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Synopsis

To sail safely, an autonomous vessel should be able to keep track of the position and motion of other vessels
and obstacles, which refers to the multi-target tracking problem. Furthermore, RADAR and automatic identifica-
tion system (AIS) are two sensors commonly used onboard for tracking maritime targets. The fusion of these two
sensors, utilizing complementary information and handling the conflicting data, gets increasingly important dur-
ing autonomous sailing. However, due to the immaturity of multi-target tracking methods, the fusion was hardly
systematically discussed, when there are missed detections from certain single sensors and conflicts between two
sensors. As the new multi-target tracking methods have been proposed, this paper first presents a sequential
measurement-level fusion approach of RADAR and AIS based on the newest random finite set (RFS)-based filter
— Poisson multi-Bernoulli mixture (PMBM) filter. The comparison of the performance both using sequential
fusion and using the sensor information individually is presented in this article. Then the proposed sequential
fusion of RADAR and AIS based on PMBM filter was applied to a real maritime case. The tracking results are
given and the performance is analyzed.
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1 Introduction
To ensure safe autonomous sailing, an autonomous vessel should be able to keep track of the position and

motion of other vessels and obstacles. With such objective, multi-target tracking (MTT) has become a key aspect
of autonomous sailing, as it allows to cope with the real dynamic environment with multiple targets around the own
vessel. Besides, fusing the multiple sensors on board gives a possibility to improve the robustness and reliability
of the MTT problem, as opposed to using single sensors. Thus, in this paper, a sensor fusion approach within
the multi-target tracking problem is presented. Moreover, this approach has been applied to measured RADAR /
AIS data from a real case. The output of the multi-target tracking will be used as input to a collision avoidance
algorithm (The collision avoidance algorithm is beyond the scope of this paper).

Multi-target tracking (MTT) involves jointly estimating both the number and states of the targets from possibly
noisy sensor measurements. The main ongoing challenge is data association, which aims to associate measured
data with certain target. These targets can be known targets (previously detected), new targets (not previously
detected) or non-existing targets (clutter) upon the arrival of new sensor data. Apart from that, sometimes sensors
may not capture any measurements from existing targets. Thus, data association has been playing a highly impor-
tant role within the multi-target tracking problem. However, data association can be computationally expensive
when dealing with multiple targets and is further complicated by uncertainty in measurement origin and target
position.

Through the years, several approaches have been proposed to handle the data association problem in MTT.
The two traditional major approaches are joint probabilistic data association (JPDA)[1] and multiple hypothesis
tracking (MHT)[2]. JPDA marginalizes over the random variables representing the association in order to calculate
the marginal distribution of each track. MHT seeks to find the maximum a posteriori (MAP) correspondence over
a recent history of the association to calculate the most likely hypothesis.

In recent years, a new statistical framework called random finite set(RFS) or finite set statistics (FISST) is
widely used to model the MTT problem in a Bayesian way[3]. Here, the usual setup is to consider the state of
the system as a set of targets. It has shown to be a good systematic framework for MTT, giving a top-down
formulation for solving the MTT problem[4]. Various RFS-based filters have been proposed and extended during
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Figure 1: Block diagram of the system architecture for the autonomous sailing research. Orange blocks are focused
upon this paper. Gray blocks are out of the scope of this research.

the last decade, including probability hypothesis density (PHD)[5], cardinalized PHD (CPHD) filters for standard
models[6], multi-target multi-Bernoulli (MeMBer) filter[7] and labelled RFS filters[8].

Different from the (C)PHD and MeMBer filters, the Poisson multi-Bernoulli mixture (PMBM) filter[9] has a
closed-form filtering recursion based on standard state-space models with Poisson target birth and has shown a
better performance than other RFS-based filters[10, 11]. It separates the set of objects into two disjoint subsets:
objects that have been detected modelled by multi-Bernoulli mixture (MBM), and objects that have not yet been
detected, modelled by Poisson Point Process (PPP). PPP enables the filter more sensitive to target birth than the
Bernoulli birth while the MBM considers different track-measurement-association hypotheses gaining a higher
accuracy than a single multi-Bernoulli[11]. In this way, the PMBM is able to give a model rather close to the real
case with respect to changing and time-varying number of targets.

The utilization of multiple sensors is another key aspect to improve the robustness and reliability of MTT for
autonomous sailing. Fundamentally, there are several sensors that can provide information to autonomous vessels
for the MTT problem. One is the automatic identification system (AIS), through which ships can broadcast static
information (e.g. MMSI number, IMO number, ship name), dynamic information (e.g. position, speed), and other
relevant information to each other. The vessels can also perceive their environment including other ships by means
of exteroceptive sensors such as RADAR, lidar, and camera. In this paper, AIS and RADAR are used as two
sources in the specific MTT scenarios. The dynamic information from AIS has relatively high data accuracy since
it uses the global position system (GPS) on the corresponding target vessel. However, only vessels over a certain
size are obliged to have AIS, and AIS can be turned off due to various reasons and sometimes spoofed. Compared
with AIS, RADAR works on a simple principle: detection based on the returned RADAR echos. Using RADAR,
the vessel can not only detect other vessels but also other objects, like buoys. But sometimes there is too much
clutter using a RADAR, due to unwanted echoes bouncing off the target, and a RADAR antenna may not detect
occluded objects. Therefore, relying on a single sensor is not sufficient in terms of reliability and safety due to
each sensor’s inherent drawbacks and limitations. How to make full use of complementary sensor data and resolve
possible conflicts becomes a key aspect of sensor fusion.

There have been quite some achievements concerning sensor fusion in the field of maritime multi-target track-
ing in recent years. Hermann et al.[12] fused RADAR target data and camera data using global nearest neighbour
(GNN) to perform obstacle detection and tracking for unmanned surface vehicles. They found that sensor fusion
significantly increased obstacle tracking performance. A measurement level sensor fusion system using LIDAR,
RADAR, electro-optical and infrared cameras with joint integrated probabilistic data association (JIPDA) for mar-
itime MTT was demonstrated in [13]. In [14], a method was proposed for online tracking multiple targets with
multiple Doppler RADARs using generalized labeled multi-Bernoulli (GLMB) filter. Outside the maritime do-
main, several papers have addressed heterogeneous sensor fusion for cars[15] and medical robots[16]. As PMBM
filter was proposed and proven to have a better performance than other RFS-based filters for MTT problem[10],
applying sensor fusion with the PMBM filter is certainly promising.

The remainder of this article is organized as follows. Section 2 presents the background of the RFS framework.
In Section 3, we review the single sensor PMBM filter and present a multi-sensor extension of the PMBM filter.
Simulations and a real-case application using a multi-sensor PMBM filter and their results are presented in Section
4, followed by concluding remarks and future work in Section 5.



2 Background
This section summarizes the multi-object state space models and Bayesian filtering recursion within the RFS

framework. A RFS of the multitarget states is denoted by a set X =
{

x1,x2, · · · ,xi, · · · ,xn
}

, where n = |X | is the
cardinality, and xi ∈R is the state vector of the i-th target. Both the distribution over cardinality and the distribution
over the elements of the multitarget set X are captured by its probability density function (pdf), denoted by f (X).
For any realization X =

{
x1,x2, · · · ,xi, · · · ,xn

}
with a given cardinality |X |= n, its pdf[4, p. 84] is

f (X) = n!ρ(n) fn(x1, ...,xn) (1)

where the cardinality distribution is ρ(n) , Pr{|X |= n} and fn(x1, ...,xn) is an ordered multi-target pdf with non-
set states input.

Within the RFS framework, a birth model of new targets can be built to describe the possibility of new targets
appearing at each time point by using the Poisson Point Process (PPP). That is, at time k, a possibly empty set of
new-born targets XB

k appears, distributed as a PPP with intensity λ B
k (xk). The birth cardinality then is denoted by a

Poisson probability mass function(pmf)[9], with the rate λ̄ B
k ,

ρ
B(n) = e−λ̄ B

k
(λ̄ B

k )
n

n!
(2)

where λ̄ B
k =

∫
λ B

k (xk)dxk and E[|X |] = λ̄ B
k . The pdf of new-born targets RFS yields a multi-dimensional Poisson

distribution[17],

f (XB) = e−λ̄ B
k

n

∏
i=1

λ
B(xi) (3)

Where λ B(x) is the pdf of a single target. Considering that the birth of each new target is assumed independent
of each other, a product of single target pdfs is used as multi-target pdf. Moreover, a fixed label set L =

{
l1, ...ln

}
can be introduced[4, p. 446] when every new target is born, which helps to distinguish individual targets in a
multi-target state[17]. The label li for i-th target is unique. Then the combined state set of labeled targets has the
form

X̊ =
{

x̊1, ..., x̊n}= {(x1, l1), ...,(xn, ln)
}

(4)

Correspondingly, the object death, i.e., when the object leaves the surveillance area or disappears, is described by
modeling object survival, which is independent of target birth. The object survival rate, or namely the probability
that an object with state xk−1 survives to the next time step k, is PS(xk−1). In contrast, the death rate is 1−PS(xk−1).
Thus, the surviving process of each target is a Bernoulli process, independent of the other targets. Each survival
target attains a new state xk according to a Markov jump pdf fk|k(xk|xk−1) [18].

It is possible that a target is not detected by a certain sensor or detector at some moment so that the process
of detection can be also modeled as a Bernoulli process. Given a target with sate xk, one sensor can either detect
it with probability PD

k (xk) and generates a measurement zk ∈ Zk with likelihood lk(Zk|xk) or fail to detect it with
probability 1−PD

k (xk), where Zk denotes the set of measurements received at time k.

2.1 Standard Motion Model
The motion model works for the prediction of the surviving targets and new-born targets. Given the RFS of

target states from last time step Xk−1, the RFS of current time step k is

Xk = XS
k ]XB

k (5)

where XS
k is the surviving targets RFS from the last time step, XB

k is the new-born targets RFS at time k. The
symbol ] means two sets are mutually disjoint. The complete motion model is

f (Xk|Xk−1) = ∑
XB

k ]XS
k =Xk

fk(XB
k )πππk(XS

k |Xk−1) = ∑
XB

k ]XS
k =Xk

fk(XB
k )

nk−1

∏
i=1

πππk(XS,i|
{

xi
k−1
}
) (6)

where the birth model is a Poisson RFS given as (3) and the surviving target model is a product of a single target
motion model due to the independence of the motion model of all targets. The single motion model is also a
Bernoulli

πππk(XS|{x}) =


PS(x)πk(xs|x) if XS = {xs}
1−PS(x) if XS = /0
0 otherwise

(7)



Figure 2: Single-sensor PMBM filter prediction and update flow chart

2.2 Standard Point Target Measurement Model
Point target assumption is used in this paper which means that each target can at most generate one measurement

for each sensor at each moment. The measurements can either originate from clutter or targets. Given the set
X =

{
x1,x2, ...,xn

}
of targets, the set Z of measurements is Zc]Z1]Z2] ...]Zn, where Zc, Z1,...Zn are independent

sets. Zc is the set of clutter measurements, modelled as a Poisson Point Process with indensity λ c(Zc), similar to
the birth model3. Zi is a (possible empty) set of measurements produced by target i [4]. The complete measurement
model is expressed as

f (Zk|Xk) = ∑
Zc]Z1]Z2]...]Zn

fZc(Zc)
nk

∏
i=1

gggk(Z
i|xi

k) (8)

where fZc(ZC) is the pdf of as a PPP, similar as [3] and gggk is the single measurement model

gggk(Z|{x}) =


PD(x)gk(z|x) if Z = {z}
1−PD(x) if Z = /0
0 otherwise

(9)

2.3 Bayesian Filtering with RFS
Bayesian filtering recursion with RFS consists of the usual prediction and update steps. Prediction and update

are given according to the Chapman-Kolmogoroc equation[18] and Bayes’ rule, respectively,

prediction f (Xk|Z1:k−1) =
∫

f (Xk|Xk−1) f (Xk−1|Z1:k−1)δXk−1

update f (Xk|Z1:k) =
f (Zk|Xk) f (Xk|Z1:k−1)∫

f (Zk|X ′k) f (X ′k|Z1:k−1)δX ′k

(10)

where f (Xk|Z1:k−1) and f (Zk|Xk) are the motion model and measurement model mentioned before.

3 Sensor fusion within PMBM filter
In this section, we review the single-sensor PMBM filter and extend it to the multi-sensor case with a sequential

fusion approach.

3.1 Poisson Multi-Bernoulli Mixture filter
Poisson multi-Bernoulli mixture (PMBM) divides the targets into two groups: undetected targets (hypothesized

to exist but not previously detected) and detected targets, and use Poisson Point Process and Multi-Bernoulli
Mixture model to describe the two parts, respectively. A notion of potential targets (PTs) is introduced to denote
the union of these two groups. Based on the standard state-space model assumptions, PMBM conjugacy prior is
given by [9],

f PMBM(X) = ∑
XU]XD=X

f P(XU ) f MBM(XD) (11)

where superscripts U and D represent the undetected targets group and detected targets group, respectively. Func-
tion f p(·) is the PPP component expressed as

f P(XU ) = eλ̄U
nk

∏
i
[λU (xi

k)] (12)



Figure 3: Sequential fusion pattern of multi sensors using PMBM filter

where λU denotes the intensity of PPP component for undetected targets. The MBM component, f MBM(·), is
expressed as

f MBM(XD) ∝ ∑
j

∑
XD

1 ]XD
2 ]...]XD

n =XD

n

∏
i=1

w j,i f j,i(XD
i ) (13)

where ∝ stands for proportionality, j is an index over all global hypotheses (components of the mixtures)[9], n is
the number of potentially detected targets, and w j,i and f j,i(·) are the weight and the Bernoully density of detected
target i under the j-th global hyopothesis. Details for predicting and updating both PPP and MBM are provided in
[9] and [19], which is omited here.

With the assumption of independence of the undetected group and the detected group, the PPP component and
MBM component can be separately calculated. Despite this, PMBM follows the same rule as Bayesian filtering
recursion using prediction and update steps to calculate the pdf of multi-targets at the current moment. Regarding
the update step, it is possible that a previously undetected target is first-time detected which involves the move
from undetected group to the detected group. As such, the PPP prediction results are passed to the MBM update.
Figure 2 gives the flow chart of one recursion step of PMBM.

3.2 Sensor Fusion with PMBM Filter
Considering a general multi-sensor tracking system composed of sensors s = 1,2,...,ns with identical fields of

view, it is quite natural that we continue to use the existing result of single-sensor PMBM filter for the multi-sensors
case. However, the manner that directly applies one PMBM filter for each sensor brings extra computation com-
plexity since one more dimension of association is introduced when we try to fuse the results of different PMBM
filters. Although a distributed fusion system with multiple calculation units can accelerate the computational time,
sequential fusion is a potential way to realize the fusion with regard to a centralized system[20].

Using the sequential fusion of multiple-sensor PMBM (ns ≥ 2), the prediction step in Bayesian filtering recur-
sion (10) is unchanged as it does not involve any measurements. Only the motion model and the posterior from
the last step are involved. Regarding the update step, using (10), for simplicity, the denominator can be removed
since it is constant. The equal sign is replaced by the proportional sign as written in the first line in 14. With the
assumption that measurement models of different sensors are conditionally independent of each other when given
the multi-target state RFS, one obtains

f (Xk|Z1:k) ∝ f (Zk|Xk) f (Xk|Z1:k−1)

= (
ns

∏
s=1

f (Zk,s|Xk)) f (Xk|Z1:k−1)
(14)

Based on this expression, the update step can be performed sensor-sequentially within an iterated-update method.
Iterated marginal posterior pdfs f (Xk|Zs

1:k) are calculated for each sensor s = 1, · · · ,ns, where f (Xk|Zs
1:k) denotes

the pdf of Xk conditioned on Z1:k−1 and Zk,s′ for s′ = 1, ...,s. Through the s-th update step, f (Xk|Zs−1
1:k ) is converted

into f (Xk|Z1:k−1), thereby incorporating the measurement Zk,s of sensor s. The initial step of this recursion is
f (Xk|Z0

1:k) = f (Xk|Z1:k−1), which starts with the posterior from the last time step. The s-th update step is basically
equal to the single-sensor update step discussed in Section 2. The only differences are that the input f (Xk|Z1:k−1) of
the single-sensor update steps is replaced by f (Xk|Zs−1

1:k |), and the measurements Zm
k , m ∈ {1, ...,Mk} are replaced

by Zm
k,s, m ∈

{
1, ...,Mk,s

}
. The flow chart of this sequential fusion is shown in Figure 3.



Figure 4: One scenario extrated from the record of a sea trial displaying by a RADAR system

Due to the performed approximation, a sensor-sequential update can lead to a poorer performance than using a
single sensor with certain set-type filters, such as the PHD, CPHD, and MeMber filters[20]. But, using PMBM, this
problem is supposed to be avoided since PMBM can give a closed-form solution without any extra approximations.
Meanwhile, theoretically, the updating order of different sensors should not be a problem with a PMBM filter
regardless of the post-processing. In Section 4, we verify the influence of the sensor order using PMBM. Although
the computational load is increasing compared to the single-sensor case due to the iterations of updates for multiple
sensors, no extra increased loads are involved in the prediction step.

4 Simulation and Application
In this section, we first implement RADAR and AIS sequential fusion based on a PMBM filter for a simulation

scenario and then evaluate the performance by the mean generalized optimal subpattern assignment (GOSPA).
After that, we apply this fusion approach to a real maritime case, which is part of the recording of a real sea trial.

4.1 Problem formulation
The problem is based on the scenario given in Figure 4 during a real sea trial: the own ship (in the center)

was sailing near a sea lane, where several target ships were sailing. Besides, there were other ships sailing in the
proximity with various directions and there were some static maritime platforms. The motion of most targets was
nearly constant in this scenario. During the 30-minute monitoring period, crossing between target vessels, close
sailing, and separating happened. A 3-band RADAR (F-band, I-band, and F-Heli) and an AIS were used during
the trial with the assumed same field of view(FOV). The pre-processed RADAR data containing the dynamic state
based on the point-target assumption of potential targets is used (shown as a small circle). The data from 3 different
bands can be obtained separately so that we consider it as 3 different data sources during the fusion. AIS as a sensor
can detect the same-type dynamic state of most target ships (shown as an oriented triangle). But some target ships
are not equipped with an AIS. So in that case those targets are not possible to be detected by AIS at all. The
detection of RADAR with 3 bands can be missed at some sample time due to certain factors such as occlusion.
Both RADAR and AIS might detect clutters due to certain reasons.

4.2 Simulation
In order to evaluate the performance of the multi-sensor PMBM filter, a simulation scenario similar to the real

scenario was considered first, monitored by a fixed sensor network consisting of 3 RADARs and an AIS. All 3
RADARs and AIS have the same FOV which is a circle with a radius of 10 nautical miles (1 nm = 1852 m). In
the simulation scenario, the center of the FOV is fixed at [0,0] in order to exclude the influence of uncertainty
from the own ship position. In total, 10 targets are generated with various states, trajectories, birth time step, and
death time step, as shown in Figure 5. Among them, target 8 is static, simulated as an offshore platform; target



Figure 5: Simulation scenario consists of 10 tartgets Figure 6: Distribution of 89 birth model components

9 can not be detected by the RADAR with all 3 bands; target 10 does not have an AIS transceiver that means
AIS can not receive any information from this target. The target state at time k is modeled using a 4-D vector
xk = [px,k, py,k, ṗx,k, ṗy,k]

T , comprising of its x-coordinate, y-coordinate, x-velocity and y-velocity. The motion
model in the simulated scenario is given as

π(xk|xk−1) = N (xk;Fxk−1,Q) (15)

with transition matrix F and processing noise Q

F =


1 0 T 0
0 1 0 T
0 0 1 0
0 0 0 1

 , Q = σ
2×


T 4/4 0 T 3/2 0

0 T 4/4 0 T 3/2
T 3/2 0 T 2 0

0 T 3/2 0 T 2

 (16)

where T is the sample time, set as 10 seconds to reduce the total time steps during the simulation. The covariance
matrix in Q is based on the setting of the linear constant motion model [21] with σ2 = 0.005.

The target birth model is a Poisson model with a constant-weighted mixture Gaussian intensity λ B(x) =
wB

∑
NB

i=1 pB,i(x), where the number of the birth components NB is 89 and the weight w is 0.03, such that the
expectation of the number of new births in the FOV is 2.67 (the product of NB and w). The state of each new-born
target pB,i is Gaussian distributed. In order to consider the new-born targets that both enter the FOV from outside
or appear inside the FOV, the mean and covariance of all the birth model components are illustrated in Figure
6. Since the AIS information contains the ship’s name and IMO number, this information is directly used as an
explicit label for every AIS target. For non-AIS targets, implicit labels are generated comprising the birth time and
number. Each target in the FOV has a constant survival probability PS = 0.9, so that the death rate is 0.1.

Different sensors have different properties, such as the time-constant probabilities of target detection PD, stan-
dard deviation σ for Gaussian measurement noise, and clutter intensities λ c. According to the observation of
the RADAR system, the data from AIS has highest probability of detection and lowest clutter rate, while F-heli
RADARA has lowest probability of detection and highest clutter rate. F-band RADAR, I-band RADAR are some-
where in between of AIS and F-heli RADAR in terms of these two properties. The values of all different properties

F-band RADAR I-band RADAR F-heli RADAR AIS

PD 0.9 0.8 0.7 0.99

σ 20 20 20 5

λ c 2 5 10 1

Table 1: Different Sensor Properties
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Figure 7: Result of fusion of RADAR and AIS using PMBM filter

are listed in Table 1. The general position measurement model for all sensors at time k is given as

zs,k = Hxk +R (17)

with measurement matrix H and measurement noise R

H =

[
1 0 0 0

0 1 0 0

]
, R =

[
vk,1

vk,2

]
(18)

In 18, vk,1 and vk,2 are mutually independent zero-mean Gaussian noise with the standard deviation σ . Three
different orders of fusion are studied to show the influence of order to the sequential fusion of multi-sensor fusion
PMBM:

- Sequential fusion order 1: AIS→ F-band RADAR→ I-band RADAR→ F-heli RADAR
- Sequential fusion order 2: F-heli RADAR→ I-band RADAR→ F-band RADAR→ AIS
- Sequential fusion order 3: F-band RADAR→ I-band RADAR→ AIS→ F-heli RADAR

The performance for RFS-based filter is especially evaluated by the metric: mean GOSPA[22], which turns out
to be a sum of localization error for the properly detected target and cardinality error for missed detection and false
alarm, expressed as

d(c,2)
p (X , X̂) =

[
minγ∈Γ

(
∑

(i, j)∈γ

d(xi, x̂ j)p +
cp

2
(|X |− |γ|+ |X̂ |− |γ|)

)]1/p

(19)

In 19, the parameters c is set as 100 to fit the scale of distance and p is set as 1 to use the two-dimensional distance.
In order to show the number of missed detections and false alarms more intuitively, the results of both missed
detections and false alarms are scaled back to the actual number, as shown by the right-side y-axis in Figure 8.

The fusion results of multi-target tracking based on PMBM filter with 100 time steps is given in Figure 7. The
performance evaluation using mean GOSPA is given in Figure 8. A comparison of using different fusion orders is
shown in Figure 9. The results show:
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Figure 8: GOSPA results of PMBM filter with single sensor and multi-sensor fusion
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Figure 9: Comparison of sequential fusion with different fusion orders

• The proposed sequential fusion of RADAR and AIS indeed improves the performance of PMBM filter in
the studied maritime scenario. It significantly reduces the GOSPA error at least about 40% compared with
any single-sensor PMBM. In particular, by applying sequential fusion, the number of missed detections can
be reduced to 0 during about 90% simulation time steps, even if part of these targets can not be detected
by a certain single sensor. That is, in this scenario, all the targets can be tracked using multi-sensor PMBM
with the proposed sequential fusion. The sequential fusion of multi-sensor PMBM filter is able to handle
the situations when the information from different sensors conflicts, using a Bayesian way to describe the
probability of all situations and extract the most probable one.

• The localization error increases a little during certain time periods by the sequential fusion as compared with
only using AIS. That is because AIS data has relatively higher accuracy than RADAR, state uncertainty is
simultaneously increased when we try to accept the more possibilities brought by RADAR. Despite this, the
localization error using sequential fusion drops significantly from time step 70 to 85 compared to the best
result of the single-sensor case(using AIS). It means that a better data association by sensor fusion also helps
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Figure 10: Tracking result using sequential fusion of RADAR and AIS based on PMBM filter in the real multi-
target tracking scenario with low RADAR gain
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to reduce the localization error when the cardinality is changing.

• Although only the comparison of 3 orders among all the 24 orders is shown in this paper, the result basically
meets the theoretical expectations. That is, the fusion order of the sensor does not have much influence on
the tracking results. Theoretically, there are no differences with different fusion orders since PMBM has
a closed-form solution without any approximations. But due to the post-processing step, such as pruning,
recycling, and merging, used to speed up the calculations, it is possible that some correct hypotheses cur-
rently having low probabilities are pruned. The small difference occurs when the targets die. On the one
hand, starting fusion with F-Heli RADAR (order 2), the one with the highest clutter detection rate and low-
est detection probability, two extra missed detections occur after the first death of the targets. On the other
hand, the number of false alarms is reduced slightly at a similar time position. Thus, the influence of the
fusion order can be omitted with the configuration in this study and the fusion order was used for all other
simulations.

• The computational time in the above simulations (AIS, F-Band, I-Band, F-Heli, sequential fusion) using the
Monte Carlo method is 18.2 seconds, 35.2 seconds, 149.6 seconds, 468.5 seconds, and 52.3 seconds, respec-
tively, over 100 time steps with the same configuration. For the single-sensor PMBM, the computational
time increases rapidly from using AIS to using F-Heli band radar, as the decreasing probability of detection
and the increasing clutter rate. Compared to the single AIS and single F-band, the increasing computational
time of sequential fusion is not surprising since there are four iterations in each update step. In contrast,
compared to the single I-Band and F-Heli, the computational time using sequential fusion is significantly
reduced while all the information is used. After splitting to each time step, this computational time of se-
quential fusion is still acceptable (0.523 seconds per time step) with respect to 1 second sampling time. It
is noted that Murty’s algorithm was applied for the prediction and update step in this simulation. For the
real scenario application with a potentially larger number of targets, a significantly faster implementation is
realized by using Gibbs sampling to calculate the joint prediction and update[23].

• In Figure 7, the trajectories of all the targets are calculated and displayed clearly. However, it is observed
that there is a gap among the trajectory dots of target 9. Such that the whole trajectory is divided into two
tracklets. Even though with the explicit label from AIS, we can still easily associate the two tracklets with
the same target, the trajectory gaps of the non-AIS targets might be a problem. In that case, only implicit
labels can be used, such that two tracklets can have two different labels. In other words, due to the missed
detection, the hypothesis that there are two different targets is more likely than the one-target hypothesis.
To avoid this misjudgment, extra post-processing steps can be introduced to merge the tracklets from the
obviously same target. Another choice is to estimate the set of trajectories instead of labelling[24], which
can be one of the future research direction.

4.3 Application
The proposed multi-sensor PMBM filter with the sequential fusion was applied to a recorded real scenario

during a sea trial. Point-target-based dynamic data from the RADAR with all three bands can be captured by
an automatic RADAR plotting aid (ARPA). The AIS and RADAR data encoded in the Tracked Target Message
(TTM) format were pre-processed into point-target-based dynamic states. Data arriving time of AIS and radars
with 3 different bands are different, and AIS and RADAR information are based on different reference systems.
Therefore, time and coordinate were synchronized before the fusion. The tracking result based on a 30-minute
sailing is illustrated in Figure 10. Compared to the normal human experience-based judgment, targets including
static platforms and all the vessels were all picked out and well tracked using sequential fusion. Different clutter
rates of 3-band RADAR were tested by changing the degree of enhancement of the RADAR. With a strong en-
hancement setting, the RADAR detection intensity can be quite strong, as shown in Figure 11. In this case, more
ghost targets (clutter) are detected by APRA, which has impacted the tracking performance. As the result shows,
some targets are missed, because a high clutter rate leads to lower probabilities of hypotheses that are prone to be
pruned during post-processing. Tracklets merging also becomes more challenging due to the high clutter for the
non-AIS targets. In addition, it is observed that the distribution of the clutter measurements from the real data is
related to our own ship and targets. The reason could be that RADAR echo can be reflected by sea surface and
bounces between near targets, and some internal noise of RADAR itself. Thus, the PPP intensity of the clutter
model should be determined according to the specific scenarios.

5 Conclusions and further research
In conclusion, this paper applied a sequential approach for RADAR and AIS fusion based on the PMBM

filter with the point object assumption. The update of both undetected objects by Poisson Point Process and



detected objects by Multi-Bernoulli Mixture is sequentially iterated with all sensors, while the prediction step is
unchanged. Compared to the single-sensor PMBM, the results show that the sequential fusion of RADAR and AIS
can significantly improve the tracking performance. In particular, when targets are partly not able to be detected by
a certain single sensor, or information from different sensors conflicts, those targets can still be well tracked using
sequential fusion. The fusion order does not have much influence on the tracking result, such that the fusion can be
achieved even with a random order. That means that, in the case of autonomous sailing, it is not necessary to align
the arriving time of RADAR and AIS using this sequential fusion. The computational time is increased (52.3s) but
still acceptable compared to the single AIS case (18.2s) with the actual four sensors in this study. However, the
computational load will be further increased as the number of sensors increases. Research on the fusion of massive
sensors could be one future direction. Tracklets merging is introduced during the post-processing in this study to
merge the tracklets from the obviously same target.

This sequential fusion of AIS and RADAR based on PMBM filter was also successfully applied to a real
maritime MTT scenario. We also studied the influence of different clutter rates by changing the enhancement
degree of RADAR. In different scenarios and environments, clutter rates probably change. Thus, making this
multi-sensor PMBM applicable to more scenarios is another potential direction of our future research.
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