However, this assumption
may not be applicable unless the radar reflections do cover the
entire surface of the target. For example, the radarmounted on
a small- or mid- size USV can provide partial measurements
depending on the relative horizontal and vertical positions
between the USV and the target.

In this paper, an enhanced target ship tracking approach
is proposed to estimate both the motion states and geometric
parameters of the target by extending the authors’ previous
work [10], [29], wherein traditional target tracking was con-
ducted considering a target detected via radar measurements
as a point object. Unlike previous studies on ETT wherein
a specific model is assumed to extract the orientation (i.e.,
heading) of a target ship by fitting radar measurements, our
approach does not assume a specific model and extracts the
length of the target ship by associating the course estimated
in the tracking filter and radar measurements reflected from a
partial surface of the target. The proposed method enhances
the safe navigation of USVs in maritime traffic scenarios
by providing both kinematic states and length parameter to
detect collision risks and generate collision-free paths.

III. PROBLEM FORMULATION
A common target detection and motion estimation approach
is to extract the center positions of targets on a radar image,
and then to estimate their motion including position, course,
and speed from time-varying position coordinates. In this
study, the length of a target ship is also considered and
the value is estimated with her motion states. The proposed
approach could enhance safe collision avoidance by provid-
ing the geometric information to generate a collision-free
path.

A. TARGET DETECTION AND GEOMETRIC PARAMETER
EXTRACTION
A radar image is generated from radar measurements and
several blobs on the image are occupied by reflections from
a target. A single blob is defined by the range and bearing
resolutions; hereafter, it is also referred to as a cell.

A set of preprocessing steps is necessary to extract tar-
gets from the radar image, including both real targets and
unwanted echoes (i.e., clutter) [10]. To this end, fast time con-
stant (FTC) and sensitivity time control (STC) are applied to
minimize clutter returns from the rain and the water surface.
Areas reflected from marine infrastructures and landmass are
eliminated by assigning a region of interest (ROI) on the radar
image.

A dynamic thresholding approach is employed to extract
target blobs on the preprocessed radar image. In this study,
a cell averaging constant false alarm rate (CA-CFAR) detec-
tor is applied by defining a window mask whose size
is determined considering the size of targets of interest;
then, the extracted blobs are classified into an identical

target [30], [31]. The introduced target detection procedure
is illustrated by the examples in Fig. 1.

From the obtained and classified cells, the center point
is extracted and its position is estimated from the relative
bearing and range information. Because radar images are gen-
erated by representing a stream of radar spokes considering
range and bearing resolutions, the bounding box including
target reflections can be described using a fan-shaped poly-
gon as shown in Fig. 2(a).

In the bounding box, the occupied cells differ depending on
the course of the target in the body-fixed frame. Therefore,
an approximate measurement of the geometric parameter
of the target can be obtained from the intersection points
between the boundary of the polygon and the line that passes
the center position at the angle of the course as shown in
Fig. 2(b). In this study, the target orientation (i.e., heading)
and its motion orientation (i.e., course) are assumed to be
identical considering that the difference between heading and
course angles is negligiblewhen ships operate in conventional
maritime traffic scenarios with a nominal speed.

B. ENHANCED TARGET TRACKING
To estimate the target motion with time-varying relative posi-
tion measurements obtained from radar images, an extended
Kalman filter (EKF) is applied with a continuous white noise
acceleration model [8]. An enhanced target tracking method
is formulated and applied to estimate the geometric parameter
of a target and themotion states of the vehicle simultaneously.
The length of the target is incorporated as a geometric param-
eter in the proposed tracking filter as it is the main shape
information used for evaluating ship collision risk and for
generating collision-free paths.

1) SYSTEM MODEL
To describe themotion of aUSV and a target ship, a kinematic
model with three-degrees-of-freedom (3 DOF) is applied
assuming that the two vehicles move in a horizontal plane.
The state vector of the USV is expressed as

xU = [ xU yU ψU VU ]> (1)

where xU and yU are the position coordinates defined in the
global frame, ψU is the heading, and VU is the longitudinal
speed. The equation of the vehicle’s motion is given as

ẋU = [ VU cosψU VU sinψU 0 0 ]>. (2)

To estimate the motions of the USV and targets simultane-
ously, the augmented state vector is described by cascading
the USV state vector xU and the target state vector xT. The
state vector of the ith target can be written as

xTi = [ xTi yTi ψTi VTi lTi ]
> (3)

where xTi and yTi are the position coordinates defined in the
global frame, ψTi is the course, VTi is the longitudinal speed,
and lTi is the geometric parameter (i.e., length). The equation
of the ith target motion can be written as

ẋTi = [ VTi cosψTi VTi sinψTi 0 0 0 ]>. (4)
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FIGURE 1. Sequence of target detection results from radar measurements. Raw radar signals are described with green blobs (or cells) and the radar
signals reflected from the target are described with red blobs. A single blob represents a sensor cell defined by the range and bearing resolution of the
radar. The fan-shaped polygon represents the boundary including all the occupied sensor cells (i.e., radar signals reflected from target); the polygon
shape is described by the distances of the cells in the range and the bearing directions of the radar. The radar may not detect all surfaces of the target
ship; partial reflections are obtained per scan, and the shape of the radar reflections changes slightly depending on the relative position between the
USV and the target ship.

Multiple target tracking can be performed in this formula-
tion, and thus the entire dimension of the target state vector
is extended by the number of registered targets. The equation
of the system dynamics involving the augmented state vector
is expressed as

ẋ = [ ẋ>U ẋ>T1 ẋ>T2 · · · ]
>
+ w (5)

where w is the zero-mean Gaussian process noise employed
to reflect the uncertainty in the system.

2) MEASUREMENT MODEL
To update the motions of the USV and the target, two sets
of measurements are employed. The estimated motion of
the USV is corrected by the first measurement dataset zU,

which is provided by onboard navigation sensors such as
global positioning system (GPS), compass, and inertial mea-
surement unit (IMU). The equation of the first measurement
dataset is expressed as

zU = [ zx zy zψ zV ]> = [ xU yU ψU VU ]> + vU (6)

where zx and zy represent the position measurements defined
in north and east directions of Universal Transverse Merca-
tor (UTM) coordinates, zψ represent heading measurement,
and zV represent speed measurement, which are provided by
the navigation sensors. Further, vU is the zero-mean Gaussian
noise employed to reflect the uncertainty in the measurement
model.
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FIGURE 2. Coordinate systems for target parameterization with radar sensor measurements. (a) A radar image is created considering signals and sensor
resolution in the bearing and range directions. A single cell (shaded gray area) on the radar image is defined by the resolution characteristics. Multiple
detections per target are obtained from radar measurements, and therefore, multiple cells are occupied by a single target on the radar image.
A fan-shape polygon (solid line in red) is defined by the endpoints of the occupied cells in the range and bearing directions. (b) The position coordinates
of the center of the target are defined by the relative range (ρT ) and bearing (βT ) information. The target length lT can be obtained by associating the
course of the target (ψb

T ) and the boundary of the fan-shape polygon including multiple cells occupied by the target’s reflections. In the coordinates,
clockwise represents positive direction.

The estimated motion and geometric information of each
target is corrected by the second measurement dataset zT,
which is obtained from the target detection results on the radar
image. The relative bearing and range of a detected target
is used to update the vehicle’s motion information including
position, course, and speed; length measurement is used to
update the geometric parameter of the target. The associated
equation for the second measurement dataset is expressed as

zT =

 zβzρ
zl

 =


atan
(
yT−yU
xT−xU

)
− ψU√

(xT − xU)2 + (yT − yU)2

lT

+ vT (7)

where zβ , zρ , and zl represent the relative bearing, range,
and length measurements, respectively. vT is the zero-mean
Gaussian measurement noise reflecting the uncertainty in the
measurement model.

A cell (or blob) on the radar image is defined by the bearing
and range resolutions as shown in Fig. 2(a), and multiple cells
are occupied by the reflections from a single target. The rel-
ative bearing and range measurements are directly obtained
from a set of the collected cells; their uncertainties are defined
by the span size in the bearing and range directions as shown
in Fig. 2(a). On the other hand, the length measurement is not
directly extracted from the radar image, and thus an additional
procedure is required to extract the length and estimate its
associated uncertainty. The length can be obtained from the
polygon including radar reflections and the motion state (i.e.,

target course). To be more specific, as shown in Fig. 2(b),
the distance of the intersection points between the bound-
ary of the polygon and the straight line which passes the
center of the polygon and has orientation with the angle of
the target course defined in the body-fixed frame could be
regarded as the length measurement. The uncertainty of the
extracted length should be considered for accurate geometric
parameter estimation. In this study, the uncertainty is assessed
by a finite set of statistics on the extracted multiple length
values which are obtained as a function of the target course.
As described in Fig. 2(b), the measurement is defined by the
course of the target ship and the radar reflections depicted
by the fan-shaped polygon; therefore, its value is provided in
a nonlinear transformation as a function of the course. The
target’s course defined in the body-fixed frame is denoted as
ψb
T and the associated equation can be written as

ψb
T = ψT − ψU. (8)

The estimated courses of the USV and the target ship follow
Gaussian distribution, and thus the equation of the variance
of the target’s course in the body-fixed frame can be written
as

σ 2
ψb
T
= σ 2

ψT
+ σ 2

ψU
− 2σψTψU

(9)

where σψT
and σψU

represent the estimated standard deviation
of the course angles of the target and the USV, respectively.
σψTψU

represents the correlation between the course angles.
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Considering the nonlinear relation between course ψb
T and

length lT, an unscented transform (UT) is employed in this
study [32]. To define a discrete distribution from sample data,
a set of sigma points of the course is selected; the associated
equation is written as

χ
[0]
ψb
T
= µψb

T

χ
[i]
ψb
T
= µψb

T
+

√
(n+ λ)σ 2

ψb
T
, for i = 1, · · · , n

χ
[i]
ψb
T
= µψb

T
−

√
(n+ λ)σ 2

ψb
T
, for i = n+ 1, · · · , 2n (10)

where χψb
T
and µψb

T
represent the sigma point and mean

value of the course of the target in the body-fixed frame,
respectively. n is the dimension of the state and λ is a scaling
factor whose equation can be written as

λ = α2(n+ k)− n (11)

where α and k are scale parameters that determine the sep-
aration spacing of the sigma points from the mean. Among
the motion states in the filter, this study assumes that the
geometric parameter is only associated with the course state.
To estimate the Gaussian distribution of the transformed
sigma points in a nonlinear function, the weigh parameters
are defined as

ω[0]
m =

λ

n+ λ
ω[0]
c = ω

[0]
m + (1− α2 + β)

ω[i]
m = ω

[i]
c =

1
2(n+ λ)

(12)

where ωm and ωc represent the weights for the mean and
variance, respectively. β is a user parameter to include addi-
tional information related to the distribution underlying the
Gaussian representation. From the obtained sigma points and
weights, the mean µlT

and variance σ 2
lT

of the transformed
state in the nonlinear function are defined respectively as

µlT
=

2n∑
i=0

ω[i]
m g(χ

[i]
ψb
T
)

σ 2
lT =

2n∑
i=0

ω[i]
c (g(χ [i]

ψb
T
)− µlT

)(g(χ [i]
ψb
T
)− µlT

)T (13)

where g(χ [i]
ψb
T
) represents the nonlinear mapping function to

obtain the length from the ith sigma point of the target course.
The mean µlT

and variance σ 2
lT

are applied as the length
measurement and its uncertainty, respectively, in the tracking
filter.

To associate the newly detected target measurements with
the existing target in the filter state, the data association
method based on the global nearest neighbor (GNN) is
applied [33]. To assign measurements to the corresponding
track, a thresholding value is required to evaluate the simi-
larity; an ellipsoidal gate is applied in this study [34]. The

TABLE 1. Specifications of Aragon USV.

TABLE 2. Specifications of onboard pulse radar.

equation of the ellipsoidal gate can be written as

d2 = z̃>S−1̃z (14)

where S and d2 are the innovation covariance matrix of
measurement and the normalized statistical distance, respec-
tively. z̃ denotes the innovation vector characterized by the
discrepancy between the actual and expected measurements.
In addition to the difference in position, the length parameter
is also considered for reliable and robust data association by
estimating the correspondence in a high-dimensional space.

IV. FIELD EXPERIMENTS
Field experiments were conducted to demonstrate the feasi-
bility of the proposed target tracking algorithm using Aragon
USV system developed by the Korea Research Institute of
Ships and Ocean Engineering (KRISO).

A. USV SYSTEM AND EXPERIMENTAL SETUP
The USV platform is based on a planning hull with a length of
8.0 m, and it is integrated with a waterjet propulsion system.
The specifications of the USV system are listed in Table 1.
The USV system has various navigation sensors such as
real-time kinematic global positioning system (RTK-GPS),
GPS compass, IMU, and X-band marine radar as shown in
Fig. 3(a). The Furuno pulse radar (FAR-2117) was used for
automatic target detection; the sensor specifications are listed
in Table 2.
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FIGURE 3. Experimental setup. (a) Aragon USV system (8.0 m in length).
(b) Aerial map of the experimental site near the Pusan Newport
International Terminal in the southern Korean sea. (c) MAERSK container
ship with a length of 294 m and a breadth of 32 m [35].

The field experiments were performed in the coastal area
near Pusan Newport International Terminal in the southern
Korean sea, where large commercial ships regularly enter and
leave, as shown in Fig. 3(b). During the field test, a large
container ship (see Fig. 3(c)) was entering the port and the
USV ran in the coastal areas to detect and track the target
ship using the onboard pulse radar. AIS data of the target
were available, and thus, they were used as ground truth data
to evaluate the performance of the proposed target tracking
algorithm. The specifications of the target ship are listed in
Table 3.

B. RESULTS AND DISCUSSIONS
During the USV operation, the motion states and geometric
parameter of the target ship are estimated; the results are
shown in Fig. 4.

TABLE 3. Specifications of target ship [35].

FIGURE 4. Experimental results of the proposed target tracking.
(a) Estimated trajectories of the USV and target ship. The triangles
represent the direction of the vehicles’ motion (not to scale).
(b) Estimated course information of the target ship. (c) Estimated speed
information of the target ship. (d) Estimated length of the target ship.

The estimated trajectories are compared in Fig. 4(a).
The USV trajectory is represented by a solid line in black
and the target trajectory estimated by the tracking filter is
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represented by a solid line in red. To evaluate the performance
of the proposed algorithm, the target’s trajectory obtained
from AIS data is also represented by a dash-dotted line in
blue. From the start point to the goal point, the estimated tar-
get trajectory follows the ground-truth data well, thereby con-
firming the performance of the tracking algorithm for motion
estimation.

In addition to the trajectory of the vehicle, the course
and speed of the target were estimated in the tracking filter.
In Fig. 4(b) and (c), the estimated course and speed are
represented by a solid line in red, and the corresponding AIS
data are represented by a dash-dotted line in blue. The motion
information estimated by the tracking filter successfully con-
verges to the ground-truth data by updating the motion states
using radar measurements.

In the tracking filter, the geometric parameter of the target
ship was also estimated. In Fig. 4(d), the time history of the
estimated geometric parameter is represented by a solid line
in red, and the corresponding AIS data are represented by a
dash-dotted line in blue. The geometric parameter is initially
unknown, and therefore, the initial geometric parameter is
set with a length of 80 m in the track initiation process; the
parameter is updated with the following radar measurements.
According to the AIS data, the actual length of the target
ship is 294 m; the estimated length obtained by the proposed
tracking filter converges well to near the actual value with
satisfactory accuracy.

V. CONCLUSION
This study presented a systematic procedure and associated
algorithm for target tracking with a marine radar mounted
on a USV. The relative bearing and range measurements
were obtained from radar measurements, and then the motion
states of the target ship were estimated within the framework
of an EKF-based tracking filter. An enhanced target ship
tracking approachwas proposed to estimate the kinematic and
geometric parameters simultaneously.

To evaluate and demonstrate the feasibility of the proposed
target tracking algorithm, field experiments were conducted
in real-sea environments using Aragon USV developed by
KRISO. A container ship with a length of 294 mwas detected
from pulse radar measurements, and motion states and length
of the target ship were estimated and compared with her AIS
data (or ground-truth data). The results demonstrate the sat-
isfactory performance and feasibility of the proposed target
tracking algorithm.

Collision risk evaluation and automatic collision avoidance
are important for the autonomous navigation of USVs. The
introduced algorithm can be employed to achieve safe USV
operation when AIS data of surrounding traffic ships are not
available. From the conducted field experiments, we found
out some limitations of the proposed tracking method. In the
tracking filter, a constant velocity model is applied, and
thus the modeling error driven by the dynamic factors of
maneuvering targets may not be effectively reduced by radar
measurements due to the relatively slow sampling rate of

the radar. Also, the performance of geometric parameter
estimation is dependent on sensor resolution characteristics,
particularly on the bearing resolution. On a radar image, the
span size of a single cell reflected by a target is defined
by the relative range and the bearing resolution. Therefore,
to further improve performance, a marine radar with a higher
resolution or a sensor fusion technique with detection sensors
with a high sampling rate should be considered in future
research.
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