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Abstract—The ultimate goal of a tracking algorithm is the
generation of high-quality tracks in terms of track precision
and track stability. But several challenges are generally present
which tend to strongly deteriorate the performance of standard
tracking filters. Based on airborne radar measurements, the
most significant challenges in ground target tracking are high
false alarm backgrounds, closely-spaced targets, sequences of
missed detections due to terrain or technical obscuration and the
generally complex motion of ground targets. To counterbalance
these challenges, Doppler blind zone and road information are
in particular appropriate for which simulation studies indicate a
significant improvement in tracking performance. But so far, the
performance of extended tracking filters has been analyzed only
rarely based on realistic data which generally comprise additional
unexpected effects and a higher complexity. Therefore, this work
evaluates an MHT algorithm augmented by blind zone and road
network information based on experimental data to assess the
tracking performance under realistic conditions. The data set
was recorded by the PAMIR sensor of Fraunhofer FHR during
a flight campaign conducted in 2009.

Keywords: Bayesian target tracking, ground moving target
indication (GMTI), Doppler blind zone, road network, phased-
array multi-functional imaging radar (PAMIR).

I. INTRODUCTION

The tracking of ground moving targets is commonly based
on measurements provided by airborne phased-array pulse-
Doppler radar due to its favorable day & night, wide-area
and all-weather operation capabilities. The recorded radar data
is processed by a ground moving target indication (GMTI)
detection method based on space-time adaptive processing
(STAP) [1] to indicate the presence of a moving target at
a specific range, radial velocity and direction. For the gen-
eration of high-quality tracks, sophisticated algorithms are
in principle required as several challenges strongly degrade
the performance of standard tracking filters: Target detections
recorded by the radar system are generally corrupted in terms
of precision and existence. In addition, several other unwanted
objects on the ground can also generate detections in the radar
system, e.g., waves on a water surface, vegetation like trees
moving in the wind, large buildings, etc. Depending on the
environment of the scenario, such a false alarm background
competing with the true target detections might well reach
high detection rates. But not only false detections introduce a
high complexity into the sensor data: Whenever two or more
targets are closely-spaced, their measurements are located
in the very same region. A tracking algorithm then has to

correctly handle situations with, e.g., a missed detection from
target 1 and the detection from target 2 close to target 1.
An additional challenge is introduced by sequences of missed
detections, which can occur simply due to terrain obscuration,
i.e., the target is masked by hills, tunnels, vegetation or foliage.
Another possibility is technical obscuration which is caused
by the target being masked by so-called blind zones of the
sensor. Besides the imperfect sensor data, also the motion of
a single target is generally rather complex. If not accounted
for appropriately, all these challenges will inevitably lead to a
strong performance degradation and even track loss in many
cases. To counterbalance this deterioration, it is beneficial to
incorporate further knowledge into the tracking filter. In the
domain of ground moving targets, several studies based on
simulations have demonstrated that the additional exploitation
of Doppler blind zone and road information are in partic-
ular appropriate and yield a significant improvement of the
tracking performance [2], [3]. This paper evaluates a multiple
hypothesis tracking (MHT) filter augmented by blind zone and
road information based on experimental data acquired by the
phased-array multi-functional imaging radar (PAMIR) system
[4], [5] during a flight experiment conducted in December 2009
to assess the tracking performance under realistic conditions.

The outline of this paper is as follows: In the subsequent
section, the utilized moving target indication detection method
is briefly explained. After that, Section III gives a brief
overview of the Bayesian estimation scheme with emphasis
on the standard single-target MHT filter. This is followed by
short reviews of the utilized filter extensions in Section IV.
Section V presents the obtained tracking results based on
PAMIR data and the conclusion is finally given in Section VI.

II. GROUND MOVING TARGET INDICATION

For this paper, ground moving target indication has been
performed with data collected by PAMIR of Fraunhofer FHR.
PAMIR is a multi channel pulse Doppler radar with an elec-
tronically steerable antenna. Each pulse illuminates a relatively
small area – the antenna footprint – on the ground. In order to
cover a large surveillance area, the radar beam is subsequently
steered to different angles, for example in a scanning mode
[5].

The recorded radar signal is mainly composed of backscatter-
ing by the earth’s surface whereas returns by ground moving
targets are much smaller in magnitude. Ground moving targets
with a large radial velocity with respect to the platform can



Fig. 1. Range-Doppler representation of a coherent processing interval of the
dataset used in this paper. Circles indicate the GPS-based locations of various
vehicles. The color bar denotes the signal to clutter and noise ratio in dB.

be detected based on the Doppler shift of the target signal. On
the other hand, due to the motion of the carrier platform, the
clutter signal is also spread in Doppler. Thus signals of ground
targets with a small radial velocity are masked by clutter, if a
radar system with a single receive (rx) channel is employed.
Radar systems with multiple channels aligned parallel to the
flight path can however exploit a relation between the direction
of arrival of a clutter return and its Doppler frequency. Thus,
with such multichannel systems targets up to a lower radial
velocity component can be detected.

The rx data of multiple, subsequent pulses that are directed to
the same footprint area are collected in a coherent processing
interval (CPI). Each CPI can be represented as data cube of
the dimensions range, Doppler frequency and rx channel (see
Figure 1). This data is used for target detection based on STAP
[1], [6] (more precisely, adjacent bin post Doppler STAP)
and the adaptive matched filter (AMF) [7]. With adjacent bin
post Doppler STAP, the clutter and noise of several adjacent
Doppler bins and of several channels of a single range is seen
as realization of a random variable with zero mean. For a
grid of range and Doppler values, the covariance matrix of
this random variable is adaptively estimated from the data of
neighboring range cells. Based on this covariance matrix, an
AMF is constructed that enhances the signal to clutter and
noise ratio (SCNR). The signal after filtering is then compared
to a detection threshold.

If a detection is declared, range and Doppler estimates, r̂ and
F̂d of the target are implicitly given. Additionally, the direction
of arrival angle (DOA) with respect to the antenna is estimated.
For a system with a linear antenna, only the azimuth angle
ϕ̂ can be determined. Combined, the measurements yield the
measurement vector z = [r̂ ϕ̂ F̂d]T . By additionally using a
digital elevation model (DEM), the target can be geolocated in
a 3D Cartesian space. This 3D Cartesian measurement vector is
finally transformed into a spherical coordinate system, yielding
z = [r̂ ϕ̂ θ̂ F̂d]T , and handed over to the tracking filter
as the filter used for this paper is designed for measurements
in spherical coordinates.

III. BAYESIAN TARGET TRACKING AND STANDARD MHT

In the Bayesian formalism [8], [9], the probability density of
the target state random variable xk at time step tk, conditioned
on the measurement sequence Zk = {Z1, Z2, ..., Zk} with
Zk = {zmk }

mk
m=1 and measurement zmk , is sequentially updated

yielding the posterior density

p(xk|Zk) =
p(Zk|xk) p(xk|Zk−1)∫
p(Zk|ξk) p(ξk|Zk−1)dξk

(1)

In the prediction step, the prior density p(xk|Zk−1) is com-
puted with

p(xk|Zk−1) =

∫
p(xk|xk−1) p(xk−1|Zk−1) dxk−1 (2)

The posterior density at tk−1, p(xk−1|Zk−1), is assumed to
be a Gaussian mixture with

p(xk−1|Zk−1) =

Nk−1∑
n=1

wnk−1 N (xk−1;xnk−1|k−1,P
n
k−1|k−1)

(3)
which is propagated to the actual time step tk by utilizing
a linear motion model with additive white Gaussian process
noise, xk+1 = Fk xk + vk where vk is the process noise
vector and Fk the evolution matrix. The target motion model
is specified by assuming the acceleration to be a zero-mean
white sequence, yielding the discrete white noise acceleration
(DWNA) model [8] with the state evolution matrix

Fk =

[
13 ∆T 13

03 13

]
(4)

where 13 = diag[1, 1, 1] and 03 = diag[0, 0, 0] denote the
3-D identity and zero matrices, respectively. In addition, the
process noise covariance matrix Dk is computed by

Dk =

[
1
4∆T 413

1
2∆T 313

1
2∆T 313 13

]
σ2
p (5)

With p(xk|xk−1) = N (xk;Fk xk−1,Dk), the prior density
is obtained by utilizing the Gaussian product formula [10],
yielding p(xk|Zk−1) =

∑Nk−1

n=1 wnk−1N (xk;xnk|k−1,P
n
k|k−1)

where the mean xnk|k−1 and covariance P n
k|k−1 of each com-

ponent are given by the Kalman prediction equations [8].

In the filter update step, the target state posterior density is
computed by combining the prior density with the measure-
ment likelihood p(Zk|xk). But before this can be done, the
measurement model needs to be specified: The measurement
vector and the associated measurement error covariance matrix
in sensor coordinates are given by zsph

k = [rk, ϕk, θk]>

and Rsph
k = diag[σ2

r , σ
2
ϕ, σ

2
θ ], respectively. The corresponding

measurement vector in Cartesian coordinates can be derived
from that by utilizing the nonlinear transformation

zCart
k =

[
xk
yk
zk

]
=

 rk cos(ϕk) cos(θk) + xSk
rk sin(ϕk) cos(θk) + ySk

rk sin(θk) + zSk

 (6)

with the sensor position rSk = [xSk , y
S
k , z

S
k ]>. The linear

measurement equation in Cartesian coordinates,

zCart
k = Hk x

Cart
k +wk (7)



is then determined by the measurement vector zCart
k as given

in (6), the observation matrix Hk given by

Hk =

[
1 0 0 0 0 0
0 1 0 0 0 0
0 0 1 0 0 0

]
(8)

and the converted measurement error covariance RCart
k for the

assumed independent zero-mean white Gaussian measurement
noise wk, which is obtained by linearization as

RCart
k ≈ JkRsph

k J>k (9)

The Jacobian Jk is evaluated at the measurement location and
can finally be written with c(·) = cos(·) and s(·) = sin(·) as

Jk =

[
c(ϕk)c(θk) −rks(ϕk)c(θk) −rkc(ϕk)s(θk)
s(ϕk)c(θk) rkc(ϕk)c(θk) −rks(ϕk)s(θk)

s(θk) 0 rkc(θk)

]
(10)

The single-target likelihood function is then determined by [8]

p(Zk|xk) = (1− Pd) +
Pd
ρf

mk∑
m=1

N (zmk ;Hk xk,R
m
k ) (11)

With that, the posterior density of the MHT can be derived,
yielding a Gaussian mixture with Nk−1(mk + 1) components

p(xk|Zk) =

mk∑
m=0

Nk−1∑
n=1

wmnk N (xk;xmnk|k ,P
mn
k|k ) (12)

with the weight factors given by wmnk = pmnk /
∑
m,n p

mn
k and

pmnk = wnk−1

{
Pd

ρf
N (zmk ;Hk x

n
k|k−1,S

mn
k ) if m > 0

(1− Pd) if m = 0
(13)

The mean xmnk|k and covariance Pmn
k|k of each component are

determined by the well-known Kalman filter update equations
[8]. Finally, standard mixture reduction methods (gating, prun-
ing and merging) [8], [10] are applied to keep the total number
of hypotheses at a manageable level.

IV. UTILIZED MHT FILTER EXTENSIONS

A. Processing of Range-Rate (Doppler) Measurements

The measurement vector in spherical coordinates and the
associated measurement error covariance matrix are given by
zsph
k = [rk, ϕk, θk, ṙk]> and Rsph

k = diag[σ2
r , σ

2
ϕ, σ

2
θ , σ

2
ṙ ]. The

corresponding measurement vector in Cartesian coordinates is
determined by

zCart
k =

 rk cos(ϕk) cos(θk) + xSk
rk sin(ϕk) cos(θk) + ySk

rk sin(θk) + zSk
ṙk

 (14)

where the range-rate measurement is simply added as ad-
ditional component. The associated nonlinear measurement
equation can be linearized by applying a coordinate transfor-
mation consisting of the following three steps [3], [11]:

1) Shifting the origin to the position of the sensor
platform, given by rSk = [xSk , y

S
k , z

S
k ]>.

2) Rotation around the z-axis by the angle ϕk, eliminat-
ing the y-component in (14).

3) Rotation around the new y-axis by the angle −θk,
eliminating the z−component in (14).

More specifically, with c(·) = cos(·) and s(·) = sin(·) the
two-fold rotation

Tk =

 c(θk) 0 −s(θk) 0
0 1 0 0

s(θk) 0 c(θk) 0
0 0 0 1


 c(ϕk) s(ϕk) 0 0
−s(ϕk) c(ϕk) 0 0

0 0 1 0
0 0 0 1


(15)

yields the transformed Cartesian measurement vector in the
new coordinate system with

zCart*
k = Tk

(
zCart
k −

[
xSk , y

S
k , z

S
k , 0
]>)

= [rk, 0, 0, ṙk]
> (16)

The new x-axis points towards the measurement, so that the
measured slant range equals the distance to the measurement
along this new axis and, in addition, the radial velocity mea-
surement becomes the measured velocity component along the
new x-axis. As the y and z components in (16) are measured
zeros, the transformed vector is still four-dimensional. In the
new coordinate system, the measurement equation

zCart*
k = HCart*

k xCart*
k +wCart*

k (17)

is indeed linear with the observation matrix HCart*
k given by

HCart*
k =

 1 0 0 0 0 0
0 1 0 0 0 0
0 1 1 0 0 0
0 0 0 1 0 0

 (18)

The measurement noise wCart*
k is approximately Gaussian with

the associated measurement error covariance matrix given by

RCart*
k = Tk J

∗
k R

sph
k J∗>k T>k (19)

where the extended Jacobian matrix J∗k , augmented by the
radial velocity dimension, is

J∗k =

 c(ϕk)c(θk) −rks(ϕk)c(θk) −rkc(ϕk)s(θk) 0
s(ϕk)c(θk) rkc(ϕk)c(θk) −rks(ϕk)s(θk) 0

s(θk) 0 rkc(θk) 0
0 0 0 1


(20)

B. Exploiting Doppler Blind Zone Knowledge

As the masking of a target by the Doppler blind zone of the
sensor strongly reduces the capability of the radar to detect
the target, the detection probability Pd is directly influenced
by the existence of such a blind zone. This relationship can be
exploited to incorporate the knowledge on the Doppler blind
zone into a tracking filter [12]–[14]. The distance measure in
range-rate between the target and the blind zone center is given
by the Doppler notch function, denoted by nD. It depends on
the target state xk = [rk, ṙk]> and the sensor position rSk and
is given in Cartesian coordinates as the dot product

nD(xk, r
S
k ) =

rk − rSk
||rk − rSk ||

· ṙk (21)

An appropriate modeling of the detection probability impacted
by the Doppler blind zone is obtained by writing the detection
probability Pd as the product of two factors in the form

Pd(xk, r
S
k ) = pd

[
1− e− log 2

(
nD(xk,r

S
k )

MDV

)2]
(22)



where pd accounts for the directivity pattern of the antenna and
the minimum detectable velocity (MDV) denotes the width of
the blind zone.
In order to fit into the Gaussian framework of the filter, the
exponential term in (22) needs to be rewritten as a normal
distribution. This is achieved by linearizing the nonlinear
Doppler notch function [12], utilizing the first-order Taylor
series expansion of nD(xk, r

S
k ) at xk|k−1, yielding

nD(xk, r
S
k ) ≈ ∼zf −

∼
Hf xk (23)

with the fictitious measurement ∼zf and observation matrix
∼
Hf

defined by
∼
zf = nD(xk|k−1, r

S
k ) +

∼
Hf xk|k−1 (24)

∼
Hf = − ∂

∂xk
nD(xk, r

S
k )
∣∣∣
xk=xk|k−1

(25)

In that way, the exponential in (22) can be rewritten as a
Gaussian which linearly depends on the target state vector xk,
so that

Pd(xk, r
S
k ) = pd

[
1− cDN∼zf|xk

(
∼
zf ;

∼
Hf xk, vD)

]
(26)

where cD = MDV/
√

log(2)/π is a normalization factor
and vD = MDV2/(2 log 2) is the variance of the fictitious
measurement ∼zf in the range-rate domain.
The implications of this detection probability, representing a
refined GMTI sensor model, can easily be illustrated: A fix Pd
yields a Gaussian mixture posterior density consisting of two
components, representing the two sensor data interpretations

1) The detection belongs to the target, a regular filtering
is executed.

2) The detection is due to a false alarm, the target was
not detected.

If the refined GMTI sensor model is considered, then each
previous mixture component splits into two components. The
resulting four mixture components then contain the additional
components

3) The detection belongs to the target, it is not masked
by the Doppler blind zone, removing probability mass
out of the blind zone region.

4) The detection is due to a false alarm because the
target is masked by the Doppler blind zone.

C. Incorporation of Road Information

This section briefly summarizes the tracking scheme utilizing
road information. More details can be found in, e.g., [2], [13].

1) Approximating a 3-D Curve by Linear Segments: A road
is mathematically described by a continuous 3-D curve R∗ in
Cartesian coordinates and is parameterized by the correspond-
ing arc length l with R∗ : l 7→ R∗(l). R∗ can be approximated
by a polygonal curve R consisting of nr piecewise linear
segments. The nr + 1 nodes of this polygonal curve are given
by the 3-D node vectors

rs = R∗(ls), s = 1, . . . , nr + 1 (27)

and for each road segment, nr normalized tangential vectors

ts =
rs+1 − rs
|rs+1 − rs|

, s = 1, . . . , nr (28)

can be derived. With the segment length λs = ls+1 − ls and
the indicator function defined by

χs(l) =

{
1 for l ∈ [ls, ls+1)
0 otherwise s = 1, . . . , nr (29)

the polygonal curve R is then given by

R : l ∈ [l1, lnr+1) 7→ R(l) =

nr∑
s=1

[
rs+ (l− ls)ts

]
χs(l) (30)

with R∗(ls) = R(ls) = rs and s = 1, . . . , nr + 1. Thus,
each segment s of the polygonal road R is determined by
the node vector rs, the arc length λs, and the normalized
tangential vector ts. In addition, the accuracy of the road can
be described by a covariance matrix Rr

s which also accounts
for the discretization error introduced by λs−|rs+1−rs|, i.e.,
the difference between the length of a segment and the actual
distance traveled along this segment.

2) Tracking with Single-Road Information: The kinematic state
vector of a road target at time step tk can be described in the
road coordinate system, i.e., by its arc length lk along the
road and the associated speed l̇k as xrk = [lk, l̇k]>. In the
following, the sequential calculation of the associated target
state pdf, pxr

k|Zk(xrk|Zk), is briefly outlined, utilizing a single
road consisting of nr linear segments.

Prediction: The prior density in road coordinates is given by

p(xrk|Zk−1) =

∫
p(xrk|xrk−1) p(xrk−1|Zk−1) dxrk−1 (31)

A linear motion model and a Gaussian posterior for time step
tk−1 lead to a Gaussian prior density pxr

k|Zk−1(xrk|Zk−1) =
Nxr

k|Zk−1(xrk;xrk|k−1,P
r
k|k−1) with Kalman prediction equa-

tions for the mean xrk|k−1 and covariance P r
k|k−1. As the

sensor measurements are not located on the road but are given
in ground coordinates, the filter update has to be performed
in the ground coordinate system. Therefore, the prior density
(31) needs to be transformed:

p(xrk|Zk−1)︸ ︷︷ ︸
in road coordinates

road-map−−−−−−−−→
road-map error

p(xgk|Z
k−1)︸ ︷︷ ︸

in ground coordinates

(32)

This transformation is generally highly nonlinear but can be
circumvented by using the linear segmentation (30) of the road:

p(xgk|Z
k−1) =

nr∑
s=1

∫
p(xgk|x

r
k, s)p(x

r
k, s|Zk−1)dxrk (33)

Thus, a Gaussian prior pdf in road coordinates,
pxr

k|Zk−1(xrk|s,Zk−1), is calculated for every segment s
with the explicit expressions for the corresponding mean
and covariance given in [2]. After that, the transformation
is carried out for each segment individually. The density
pxg

k|x
r
k
(xgk|xrk, s) = Nxg

k|x
r
k
(xgk; tsg←r[x

r
k],Rr

s) describes the
mapping from road to ground coordinates and contains the
affine transformation

tsg←r[x
r
k] = Ts

g←rx
r
k + ssg←r, (34)

with

Ts
g←r =

[
ts 03

03 ts

]
ssg←r =

[
rs − lsts

03

]
(35)



where 03 = diag[0, 0, 0] and the node vector rs, the normal-
ized tangential vector ts and the arc length ls are the already
introduced quantities characterizing each road segment. The
prior density in continuous ground coordinates, p(xgk|Zk−1),
can then be written as a sum over all road segments as

pxg
k|Zk−1(xgk|Z

k−1) =

nr∑
s=1

Pk(s|Zk−1) pxg
k|Zk−1(xgk|s,Z

k−1)

(36)
where Pk(s|Zk−1) denotes the probability that the target
moves on segment s based on the accumulated sensor data
Zk−1. Its explicit form is given in [2].

Filter update: The posterior density of the filtered target state
in continuous ground coordinates conditioned on the sensor
measurements, p(xgk|Zk), is calculated by utilizing Bayes’
theorem (1). In order to close the iterative loop of the Bayesian
filter, the posterior density needs to be transformed back into
the road coordinate system. The density in road coordinates
can be written as

p(xrk|Zk) =

nr∑
s=1

Pk(s|Zk−1)

∫
p(xrk|x

g
k, s) ×

×

[
mk∑
m=0

wmk (s) p(xgk|m, s,Z
k)

]
(37)

where the normalized component weights wmk (s) are provided
by (13). Each of the mk+1 components is evaluated for every
road segment s. Since the posterior pdf (37) contains the sum
over segment-dependent densities, pxg

k|Zk(xgk|m, s,Zk), these
are individually transformed from Cartesian to road coordi-
nates by a projection onto the corresponding road segment:

p(xgk|m, s,Z
k)︸ ︷︷ ︸

in ground coordinates

road-map−−−−−→ p(xrk|m, s,Zk)︸ ︷︷ ︸
in road coordinates

(38)

The posterior density in road coordinates for each of the gener-
ated mk+1 hypotheses yields a Gaussian mixture of segment-
dependent probability densities with mean and covariance as
given in [2]. This weighted sum is approximated by second-
order moment-matching [8]. The resulting posterior density in
road coordinates is given by a Gaussian mixture with mk + 1
components as

p(xrk|Zk) =

mk∑
m=0

wmk N (xrk;xr,mk|k ,P
r,m
k|k ) (39)

where the component weights wmk =∑nr

s=1 Pk(s|Zk−1)wmk (s) account for the contributions
from all road segments for each measurement. Details on the
handling of road networks are given in [3].

V. TRACKING RESULTS BASED ON PAMIR DATA

A. The 2009 Flight Experiment with PAMIR

In December 2009, a flight experiment was conducted with the
PAMIR system [4], [5], developed by Fraunhofer FHR-ARB.
It was mounted in the (open) rear side door of a Transall C-160
transport aircraft and thus in a sideways-looking configuration.
During the experiment, the radar system illuminated a specific
region on the ground in which targets equipped with GPS

Fig. 2. The GPS equipped VW transporter utilized as ground target. Photo
c©.M. Mertens 2013.

receivers moved along predefined trajectories. This vehicle
group consisted of a VW transporter, a VW Golf estate car
and an all-terrain bicycle. The following data evaluation solely
focuses on the GPS equipped VW transporter, shown in Fig. 2.
The provided data set consisted of 22885 dwells, covering a
total time interval of approximately 488 s. But due to the large
number of events (turns, stops, periods of unobservability),
the following analysis focuses on a subset of the full data
take, namely, the last 234 s. Other parts of the 2009 PAMIR
data set already served as the basis for complementary tracking
performance evaluations by one of the authors, utilizing a GM-
PHD filter [15], [16].

B. Tracking Filter Specifications and Adjustments

In order to correctly handle the dwell information resulting
from the scan mode of the radar system, the following dwell
processing was employed: At each dwell, the tracking filter
was executed. But the (possibly) contained MTI detections
were processed only by those extracted tracks located within
the footprint area associated with that particular dwell. In
addition, four different variants of the MHT filter were utilized
in order to analyze the impact of different filter extensions:
the MHT filter with no extension (denoted by Pure MHT),
the MHT filter with Doppler, i.e., radial velocity, measure-
ment processing (denoted by MHT + Doppler), the MHT
with Doppler and Doppler blind zone information processing
(denoted by MHT + Doppler + DBZ), and the MHT filter with
Doppler, Doppler blind zone and road network information
(denoted by MHT + Doppler + DBZ + Road). For the
processing of the PAMIR data, a constant detection probability

Fig. 3. True trajectory of the VW transporter based on GPS data. For explana-
tions of the different segments see text. Road network data c©.OpenStreetMap
contributors, CC-BY-SA.



Fig. 4. Extracted, maintained and deleted tracks associated with each ground target for different MHT filter variants. Symbols � and © refer to track extraction
and deletion, respectively. Positions at final time instance are also indicated by ©. Road network data c©.OpenStreetMap contributors, CC-BY-SA.

of Pd = 0.8 was used in the MHT and for the determination of
the measurement error covariance matrix Rk, the variances in
each spherical dimension were chosen to be (3.5 m)2 in range,
(0.2◦)2 in angle and (1 m/s)2 in Doppler. The width of the
Doppler blind zone, i.e., the MDV, was assumed to be 3 m/s
and the process noise, governing the compatible deviations
from the assumed linear motion with constant velocity in the
target dynamics model, was chosen to be 0.4 m/s2 for off-road
and 0.2 m/s2 for road targets, respectively.

C. Tracking Results

The trajectory of the VW transporter is presented in Fig. 3
where the symbols � and © refer to the individual start and
final stop positions, respectively. It is noteworthy to point
out the following distinctive features: After turning right at
waypoint A2 , the target was masked by the Doppler blind
zone for about 15 s. In the course of time, the VW transporter
performed additional turns at waypoints A3 , A4 , A5 , A6 , and
A7 , yielding the already mentioned high agility. It is also
important to notice that the road segment between A4 and
A5 was not contained in the digitized road network data.

The achieved tracking results are presented as follows: The
generated tracks associated with the ground target for the four
different MHT filter variants are presented in Fig. 4 and the
averaged values for the true and estimated position and speed
errors as well as other relevant measures of performance are
given in Tab. I. Finally, the evolution of the absolute and
estimated errors in position and speed are shown as function
of time in Fig. 5. It should be noted that for the track coverage
calculation, the time of the first target detection was chosen as
initial time instance (not the true time of the first considered
dwell), corresponding to 5.0 s in both cases. In the following,
the performance of each tracking filter variant is analyzed and
discussed individually.

The MHT filter without exploiting any additional information
(Pure MHT) was able to cover most parts (93.2%) of the true
target trajectory. However, this filter was unable to follow the
target’s path apart from straight line motions which is clearly
visible in the corresponding plot of Fig. 4. Whenever the target
made a turn or disappeared for several revisits due to Doppler
blind zone masking, the associated track was extrapolated
to regions without any data support and therefore deleted.
As soon as new detections became available, a new track
was extracted. This track deletion / extraction interplay also
resulted in a strongly degraded speed error estimation because
immediately after track initiation, the uncertainty in velocity
is generally large. This effect is clearly visible in Fig. 5.

The tracking filter additionally utilizing the Doppler mea-
surement (MHT + Doppler) resulted in outcomes fairly
comparable to those of the previously discussed MHT variant.
The incorporation of the range-rate measurement did not
improve the target state estimates considerably. The averaged
errors could only slightly be reduced and a minor increase
in track stability achieved, see Tab. I. Thus in the considered
scenario, the additional information provided by the measured
radial velocity component obviously did not yield a significant
enhancement. This is probably due to the fact that the PAMIR
sensor already provided target detections with high precision
and at a high rate. As long as target detections were available,
the tracking filter was able to maintain the track of the target.
But situations with missed detection sequences due to blind
zone masking inevitably led to track terminations and thus to
a strongly degraded tracking performance as such situations
occurred a number of times. As with the previous filter, this
was simply due to the fact that the correct interpretation of
such events was not incorporated into this MHT variant.

In contrast, by additionally incorporating the information on
the Doppler blind zone of the sensor into the tracking filter
(MHT + Doppler + DBZ), the performance could be strongly



Fig. 5. Absolute and estimated position (left) and speed (right) errors for tracks associated with the ground target. Each row refers to different MHT filter
variants. Symbols � and © refer to track extraction and track deletion, respectively. Values at final time instance are also indicated by ©. The gray shaded area
indicates the visibility of the ground target at each time step, i.e., if the target is located within the scan area of the PAMIR sensor.

improved. After track extraction, the MHT filter was able
to maintain the single track until the final dwell based on
the additionally generated hypotheses, despite maneuvers like
stops, turns, turnarounds and blind zone masking. Thus, a
track coverage of almost 100% could be achieved. A closer
look at the evolution of the corresponding position and speed
errors in Fig. 5 for the highly agile VW transporter reveals the
strong mismatch and thus inconsistency between the utilized
dynamics model and the true motion of the target. This is
particularly visible by the distinct peaks of the absolute errors
corresponding to maneuvering phases of the target, in contrast
to the roughly constant estimated position and speed errors
during most of the scenario. The tracking filter was therefore
too optimistic. But this model mismatch obviously did not lead

to a deteriorated tracking performance but was counterbalanced
by the exploitation of blind zone information, yielding an
optimal track continuity.

The overall best performance in terms of track precision
and track continuity (100% track coverage) was achieved by
the tracking filter which exploited all available sources of
information, i.e., also the knowledge on the underlying road
network. Compared to the also well-performing previous MHT
filter, the MHT + Doppler + DBZ + Road variant yielded
reduced absolute and estimated average position and speed
errors. The tracking algorithm was able to correctly handle all
occurring target maneuvers like turns, stops and turnarounds
as well as missed detection sequences due to blind zone
masking. In addition, the transition between road and off-



MHT Absolute Estimated Absolute Estimated No. of Mean Track
Filter Position Position Speed Speed Extracted Track Coverage

Variant Error [m] Error [m] Error [m/s] Error [m/s] Tracks Length [s] [%]

Pure MHT 17.6 18.1 3.2 4.4 7 30.5 93.2
MHT + Doppler 16.8 17.6 2.7 3.9 6 35.0 91.7

MHT + Doppler + DBZ 24.5 15.1 3.3 2.3 1 228.2 99.5
MHT + Doppler + DBZ + Road 10.1 14.9 2.2 2.4 1 228.2 99.5

TABLE I. AVERAGED TRUE AND ESTIMATED POSITION AND SPEED ERRORS AS WELL AS OTHER RELEVANT MEASURES OF PERFORMANCE.

road track was also accomplished successfully which occurred
between waypoints A4 and A5 , leading to the high peak of
the estimated speed error at 105 s in Fig. 5.

Finally, the computation time and total track extraction number
of the four MHT filter variants is briefly discussed. The time
required by the Pure MHT tracking filter to process the data
set added up to 182.9 s (in Matlab on a Windows 7 machine
with i7-1.8GHz CPU and 4GB RAM), comprising the extrac-
tion of in total 44 tracks. The MHT + Doppler variant needed
177.9 s and extracted 43 tracks. Thus, the incorporation of
the additional range-rate measurement did obviously not lead
to an increase in processing time. The more advanced MHT
+ Doppler + DBZ filter processed the data within 257.5 s,
extracting a total amount of 19 tracks, whereas the MHT +
Doppler + DBZ + Road variant required 464.3 s and extracted
21 tracks in total. These numbers reveal that, for the high
performance gain of the tracking filters exploiting road network
and/or Doppler blind zone information, a strong increase in
processing time had to be accepted, where the tracking filter
additionally utilizing road network information needed the
longest time due to the consecutive processing of several road
segments at each time instance and the occasional handling of
multiple road hypotheses at crossings and junctions.

Based on the 2009 PAMIR data set, the obtained results
clearly indicate that the tracking of ground moving objects
with phased-array pulse-Doppler radar is strongly improved if
relevant context information in terms of the Doppler blind zone
is incorporated into the tracking filter. Evidence for this could
already be presented in [17], based on the short evaluation
of a PAMIR data set from 2008. For the in-depth analysis
of the 2009 data set, however, road network information
was additionally exploited, yielding the overall best tracking
performance in terms of track precision and stability.

VI. CONCLUSION

The tracking of ground moving targets faces several challenges
and simulation studies hint at a high improvement potential of
the achievable tracking performance by exploiting additional
sources of information. An evaluation of an experimental data
set provided by the PAMIR sensor was carried out, focusing
on a single GPS-equipped ground moving target. This analysis
was performed utilizing a variant of the Bayesian MHT
filter which was capable of additionally exploiting Doppler,
Doppler blind zone and road information. The discoveries
can be summarized as follows: Exploiting Doppler blind zone
information already yielded a strong improvement, but the
overall best tracking performance was achieved by combining
the complementary Doppler blind zone and road information.

The expected improvement potential from simulation studies
could be confirmed.
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