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Abstract—Passive bistatic radar (PBR) is a cost-effective choice
for detection and tracking of aircraft. In this paper we present
how the Poisson multi-Bernoulli mixture (PMBM) filter is applied
in a multi-target tracking application with multistatic PBR. To
handle the PBR measurements, it is proposed that a Gaussian
mixture target spatial density is used to represent the target
state. A state dependent probability of detection model for PBR
is presented and how it is used to design the target birth
model. Simulated and experimental data are used to evaluate
the performance of the described approaches.

Index Terms—Poisson multi-Bernoulli mixture filter, multi-
target tracking, passive bistatic radar

I. INTRODUCTION

Mostly, air surveillance for air traffic control (ATC) relies on
all aircraft actively sending ego-information (such as identity,
position, speed, and heading) using a transponder, e.g. auto-
matic dependent surveillance-broadcast (ADS-B). This data is
used by the ATC to generate a real-time air situational picture.
In situations when an aircraft is not equipped with a transpon-
der (e.g. military aircraft) or its transponder malfunctions or
even is actively turned off, the ATC cannot detect the aircraft.
Then, a primary radar is required. A more cost effective option
is passive bistatic radar (PBR), since there is no need for an
active transmitter [6].

In PBR, illuminators of opportunity, e.g. TV (DVB-T), radio
(FM), and base stations for mobile phones, are exploited as
target illuminators. The system measures the direct signal
and the scattered radiation caused by the target. The delay
between these signals is interpreted as the bistatic range and
the Doppler shift caused by motion is interpreted as the
bistatic range rate [2]. The system is radio silent so it is also
interesting for covert military applications [4, 6]. In this paper
we consider multistatic PBR by exploiting multiple FM radio
broadcast (87.5 MHz-108 MHz) transmitters as illuminators of
opportunity for passive air surveillance.

To create an aerial situational picture using PBR, a tracking
algorithm is required to handle measurements generated from
true targets, false targets, and clutter. In [3, 4, 11] a two-stage
tracking approach is applied to handle bistatic measurements
with FM and DVB-T transmitters. In the first stage, targets
are tracked in the bistatic plane (range and range rate). In

the second stage, confirmed bistatic tracks are used to initiate
Cartesian tracks. In both stages, a multi-hypothesis tracking
(MHT) [1] algorithm is used. A particle filtering approach
is presented in [8] where the data association is performed
by the particle filter. Each target is tracked using a separate
particle filter and measurements are associated using the
nearest neighbor algorithm. The computational cost of the filter
is high so the clutter level is therefore assumed to be zero.
Also, the probability hypothesis density (PHD) filter has been
used for FM transmitters of opportunity [15] and for Doppler-
only measurements in a two-stage approach [14].

Lately, the PMBM filter [17] has gained attention in mul-
tiple tracking applications. The filter is based on a Bayesian
approach of the complete multi-target tracking problem which
in theory is optimal. In [5], a derivation of the PMBM filter is
presented together with a proposed implementation for linear
and Gaussian models.

In this work we are interested in how to apply the PMBM
filter to PBR. The PMBM is a union of two independent
processes: a Poisson point process (PPP), for unseen targets,
and a multi-Bernoulli mixture (MBM) process, for already
observed target. This enables a more flexible way to initiate
new targets and has been shown to handle environments with
high rates of false measurements [17].

The contribution of this paper is to show how the PMBM
filter can be applied to multi-target tracking using a multistatic
PBR system. A Gaussian mixture is proposed to represent the
target density. Also, an appropriate target birth design for PBR
is presented. The results show better tracking performance
compared the standard PMBM implementation [5], in both
simulated and experimental data.

The paper is organized as follows. In Sec. II, an introduction
to PBR is given together with an overview of the PMBM
filter. Sec. III presents the modeling of the PBR and how it
is integrated within the PMBM filter framework. Sec. III-C
describes a proposed approach to integrate PBR measurements
with the PMBM filter and Sec. III-B presents a tailored
birth process design. Sec. IV presents the experimental results
using the proposed approaches in simulated and real scenarios.
Sec. V concludes the paper.
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Fig. 1: Illustration of the passive bistatic radar geometry
defined by a receiver at p™, a transmitter at p**, and a target .
A part of the iso-range ellipse that corresponds to the bistatic
range is illustrated as a solid line.

II. BACKGROUND

This section presents the key parts of PBR and the PMBM
filter.

A. Passive bistatic radar

A PBR is a combination of one or multiple bistatic pairs,
where a bistatic pair is formed by one transmitter and one
receiver, separated from each other. The bistatic range R is
measured as the time delay between the target reflected signal
and the direct signal. From the geometry in Fig. 1 we compute
the bistatic range as

R=Rr+Rr—1L, (D

where Ry is the transmitter-to-target range, R, is the receiver-
to-target range, and L is the baseline between transmitter and
receiver. These are computed as

Rr = |lp—p”|
Rr = |[p—p"| 2)
L= |p™ —p™

where p is the location of the target and p™ and p™ are
the locations of the receiver and transmitter, respectively. The
bistatic range defines an iso-range ellipse, where the target is
located, where the position of the transmitter and receiver are
the two focal points, see Fig. 1. Also, due to target motion,
the bistatic range rate is measured via the observed Doppler
shift of the reflected signal. From the geometry, the bistatic
range rate is computed as
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where - denotes the dot product of two vectors and v is the
target velocity.

B. Poisson Multi-Bernoulli Mixture Filter

The PMBM filter is based on random finite set (RFS)
theory [9]. In RFS-based filtering, the multi-target state and
the measurements are modeled as two RFSs, X and Z,
respectively. In the end we want to estimate the posterior of
the multi-target state density 7y, (Xx|Z1:) at current time
step k given all observed measurements up to and including
time step k. In the PMBM filter, the set of targets X is divided

into two disjoint subsets X" & X% = X, where X" contains
the undetected targets and X? contains the observed targets.
X" is modeled by a Poisson point process (PPP), and X¢ is
modeled by a multi-Bernoulli mixture (MBM). The PMBM is

given by
2

’/TPMBM(X) _
XuvwXd=X

where 7P (X %) and 7™BM(X?) are the PPP and MBM RFS
densities, respectively.

Next, a brief overview of the implementation in [5] for linear
and Gaussian models is given. Let the PMBM density in (4)
be defined by the parameters

)\u7 {wj7 {Tj’ivpj7i}i€]1j }jEJ (5)

where A" is the intensity of undetected targets and J is an
index set for all global hypotheses. The jth multi-Bernoulli
(MB) component has weight w?/ with density 77 and consists
of |I7] components. The density of the i:th Bernoulli com-
ponent under global hypothesis j is defined by the existence
probability 77>¢ and spatial density p’:’.

Given the single target state  and associated measurement
z, at time step k,

’/TPPP(XU')’]TMBM(Xd) (4)

= N(zi; For—1,Q)
:N(l'k;H"Ek,R)

where p(xy|zr—1) is the transition density and p(z|zy) is
the measurement likelihood. Also, it is assumed that the
probability of detection and the probability of survival are
constants, i.e. pp(z) = pp and ps(x) = pgs.

1) Prediction step: Let the posterior of the Poisson process
at the previous time step k be a Gaussian mixture,

p($k|$k¢71)
p(2k|zk)

(6)
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and the MBM parameters are wi’fk, phi(z) =

N (z; xk\k’PZ|;c) and ril’k The predicted intensity is

then found as a Gaussian mixture,
Nu
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where \’(z) is the newborn target intensity. The predlcted
Bernoulli components have the same Welghts wk k= wk‘k

p(z) = z; Fag, FPOFT +Q) (8)
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with existence probability rk e = pgrkl . and
PR (@) = N(@; Fagy, FPLFT +Q) )

2) Update step: First, the predicted intensity of the Poisson
component in (8) is rewritten as

Wyt
E :wk\k 1

which is updated to the current time step k by simply multi-
plying with 1 — py,.

(@0 Pl (10)



The update of potential targets detected for the first time
is as follows. To decrease the computational complexity,
ellipsoidal gating is performed on measurements for all com-
ponents in the Poisson prior. For each measurement z;, that is
within the gating limits, generates a new Bernoulli component
with parameters

C
Tklk = W (11a)
LA _ '
prik (@) = D SN (@3 35, Pl) (11b)
i=1
Wik = )\FA(Zk) +C (11c)

using standard Kalman update equations, where A™ (zy,) is the
false alarm intensity. The component weights are computed as

N#
¢i = powyip N (o Hagg 1, 81") , C = Zci (12)
i=1

where N (z; H jZ\’lifvSll: ") is the measurement likelihood
and S denotes the innovation covariance matrix. To reduce
the computational complexity, the Gaussian mixture in (11) is
approximated as a single Gaussian by moment matching.

Next, consider a predicted Bernoulli component with exis-
tence probability T;crkfl’ state density pi;’\qu(x)’ and mixture
weight wi’lic_l. At time step k, this component generates
one misdetection hypothesis and one updated hypothesis for
each measurement within the gate. Under the misdetection
hypothesis the same density is obtained, but

ji _ " (1~ Po)

Tkl = i 3 (13a)
| 177’%\1@—1 +7"£|k_1(1*pn)
wifk = Wk|k—1 (1 — Ti]ikfl + 7“;"271(1 — pD)) (13b)

Under the hypothesis that the target is associated to measure-
ment zj, we have

T‘]i"ik = 1 (143)
Phi() = Nas afj, Pl (145)
Wik = W1 k1 PoN (2 HEg_p, S31) - (140)

using standard Kalman update equations, where the measure-
ment likelihood is N (z; H a“ci’fk_l, S7"). More details and a
complete derivation are found in [5, 17].

III. FILTER ADAPTATIONS FOR PASSIVE BISTATIC RADAR

This section presents how PBR measurements can be used
by the PMBM filter in a multi-sensor aircraft tracking appli-
cation. First, we present our PBR sensor model to be used
for filtering. It includes the measurement model, the state
dependent probability of detection model, and the model for
false alarms. Secondly, a target birth model design is presented
that exploits properties of the PBR sensor model. Lastly, we
revise the standard implementation in Sec. II-B to handle
multi-sensor PBR measurements.

A. PBR sensor model

We assume two-dimensional target motion at constant alti-
tude to limit the scope of this paper. This approximation is
justified by the low range cell resolution (~ 1000 m) using
FM signals.

Measurement model: Let a single target at time step k

be represented by the state vector xp = [pk,vk]T, where
pr = [pf,py]” is the position vector and vy = [vF,vk]" is

the velocity vector in a two-dimensional Cartesian space. Let
the receiver be positioned at the origin ™ = [0,0] and the
transmitter at x%* = [pg‘, pg‘] T Using (1)-(3), the bistatic range
r(zy, z™) and the bistatic range rate 7 (zy, z™) of a target xy,
measured by this bistatic pair are computed as

r(r, 2™) = [lpe — 2™ + [lpsll = L (15a)
L= |ja™ —a™|
. pr — ™ Dk
i (wg, ™) = ( + ) U (15b)
Pk — 2 [lpxl

Denote the measured values of the bistatic range and bistatic
range rate at time step k as z! and 22, respectively. The
measurement is represented by the vector zp = [2!,2%]T,
which is assumed to be Gaussian distributed as

l(zk|zk) = N (215 h(z), %), Ry) (16)
where

hag, 2™) = [r(xk,x“),i'(xk,x“‘)}T

a2 0
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T
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using (15), where o,. and o are the standard deviations of the
bistatic range noise and bistatic range rate noise, respectively.
The receiver is limited to measuring bistatic ranges in the
interval [r™" r™MaX] and bistatic range rates in [f™, Fmax],

Probability of detection: The detection performance of the
receiver is limited by the signal-to-noise ratio (SNR). The SNR
is computed using the well-known radar range equation [13].
Here, we model the SNR at the receiver of a target with state
Tk as

1
R (1) Rix (15 2%)?

SNR(zg;2™,0) =Lp (
a7

1
Ly (xg; 2%, 0) Lpsi(zx; 95"())

Rex(2r) =|lpxl
Ri(zp; ™) =lpr — "

La(xy; 2™, 0) €]0,1]

Lpsi(zx; 2™) €[0,1]

where Rix(-) and Ry(-) are the distances to target from
receiver and transmitter, respectively. L4(-) and Lpgi(-) are
loss terms. Lastly, Lp is used as a design parameter to
approximate for the factors of the radar equation that have
not been included in this model, e.g. bistatic radar cross
section (RCS), integration gain, and system losses. Here, it



is computed by assuming a certain SNR at a specific bistatic
range. The loss term L 4 (-) models the receiver antenna pattern
in the horizontal plane, i.e. the directional dependence of the
antenna gain. In PBR, suppression of direct signal interference
(DSI) is used to mitigate the interference effects of the direct
signal sensed by the receiver antenna [6]. Here, we model
it as an antenna pattern with a notch in the direction of the
transmitter.

Further, we assume that target responses fluctuate according
to the Swerling 1 case [13]. Given Swerling 1, the probability
of detection of a target xj is expressed as

1/(14SNR(zx;z™,0))
FA

po(xg; 2™, 0) =p (18)

where pg, is the desired probability of false alarms and
SNR(zy; x™*,0) is given by (17). Given the bistatic range
measurement space,

. - {pD(x; xlx’ 9), ’/‘(.13, xtx) c [,,,min, ,rmax}
po(z; 2™, 0) = .
0, otherwise
19)
and pp (z; 2™, 0) < ppex,

False alarms: In addition to true measurements, false mea-
surements are prominent in the receiver. These are modeled as
a PPP and are uniformly distributed in the measurement space
of the receiver. The intensity function of false measurements
is defined as

)\FA(Zk) _ S\FA 'U(Zl; rminj Tmax) . Z/[(ZQ; 7;min’ ,i,max) (20)

where A\™ is the mean number of false measurements per
frame and U(-; a,b) denotes a uniform density on the interval
[a,b]. The measurement space is, in fact, divided into cells
defined by range and Doppler cell resolution, respectively. If
a measurement zj is in the measurement space we have

S\FA

Nrange cells * Doppler cells

A (2) = 21

B. Target birth

This section describes how the birth process can be designed
to handle target birth from PBR measurements. As proposed
in [5], let the birth process PPP be a Gaussian mixture with
intensity

Ny
)\b(.ﬁ) — Zwb’i/\/(l‘; xb,i’ Pb,i)

i=1

(22)

consisting of N, components where 2% is the mean, P’
is the covariance and w®? is the weight of each component.
Fig. 1 shows that a measurement from one transmitter only
gives information that the target position is on the bistatic
range ellipse. Since a single measurement can give birth to a
potentially detected target, care must be taken when designing
the birth process. Usually, the birth process is designed as a
single large Gaussian or a set of multiple Gaussians distributed
along the boundary of the surveillance area. Here, we define
the surveillance area as the two dimensional region of (x, y)
coordinates where the probability of detection, as defined in

(18), is greater than or equal the threshold p™" in at least
NZn sensors. This region is computed using grid search, and
the birth components in (22) are placed along its boundary.
By placing the components on this boundary, we handle both

the bistatic geometry and predicted detection performance.

C. Implementation details

Here, we present how to integrate the PBR sensor model
into the PMBM filter framework. As a basis we start from
the single sensor implementation presented in Sec. II-B and
propose required adaptations.

Gaussian mixture state density: In (11), new targets are
approximated as a single Gaussians to reduce the computa-
tional complexity. However, in PBR, this will give rise to an
incorrect initial target density. In Fig. 1 it is shown that a single
measurement can be described by a target located anywhere
on the bistatic range ellipse. This approximation will return a
large Gaussian component with the mean in the center of the
associated birth components, see (11b), and a covariance of the
same size as the spatial distribution of the birth components.

Probability of detection: To utilize the state dependent prob-
ability of detection model in Sec. III-A, we need to address the
assumption in the standard implementation that py, is constant.
Instead, we approximate that the probability of detection is
constant around the center point of the state density. This
approximation is motivated by the assumption that pp(x)
varies slowly around the state density [7]. Therefore, py is
replaced with pp(x).

Nonlinear measurement model: Since the standard imple-
mentation assumes linear models, it is required that the update
equations are adapted to handle the nonlinear measurement
model in (16). We approximate the update equations using
standard Extended Kalman Filter (EKF) equations.

Multi-sensor update: The standard implementation of the
PMBM filter supports only single sensor update. To implement
multi-sensor support, we apply the iterated-corrector approx-
imation presented in [10]. This includes the update of the
Poisson component and the MBM component of the filter.

Implementation of adaptations: Next, we summarize how
the standard implementation needs to be updated to handle the
adaptations above. Let

p(zk|zK) = N (zk; h(zk), R) (23a)
N

p(:v) _ Z 77m./\/‘(fL'; i,'rn’ Pm) (23b)
m=1

where p(zj|zy) is the nonlinear measurement likelihood and
p(x) is a Gaussian mixture state density consisting of N,
components with scalar weights 1. Also, let

Nm
=) gmam (24)
m=1

be the mean of (23b).



In the prediction step we only need to revise the prediction
of the Bernoulli components in the MBM. The state density
p(z) is now a Gaussian mixture, so (9) is replaced with

dyi
N‘m

Pbuele) = 3 N s Faly PP FT +Q)
m=1

y g (25)
Jimo _ gsi,m
where M1k = Mk
The predicted intensity of undetected targets in (8) is
just updated with the constant 1 — p,. Now, the probability
of detection is state dependent, so each weight is updated
according to
i AU T st
Wik = (1 _pD(ka\k:))wmkﬂ ‘ (26)
Next, we describe the update of new and existing targets
respectively. Let the target state density of the new Bernoulli
component stay as a Gaussian mixture

NH

e " p
Prik(T) = Z éN(xﬁ%ZvP;\k)

=1
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Nﬂ'
,C= Zci
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and H is the Jacobian of the measurement model evaluated at
the state prediction.

For the misdetection hypothesis we have to update the
existence probabilities and mixture weights in (13) according
to

Oh
H =
ox

Py

T=Th -1

s (1= o))

Ti]lk = — - . (28a)
L- Ti]kq + Ti]kq (1 - pD(x?c]kq))
W[k = Whjk—1
(1=l (- po@l ) @8b)

where af”i’ik_l is the mean of the Gaussian mixture state
density. Under the hypothesis that the target is detected by a
measurement, we update the state density and mixture weight
parameters in (14) as

NI
pR(@) = > N (s a ™ P (29a)
m=1
wi’fk :r?\z}cf 1Pp (‘%i;fkf 1)
NTn o o
T it N s (@) S5 (29b)
m=1

where
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IV. EXPERIMENTAL RESULTS

Here we evaluate how the PMBM filter performs in one sim-
ulated and two real scenarios. The proposed Gaussian mixture
state density model approach is validated by comparing with
the standard approach, where a new target is approximated
as a single Gaussian. To evaluate the performance, we apply
the generalized optimal sub-pattern assignment (GOSPA) error
metric [12] with parameters p = 2 (i.e. Euclidean distance),
cutoff distance ¢ = 2000 m and o = 2. The cutoff distance is
motivated by the range resolution and modeling approxima-
tions.

Each target survives with the probability pg = 0.99 and
moves according to a nearly constant velocity model

f(z]z") = N(x; Fova', Q)
1 T
0 1

3 2
Q=02L® B;g TT/Q}

ch :12® [ (31)

where ® is the Kronecker product, I,, denotes the identity
matrix of n dimensions, 7' = 1s is the sampling period,
and 02 = g?/T, where g = 9.82m/s?, is the process noise
variance.

A receiver is located at the origin of a Cartesian two-
dimensional plane and generates measurements from four co-
located antennas. Each antenna operates either as a surveil-
lance or as a reference antenna. The antennas are configured
in the directions § € ©, where © = {45°,135°,225°,315°}
relative north to cover all directions around the receiver. To
handle measurements from multiple transmitters we define a
sensor s = [2™,+] as one bistatic pair with a transmitter
™ along with one reference antenna directed at 6, and one
surveillance antenna at 6 as the configuration v = [0, 6;],
where 0,.,0; € O and 0, # 0. The measurements are
distributed as described in (16) where the standard deviation
of the range noise is 0, = 1000m and range rate noise is
o = 2m/s. The probability of the sensor for detecting a target



Antenna pattern, 3dB main lobe DS! suppression for transmitter at 270 relative surveillance antenna
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Fig. 2: Left: Antenna pattern as a function of target angle
relative the antenna. Right: Attenuation of direct signal from
transmitter.
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TABLE I: PMBM filter parameters

Parameter Symbol  Value
Time step T 1s
Maximum global hypotheses Npax 200
Poisson prune threshold Tp 107°
Global hypothesis prune threshold Tg 10—°
Existence threshold Tr 0.1
Existing target gate threshold Ty 20
Poisson gate threshold Ty 15
Target extraction threshold Tt 0.4

is computed using (17)-(18) and is capped at pj'** = 0.7. The
SNR loss terms are illustrated in Fig. 2 and set to
La(zy; 2™, 0) = cos(0.47¢;)>°
Lpsi(zy; ™) = 1 — sinc(¢P5)*°
T —pY)sinb, + (p;, — py) cos b
¢Ilj = arctan ((p,; pt ) (p]; pzt;) : ) (32)
(P} — i) cos 05 — (pf. — pi) sin O
P sin Oy + pj, cos Oy
P§ cos O — p} sin Oy

3" = arctan <

where 0, is the direction to the transmitter from the receiver.
The false alarm intensity is set to A\™(2) = 107%.

The birth PPP is a Gaussian mixture with components
evenly distributed on the surveillance area boundary (see
Sec. III-B). The separation between components is d, =
5000m. Each component has mean z} = [pzj’b,pZ’b,O,O]T
and covariance PP = diag([50002,5000%,2502, 250°]). New
targets arrive with rate w® = 1/30s, i.e. two per minute.

Targets are estimated with a PMBM filter (see Sec. II-B)
together with proposed PBR adaptations (see Sec. III-C). To
reduce the computational complexity, Bernoulli component
recycling is applied [16]. Components with existence lower
than a threshold 7, are recycled into the undetected target
intensity. Extraction of estimated targets is performed by
taking the belonging Bernoulli components, with probability
of existence above a threshold 77, to the global hypothesis with
highest weight [5]. Filter parameters are listed in Table 1. In
the evaluations we refer the approach with a Gaussian mixture
state density as Mixture and the standard approach as Single.

A. Simulated scenario

The simulated scenario is a multi-target scenario that in-
volves simulated measurements of four sensors. The purpose

of this scenario is to evaluate tracking performance according
two two criteria: number of targets and false measurements
rate. The scenario lasts for 100 time steps where measure-
ments and ground truth are simulated for each time step.
Simulated targets enter the surveillance area on the boundary
and never die. The probability of detection on he bound-

ary is p™" = 0.3 in at least N3 = 2 sensors. The
receiver is limited to [r™ p™MaX] = [20km, 350km] and
[Foin pmax] — [_600m/s, 600 m/s], respectively. Simulated

measurement noise is zero-mean Gaussian distributed with
covariance diag([10002, 12]). The design parameter L p in (17)
is set so the probability of detection is 0.3 at maximum bistatic
range r™** for each sensor. Fig. 3 illustrates the scenario
geometry. Simulation parameters are listed in Table II.

Number of targets: Target arrival is simulated as a Pois-
son process at multiple rates, A . Target birth is uni-
formly distributed over the surveillance area boundary. Targets
move with constant velocity directed inwards the center of
the surveillance area. The speed is uniform in the interval
[280 km/h, 1 000 km/h], to represent multiple types of aircraft.

False measurements: False sensor measurements are simu-
lated as a Poisson process at multiple rates, A%, per scan
and sensor. False measurements are uniformly distributed
according to Sec. III-A.

The GOSPA RMS error and its components are illustrated
in Fig. 4. The results are averaged over 100 Monte Carlo runs

: T
for all configurations of the parameters Aj,, and AL} .

TABLE II: Simulation parameters

Parameter Symbol  Value

Scenario length Tim 100s

Monte Carlo runs Nme 100

Target arrival rates AF [1,5,10] min—!

False measurements rates X [0.1,1,10,15,20]s!

The mixture approach performs better than the single ap-
proach when we compare the RMS GOSPA error for all
configurations. The difference is smaller at lower AL but
increases at larger AL . The localization error is smaller for
the single approach but not for false and missed targets. The
biggest difference is for missed targets. The mixture approach
tends to miss fewer targets. The difference in false target error
is smaller but the mixture approach tends to report fewer false
targets. This indicates that the mixture approach helps the filter
to report a correct number of targets.

B. Real scenario

The scenario consists of two sub-scenarios: maneuvering
target and area surveillance. In the first, we investigate how the
filter performs with a maneuvering target. Multiple targets are
present, but in the evaluation we are just interested in the single
target. In the second scenario we investigate filter performance
in an aerial surveillance scenario with multiple targets. At the
boundary, the probability of detection is p™® = 0.7 in at least
N@Zin = 2 sensors. Data is collected using a measurement
system with four coherent channels. The design parameter K
in (17) is set so the probability of detection is 0.5 at maximum
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dashed line.
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Fig. 4: Results averaged over 100 Monte Carlo runs as a
function of simulated false measurement rate (A2 ) for three
values of simulated targets arrival rate (A%
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bistatic range r™** for each sensor. Bistatic measurements are
extracted using a cell-averaging constant false alarm rate (CA-
CFAR) detector [13] with parameter Ppy = 107,

Ground truth is extracted from ADS-B and from an onboard
inertial navigation system (INS) supported by global naviga-
tion satellite system (GNSS) on the cooperative target.

Scenario 1: Area surveillance: Resembles the simulated
scenario in the sense that multiple targets are present in the
surveillance area, see Fig. 5. It lasts for 300 time steps,
with a total of seven targets, of which four are present
from the start. Four transmitters are selected to cover the
area to the east of the receiver. The receiver is limited to
[prin pmax) — [50 km, 350 km]. Targets present from start are
added to the undetected targets intensity prior as Gaussian
components with weight w = 1/4. Each component has
mean Too = [Pips.p: Paps.p: Uaps-B: Uaps.p) - and covariance
Pyjp = diag([1000%,1000%,50?,50%]) using reported data
from ADS-B.
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Fig. 5: The area surveillance scenario. The recording lasts for
five minutes and four transmitters are selected, illustrated with
filled squares. The surveillance area boundary is illustrated by
a dashed line.
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Fig. 6: GOSPA and its components as a function of time for
the mixture and single approaches in the area surveillance
scenario.

In Fig. 6 we see that the mixture approach results in lower
GOSPA RMS error explained by a smaller number of missed
targets and false targets. The localization error is lower with
the single approach, but with a higher number of missed and
false targets. For an aerial surveillance application a large
number of false and missed targets is not favorable, which
supports the mixture approach.

Scenario 2: Maneuvering target: This scenario focuses on
a cooperative target but other targets are present, see Fig. 7.
The scenario lasts for 800s and no target is present from the
start. The cooperative target flies at constant altitude and enters
the surveillance area from the west 45s into the scenario. In
the area it flies straight lines combined with some maneuvers
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V. CONCLUSION

In this paper we have presented an approach to handle
PBR in a multi-target tracking context using the PMBM
filter. It is proposed that a Gaussian mixture is used to
represent the target state density. We also present modeling
of the PBR sensor to exploit the PBR properties during target
birth and provide a state dependent probability of detection.
From a standard PMBM implementation we present required
modifications and additions. With our approach, better results
are obtained compared to the standard implementation, which
is verified through experiments. The results are promising and
are valuable for future work.
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Fig. 8: Sum of localization error and missed target GOSPA
sub-components against time for both approaches in Sce-
nario 2. The inset plot is a zoomed-in view of the area marked
with a dashed line.

before it exits at time 760s. Three transmitters are selected.
The receiver is limited to [r™®, rmaX] = [20 km, 350 km].

Fig. 8 shows the sum of the localization error and missed
target GOSPA sub-components as a function of time for the
single target only. Both approaches perform almost equally
over the entire scenario. In the inset plot in Fig. 8 we
see that a true target is reported earlier with the mixture
approach. The filter handles the target maneuvers equally for
both approaches. The noticeable jumps for the single approach
around time step 300 in the large plot is due to a false target
that is associated to the ground truth target.

To summarize, the results show that the proposed methods
to handle PBR measurements result in better tracking perfor-
mance in terms of GOSPA compared to the standard PMBM
filter implementation.
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