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Abstract—Passive multistatic radar exploits illuminators of
opportunity such as radio or TV stations for tracking airborne
targets. In this work, we focus on passive multistatic radars where
two types of data association uncertainty arise simultaneously,
i.e., an unknown measurement-target association and an un-
known measurement-illuminator association. We consider the re-
cently developed probabilistic multi-hypothesis tracker (PMHT)
approach that works directly in Cartesian space and allows for an
efficient treatment of the large number of association hypotheses.
The main contribution of this work is the application of the
PMHT approach to the FKIE Passive Radar Data Set.

Index Terms—Passive radar, PMHT, FKIE Data Set.

I. INTRODUCTION

The aim of passive radar is to track airborne targets based on

reflections from illuminators of opportunity, i.e., illuminators

that are not under direct control of the observer, such as radio

or TV stations. Advantages of passive radar are, among others,

the hidden receiver and the low cost in terms of energy.

This work focuses on broadcast signals in a single frequency

network modulated according to the Digital Audio/Video

Broadcasting (DAB/DVB) [1]–[5] standards, which raise new

challenges for the tracking algorithm. First, angular measure-

ments often have an extremely poor quality so that only

range and range rate measurements are useful. Second, an

additional type of data association uncertainty arises: Not only

is it unknown which measurement belongs to which target,

it is also unknown which measurement arose from which

illuminator. Due to this measurement-illuminator uncertainty,

a large number of possible data association hypotheses have

to be considered, even for a few targets. For example, if there

are 6 targets, 6 measurements, and 6 illuminators, the number

of possible hypotheses is already 6! · 6! = 518400 (ignoring

clutter).

Multi-target tracking using passive radar without given

illuminator association is tackled in [5] by introducing a

three-stage procedure: In stage 1, the targets are tracked

in range/range rate space using a multi-hypothesis tracker

(MHT). In stage 2, de-ghosting is performed and stage 3

maintains fused tracks in Cartesian space. A similar three-step

procedure is also used in [6]; however, a joint probabilistic

data association filter (JPDAF) performs the final tracking in

Cartesian space. A Probability Hypothesis Density (PHD) filter

approach has recently been proposed in [11]. However, this

method exploits provenance tags that specify the illuminator

corresponding to a measurement. Since these are not available

in practice, we would prefer not to use them in our experiments

here.

In this work, we adopt the recently proposed probabilis-

tic multi-hypothesis tracker (PMHT) approach for unknown

measurement-illuminator-target associations [4], [7], [8]. The

PMHT is a computationally attractive approach to data as-

sociation. The key idea is to work with a data association

model that allows multiple assignments to the same target.

This model might not be physically correct, however, it leads

to a very neat algorithm based on the Expectation Maxi-

mization (EM) philosophy. The PMHT approach seems to be

especially useful in the case of measurement-illuminator-target

association uncertainty as the standard association model (that

each target can have at most one measurement per illuminator)

is hopelessly intractable. Furthermore, it allows for performing

tracking directly in the original and intuitive Cartesian space.

During the last years, the FKIE Passive Radar Data Set [10],

[11] by the Fraunhofer Institute for Communication, Informa-

tion Processing and Ergonomics (FKIE) that was presented to

the Multistatic Tracking Working Group (MSTWG) has been

established as a benchmark scenario for passive radar trackers

[5], [6], [11]. In this work, we present the first tracking results

of the PMHT tracker for the FKIE Passive Radar Data Set.

So far, we do not consider track initialization: we assume that

reasonable good initial estimates are given. However, we note

that there has been an elaborate track initialization mechanism

developed [3]. Its evaluation with the FKIE Passive Radar Data

Set is left for future work. A further contribution of this work

is to derive a more compact version of the original algorithm

presented in [4] that does not require to stack measurements.

The remainder of this paper is as follows. Section II

describes the system and measurement model for the passive

radar tracking problem. The PMHT algorithm is derived in
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Fig. 1. Passive radar: Target with state vector xm, illuminator located at
pill
s , and receiver located at prec. A range measurement based on the received

signal restricts the target location to be on an ellipse/ellipsoid.

Section III. In Section IV the details of the FKIE Passive

Radar Data Set are described and the simulation results are

discussed. Conclusions and an outlook are given in Section V.

II. SCENARIO

We assume that there are M targets in three-dimensional

Cartesian space. The number of targets is known and constant

over time (we do not treat track initialization in this work,

that is the subject of present inquiry). The state vector of the

mth (m = 1, 2, . . . ,M) target is

xm(t) = (xm(t), ẋm(t), ym(t), ẏm(t), zm(t), żm(t))T ,

and pm(t) = (xm(t), ym(t), zm(t))T ∈ R
3 is the target

location, ṗm(t) = (ẋm(t), ẏm(t), żm(t))T ∈ R
3 is its velocity,

and t = 1, 2, . . . , T is the time index.

A. System Model

The temporal evolution of the target state is modeled

according to a constant velocity model [12] described as

xm(t) = Fxm(t− 1) + vm(t) , (1)

where the system matrix F = I3 ⊗ F̃ is the Kronecker

product of the three-dimensional identity matrix I3 and F̃ =(
1 ΔT
0 1

)
, in which ΔT denotes scan period. The system is

corrupted with zero-mean white noise vm(t) with covariance

matrix Qm = I3 ⊗ Q̃, where Q̃ =

(
ΔT 4

4
ΔT 2

2
ΔT 2

2 ΔT 2

)
.

B. Measument Model

There are S illuminators located at pill
s = (xill

s , y
ill
s , z

ill
s )

T ∈
R

3 (s = 1, 2, . . . , S). We only consider a single receiver at

position prec = (xrec, yrec, zrec)T ∈ R
3. An overview of the

setting and the involved quantities is shown in Fig. 1.

Let there be Nt measurements z1(t), . . . , zNt
(t) ∈ R

2 at

time t. We write kr(t) = m if measurement r is associated

with a target m and lr(t) = s if measurement r is associated

with illuminator s.

As motivated in the introduction, we assume that range

γ(xm(t),pill
s ) and range rate measurements γ̇(xm(t),pill

s ) are

available according to

γ(xm(t),pill
s ) = ‖pm(t)− prec‖+ ‖pm(t)− pill

s ‖ , (2a)

γ̇(xm(t),pill
s ) =

−f

c
·
[

(pm(t)−prec)T

‖(pm(t)−prec)‖ +
(pm(t)−pill

s )
T

‖(pm(t)−pill
s )‖

]
· ṗm(t) (2b)

in which f is the illuminator working frequency, and c is

the speed of light. Hence, a measurement zm(t) ∈ R
2 is

associated with sensor lr(t) = s and target kr(t) = m
according to the nonlinear function

zr(t) = h(xm(t),pill
s ) +wr(t) , (3)

where wr(t) is zero-mean white Gaussian noise with co-

variance matrix Rr(t) = diag(σ2
γ , σ

2
γ̇) in which σ2

γ and σ2
γ̇

denote the variances of the range and range rate measurement

respectively.

In this work, we tackle the nonlinearity of the measurement

function (3) with linearization according to the extended

Kalman filter (EKF). For this purpose, the derivative of the

measurement function ∇xm(t)h(xm(t),pill
s ) is given in the

Appendix.

III. THE PMHT APPROACH

In this section, we derive the PMHT method for multi-

target tracking with unknown measurement-illuminator-target

associations as introduced in [4]. However, in contrast to [4],

we present a more compact formulation that obviates the need

to work with stacked measurements.

The key idea of the PMHT approach is to assume that all

measurement-target and measurement-sensor associations are

statistically independent random variables. The prior probabil-

ities for the associations are written as

p(kr(t) = m) = πk
m , (4a)

p(lr(t) = s) = πl
s , (4b)

where p( · ) is the (discrete) probability density function (PDF)

– PMF. In this manner, the PMHT measurement model al-

lows that multiple measurements are assigned to the same

target/illuminator. This association model differs from the

standard model used for example in the joint probabilistic data

association filter (JPDAF), which allows at most one measure-

ment per target [2]. Based upon the above measurement model,

the PMHT approach applies the EM algorithm to a batch of

measurements in order to determine the target locations for

the batch.

A. Notation

We assume that the considered batch starts at time t = 1 and

ends at time t = T . The collections of states and measurements

at time t is written as

Xt = (x1(t), . . . ,xM (t)) , and (5)

Zt = (z1(t), . . . , zNt
(t)) . (6)



The collection of states and measurements for the entire batch

up to time T are

X = (X1, X2, . . . , XT ) , and (7)

Z = (Z1, Z2, . . . , ZT ) . (8)

In the same manner, the associations at time t are

Kt = (k1(t), k2(t), . . . , kNt
(t)) , and (9)

Lt = (l1(t), l2(t), . . . , lNt
(t)) . (10)

The entire batch of associations is denoted as

K = (K1,K2, . . . ,KT ) , and (11)

L = (L1, L2, . . . , LT ) . (12)

B. Expectation Maximization (EM) Algorithm

The PMHT approach aims at maximizing p(X|Z) over X
using the EM algorithm [13]–[15]. That is, we would like to

find the maximum a posteriori (MAP) estimate of X

X̂MAP = argmax
X

p(X|Z) . (13)

As directly optimizing the MAP expectation is difficult, the

EM approach employs the function [4]

Q(X(n+1); X(n)) :=
∑
K,L

log
(
p(X(n+1),K,L|Z)

)
· p(K,L|X(n),Z) .

(14)

Based upon an initial estimate X(0), the EM approach succes-

sively calculates improved estimates

X(n+1) := argmax
X

Q(X;X(n)) (15)

until a specific degree of convergence is reached, i.e., the new

estimate does not significantly change anymore.

C. Implementation

In the following, we will show how the optimization of (15)

can be performed with a standard Kalman filter smoother with

given associations [3], [9], [13].

For this purpose, we first note that the posterior association

probabilities in (14) can be written as

p(K,L|X(n),Z) =

T∏
t=1

Nt∏
r=1

w(n)
m,r(t, s) , (16)

where

w(n)
m,r(t, s) =

πk
m πl

s p(zr(t)|x(n)
m (t), kr(t) = m, lr(t) = s)∑M

p=1

∑S
q=1 π

k
p πl

q p(zr(t)|x(n)
p (t), kr(t) = p, lr(t) = q)

.

(17)

Following the derivation in [4], we then obtain

Q(X(n+1); X(n))

= log p(X(n+1))

+

S∑
s=1

T∑
t=1

Nt∑
r=1

M∑
m=1

w(n)
m,r(t, s) log(π

k
mπl

s) + w(n)
m,r(t, s)

· log(p(zr(t)|x(n)
m (t), kr(t) = m, lr(t) = s)) (18)

in which the prior probability for the states is

p(X(n+1)) =
M∏

m=1

p(x(n+1)
m (1))

T∏
t=2

p(x(n+1)
m (t)|x(n+1)

m (t− 1)) . (19)

In order to maximize X(n+1) in (15), we determine the

gradient ∇X(n+1)Q(X(n+1); X(n)), which turns out to be

∇X(n+1)Q(X(n+1); X(n)) =

∇X(n+1)

(
log(p(X(n+1)))

)
− 1

2

S∑
s=1

T∑
t=1

Nt∑
r=1

M∑
m=1

w(n)
m,r(t, s)

· ∇X(n+1)

[(
zr(t)− h(x(n+1)

m (t),pill
s )

)T

·Rm,s(t)
−1

(
zr(t)− h(x(n+1)

m (t),pill
s )

)]
.

Next, we determine the gradient of the quadratic form in (20).

For this purpose, use the abbreviation

H(n)
m,s(t) := ∇xm(t)h(xm(t),pill

s )
∣∣∣
x

(n)
m

(20)

and consider the linearized version of (3)

zm(t)−H(n)
m,s(t)x

(n)
m (t)︸ ︷︷ ︸

:=ẑm(t)

= H(n)
m,s(t) ·x(n+1)

m (t) + w̃m(t) ,

(21)

in order to get the approximation

∇X(n+1)Q(X(n+1); X(n)) ≈ ∇X(n+1)

(
log(p(X(n+1)))

)
+

S∑
s=1

T∑
t=1

Nt∑
r=1

M∑
m=1

[
w(n)

m,r(t, s)H
T
m,sRm,s(t)

−1

·
(
ẑr(t)−Hm,sx

(n+1)
m (t)

)]
, (22)



where an expression for H
(n)
m,s is given in the Appendix. A

rearrangement of the sums and a factorization in (22) yields

∇X(n+1)Q(X(n+1); X(n)) ≈ ∇X(n+1)

(
log(p(X(n+1)))

)
+

T∑
t=1

M∑
m=1

( S∑
s=1

Nt∑
r=1

w(n)
m,r(t, s)H

T
m,sRm,s(t)

−1Hm,s

)

·
(( S∑

s=1

Nt∑
r=1

w(n)
m,r(t, s)H

T
m,sRm,s(t)

−1Hm,s

)−1

·
( S∑

s=1

Nt∑
r=1

w(n)
m,r(t, s)H

T
m,sRm,s(t)

−1ẑr(t)
)

− x(n+1)
m (t)

)
. (23)

It turns out that (23) has the same derivative as

Q̂(X(n+1); X(n)) := ∇X(n+1)

(
log(p(X(n+1)))

)
− 1

2

T∑
t=1

M∑
m=1

(
z̃m(t)− x(n+1)

m (t)
)T

· R̃m(t)−1
(
z̃m(t)− x(n+1)

m (t)
)

(24)

with synthetic measurements

z̃m(t) := R̃m(t)

S∑
s=1

Nt∑
r=1

w(n)
m,r(t, s)H

T
m,sRm,s(t)

−1ẑr(t)

(25)

and corresponding synthetic covariance matrices

R̃m(t) :=

(
S∑

s=1

Nt∑
r=1

w(n)
m,r(t, s)H

T
m,sRm,s(t)

−1Hm,s

)−1

.

(26)

All told, the maximum of Q(X;X(n)) in (15) can be computed

with the standard Kalman filter smoother equation (see for

example [9]) for the system equation (1) and the following

measurement equation

z̃m(t) = x(n+1)
m (t) + w̃m(t) , (27)

where w̃m(t) is zero-mean white (synthetic) Gaussian noise

with covariance matrix R̃m(t).
In contrast to the derivation in [4], the presented formu-

lation does not require to “stack” synthetic measurements.

Interestingly, the PMHT filter for unknown measurement-
illuminator-target association differs from the PMHT filter

for known measurement-illuminator association and unknown
measurement target association (derived in [9]) only in the

calculation of the weights (17).

IV. EVALUATION

The FKIE Passive Radar Data Set contains two simulated

scenarios with different Digital Video Broadcasting (DVB)

networks. The first DVB network consists of two illuminators
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Fig. 2. Target trajectories: receiver and three illuminators, network 2.

and one receiver, and the other one consists of three illumina-

tors and one receiver. Both scenarios treat the same ten targets

and tracks. The illuminators broadcast at the same frequency

in each network so that it is not possible to distinguish between

illuminators in the same network.

In this paper, we focus on an analysis of the tracking

performance of the PMHT approach applied to the second

network of the FKIE Passive Radar Data Set. Figure 2 shows

the setup of network 2, and Figure 3 shows the relevant

measurements.

In network 2, the receiver is located at the origin of

ordinates. The frequency of the three illuminators is 700MHz,

and the fixed positions of the three illuminators are

pill
1 = [−6147m, 36540m,−37m]T ,

pill
2 = [−39641m,−34646m, 78m]T ,

pill
3 = [−25288m, 112830m,−760m]T .

The false alarms are assumed to be uniformly distributed

within the minimum and maximum range in range and range

rate measurement space. The number of false alarms is Poisson

distributed with mean 145. The probability of detection is set

to Pd = 0.8 for all ten targets. Based upon the probabil-

ity of detection, the association probabilities for the PMHT

model (4a) are calculated as described in [9]. The illuminator

associations (4b) are assumed to be uniformly distributed.

The process noise for the constant velocity model is

σp = 5m, and the measurement noise is σr = 1200m and

σṙ = 100MHz. We do not exploit angular measurements.

The entire tracking time is 200 scans with a scan period of

ΔT = 1 s. We use a batch length of 8 for the PMHT filter.

The tracks are initialized at the true locations plus a position

offset [120m, 144m, 10m]T .

A. Results

The results of the PMHT tracker for unknown measurement-

illuminator-target associations are shown in Figure 4 to 7.
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Fig. 3. Measurements for ten targets without clutter, network 2.
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Fig. 4. PMHT approach (unknown associations): estimated trajectories (blue)
and real trajectories (red), network 2.

Figure 4 illustrates the estimated trajectories using PMHT in

comparison with the real contacts in network 2. We can see

that the PMHT algorithm adequately tracks target 2, 5, 7 and

10, and for target 1, 3, 4, 8 and 9, the PMHT tracker sometimes

works a little worse as time passes. This also can be seen from

the Figure 6 and 7, in which the position errors (Euclidean

distance) for target 1, 3, 4, 8 and 9 increase as time elapses.

Figure 5 shows the measurements with false alarm and relevant

synthetic measurements. As seen in Figure 5, the false alarm

is dense, and the PMHT synthetic measurements are broadly

consistent with the measurements without clutter (Figure 3).

In order to assess the impact of unknown associations,

we also provide results of a plain EKF tracker based on

given measurement-illuminator-target associations as shown

in Figure 8 to 10. As seen in Figure 8, the EKF shows

excellent tracking performance. This is actually expected as

the measurement noise is rather low and the targets are not

0 0.5 1 1.5 2 2.5

x 10
5

−1000

−500

0

500

1000

1500

TDOA/ m

D
op

pl
er

/H
z

Fig. 5. PMHT approach (unknown associations): synthetic measurements
for ten targets without clutter, network 2.
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Fig. 6. PMHT approach (unknown associations): error (Euclidean distance)
for target 1 to target 5, network 2.

maneuvering at all. We can see from Figure 9 and 10 that the

actual error of the EKF is very small.

V. CONCLUSIONS

This paper presented the tracking results of the PMHT

tracker [4] for the FKIE Passive Radar Data Set. We em-

ployed measurements of range and range rate but no angular

information. Further, additional to the usual measurement-

target association, the measurement-illuminator association

was unknown, which renders data association complex. The

simulation results show that the PMHT works reasonably well

in the high clutter environment and its run-time complexity is

low.

In this work, the PMHT filter was fed with reasonably

propitious initial estimates. This is actually a significant

simplification as track initialization is a major challenge for

passive radars. Fortunately, a sophisticated track initialization
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for target 6 to target 10, network 2.
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Fig. 8. EKF with known associations: estimated trajectories (blue) and real
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technique for the PMHT filter was developed in [3]. Hence,

present work focuses on an evaluation of the track initialization

technique [3] on the same data. It will be interesting to see how

the automatic initialization performs relative to the handmade

initialization used in this work.

APPENDIX

The derivatives of the range and range rate with respect to

the target state in (3) are given by [16]

∂γ
∂xm

= xm−xrec

‖pm−prec‖ +
xm−xill

s

‖pm−pill
s ‖ , (28a)

∂γ
∂ẋm

= 0 , (28b)

∂γ̇
∂xm

= xm

‖pm−prec‖ − (xm−xrec)κ
‖pm−prec‖3 + xm

‖pm−pill
s ‖

− (xm−xill
s )κ

‖pm−pill
s ‖3 , (28c)

∂γ̇
∂ẋm

= xm−xrec

‖pm−prec‖ +
xm−xill

s

‖pm−pill
s ‖ (28d)
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Fig. 9. EKF with known associations: error (Euclidean distance) for target
1 to target 5, network 2.
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Fig. 10. EKF with known associations: error (Euclidean distance) for target
6 to target 10, network 2.

in which κ = ((xm − xrec)ẋ+ (ym − yrec)ẏ + (zm − zrec)ż).
The derivatives of the range and range rate for ym and zm are

similar to xm. In summary, the gradient of (3) becomes

∇xmh(xm,pill
s ) =⎛

⎝ ∂γ
∂xm

∂γ
∂ẋm

∂γ
∂ym

∂γ
∂ẏm

∂γ
∂zm

∂γ
∂żm

∂γ̇
∂xm

∂γ̇
∂ẋm

∂γ̇
∂ym

∂γ̇
∂ẏm

∂γ̇
∂zm

∂γ̇
∂żm

⎞
⎠ . (29)
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