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Abstract: We present an application of a multi hypothesis tracking (MHT) algorithm
to the case of ground moving targets detected by GMTI (Ground Moving Target In-
dicator) radar sensors. The algorithms for track extraction, prediction, filtering, and
track maintenance are briefly described, and exemplary tracking results for simulated
MTI data are demonstrated.

1 Introduction

For the generation of a dynamical ground picture, capabilities for long-range and near
real-time ground surveillance are increasingly required. One important sensor technology
for such a task is airborne GMTI radar with STAP (space-time adaptive processing) pro-
cessing [Kle98], which already is or soon will be available from a number of different
platforms. The purpose of automatic target tracking is to facilitate surveillance by pro-
viding continuous high quality tracks of single vehicles and military equipment as well as
aggregations such as convoys. Ground target tracking with airborne sensors often suffers
from low visibility, high clutter and high target density. The use of modern tracking algo-
rithms for many targets in a cluttered environment therefore is indispensable in order to
obtain sensible results. Furthermore, the exploitation of as much a priori information as
possible on the sensor as well as on the targets and, in particular, on the terrain is suitable to
enhance track quality and track continuity. In the following we present an application of a
multi hypothesis tracking (MHT) algorithm to the case of ground moving targets detected
by GMTI (Ground Moving Target Indicator) sensors.

2 Multi Hypothesis Tracking

In general, BAYESian tracking algorithms perform sequential updates of the probability
density function (pdf), p(xk|Zk

), of a target state xk at time tk, conditioned on the incom-
ing measurements up to that time Zk.[BP99, BSL93] Here, Zk denotes all measurements
of every scan up to the k−th scan, i.e. Zk

= {Z1, Z2, . . . , Zk} where Zk = {z1

k, . . . znk

k }
contains nk single detections in scan k.
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Multiple hypothesis tracking (MHT) consists of several tasks: target track extraction, pre-
diction, filtering, track maintenance, and smoothing (retrodiction). In this section, we
describe in some detail how each of these tasks is realized.

2.1 Dynamical Model and Kalman Filtering

The dynamical model is chosen and adapted to ground moving targets. Since these targets
typically exhibit much less agility than military air targets, acceleration components of the
state vector are omitted. Therefore the target state at time tk is defined by

xk = (rk ṙk) = (xk;1 · · · xk;6)

Under idealized circumstances, one may set the z-coordinates xk;3 = xk;6 = 0. The
probabilities of the hypotheses representing a target depend on the algorithm used for data
processing, and the underlying target dynamics model. The Kalman filter assumes that
the posterior pdf p(xk|Zk

) at every time step is Gaussian, i.e. completely described by its
mean and covariance. This assumption holds under the following conditions: As widely
accepted in the tracking literature [BP99], the underlying dynamical model is a known
linear Markov process:

xk+1 = Fk+1|kxk + Gk+1|kvk+1 (1)

and the measurement is a linear function of the target state: zk = Hkxk + wk, with
Gaussian process and measurement noise, vk and wk, resp.. Following the realization of
[vKB93], the matrices Fk+1|k and Gk+1|k are given by

Fk+1|k =
J tk+1|kJ
0 e−tk+1|k/θtJ

and Gk+1|k = Σk+1|k
0
J . (2)

with
tk+1|k = tk+1 − tk, Σk+1|k = vt 1− e−2tk+1|k/θt , (3)

and J = diag[1, 1, 0] and 0 = diag[0, 0, 0]. It can be shown that the modeled target
velocity is ergodic and given by

E[ṙk] = 0, E[ṙkṙl ] = v2

t e−2(k−l)tk+1|k/θt .

The parameter vt means a velocity limitation, and θt is called maneuver correlation time.
Both parameters have to be chosen appropriately.

The filtering of the hypotheses is carried out within the well known Kalman formal-
ism. Since our target dynamics are based on coordinate uncoupled maneuvers [LJ00],
the Kalman filter are uncoupled in x and y as well. The estimated target state in the k-th
scan is described by a normal mixture of n̂k individual track hypotheses,

p(xk|Zk
) =

n̂k

i=1

pi
(xk|Zk

) =

n̂k

i=1

pi
k N (xk; x̂i

k|k, Pi
k|k). (4)
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(See [gau] for the definition of the normal distributionN ) The individual weights pi
k have

to be normalized to one. Applying the Bayes rule and the Markov property (1), the pre-
dicted probability densities for each hypothesis at the time tk+1 are given by

pi
(xk+1|Zk

) = p(xk+1|xk)pi
(xk|Zk

) dxk (5)

Evaluation of Eq. (5) again yields a normal mixture analogue to Eq. (4) but with means
xi

k+1|k and covariances Pi
k+1|k, which can be calculated by

x̂i
k+1|k = Fk+1|k x̂i

k|k
Pi

k+1|k = Fk+1|kPi
k|kFk+1|k + Gk+1|kGk+1|k .

Each predicted hypothesis i now is evaluated with each incoming measurement zj
k (j =

1, . . . , nk) using the Bayes formalism,

pij
(xk+1|Zk+1

) ∝ p(zj
k+1
|xk+1) pi

(xk+1|Zk
), (7)

where pi
(xk+1|Zk

) is the predicted probability density function (pdf) from Eq. (5) and
p(zj

k+1
|xk+1) is the likelihood function for the j-th measurements given the target posi-

tion. Evaluation of Eq. (7) for each measurement leads to the new estimated target state

p(xk+1|Zk+1
) =

n̂k

i=1

nk+1

j=0

pij
k+1
N (xk+1; x̂ij

k+1|k+1
, Pij

k+1|k+1
). (8)

The index j = 0 expresses the hypothesis of not detecting the target. The hypotheses
weights pij

k+1
are given by

pij
k+1

=
pi

k
Pd

fc
N (zj

k+1
; Hk+1x̂i

k+1|k, Hk+1Pi
k+1|kHk+1

+ Rj
k) if j > 0

pi
k(1− Pd), if j = 0 .

(9)

and have to be normalized to unity to ensure the completeness of the multi-hypothesis
approach. Equation (8) may be re-indexed to achieve the same formal structure as Eq. (4),
but with n̂k+1 = n̂k(nk+1 + 1) hypotheses. The means and covariances are computed as
follows:

x̂ij
k+1|k+1

= x̂i
k|k + Kk+1(z

j
k+1

−Hk+1x̂i
k+1|k)

Pij
k+1|k+1

= Pi
k+1|k −Kij

k+1
Sij

k+1
Kij

k+1
.

with Kalman gain Kij
k+1

and innovation covariance Sij
k

Kij
k+1

= Pi
k+1|kHk+1

Sij
k+1

, Sij
k+1

= Hk+1Pi
k+1|kHk+1

+ Rj
k

As it is obvious from Eq. (8), the number of hypotheses increases dramatically from scan
to scan because of the combinatorial disaster, i.e. n̂k+1 = n̂k(nk+1 + 1). To diminish the
number of hypotheses, we use several techniques: Indivual Gating, where the predicted
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covariance of each hypothesis together with the measurement error covariance forms an
expectation area (gate), and only measurements inside this gate are evaluated, Pruning,
which means the deletion of all hypotheses with weight pi

k smaller than an appropriate
threshold, and finally Merging, in which two hypotheses with very similar state vectors
and covariances are merged into one hypothesis using second moment matching. For
details of these techniques as well as of smoothing (retrodiction) we refer to the literature
[BP99, BSL93].

2.2 Sequential Track Extraction

An important task in target tracking is track extraction. We use a sequential likelihood
ratio test, which is closely related to the sequential hypothesis testing by Wald [Wal47],
and shall be described only in few words. Every measurement at any scan initiates its own
extraction process by associating it to measurements in the subsequent scans and building
up the list Zk. We consider two hypotheses: H0 ⇒ “the data Zk contain only false
alarms”, andH1 ⇒ “the data Zk contain target measurements (and false alarms)”. Our test
function is defined by L(Zk

) =
p(Zk|H1)

p(Zk|H0)
. Choosing propabilities for accepting true target

tracks (wanted) and false track detection (not wanted), one arrives at thresholds A and B
for this likelihood ratio. Furthermore, it can be shown, that the desired likelihood ratio
is given by the sum of all unnormalized hypothesis weights from Eq. (9), i.e. L(Zk

) =
n̂k

i=1
pi

k The likelihood ratio L(Zk
) is now calculated each scan and compared with the

thresholds A and B. If L(Zk
) > A, target track is detected, and if L(Zk

) < B, the test
stops and the test hypotheses are deleted. Once a track is extracted, the normal tracking
process starts. Furthermore, the sequential likelihood ratio test also is applied on existing
tracks for track confirmation.

3 Experimental Results

We present tracking results for simulated GMTI sensor data generated from a ground truth
of a Kosovo scenario produced at the NC3A for the simulation experiments SIMEX2003
and TIE2004 in Den Haag. The participating SAR and GMTI sensor simulators were:

1. Airborne Stand-Off Radar (ASTOR), GB
2. Complesso Radar Eliportato di Sorveglianca (CRESO), IT
3. Hélicoptère d’Observation Radar et d’Investigation sur Zone (HORIZON), FR
4. Global Hawk, US
5. Radarsat 2, CA
6. U2-AIP, US
7. Virtual Joint Surveillance and Target Attack Radar System (VSTARS), US

A mission typically consists of 100–400 scans, separated by a time interval of about 5–30
sec. The number of MTI detection per scan ranges from zero to a few hundred. Depending
on the data quality, it takes usually 3-4 scans to confirm a track. The false alarm density is

310



estimated about pf = 0.1km2, and the detection probability PD = 0.9. Since the existing
MTI DOPPLER measurements often prove not reliable they are not taken into account
for the tracking. Even for large area scans with many MTI detections, the performance
of the tracking module is close to real time. Here, we present some exemplary tracking
results from a generic sensor simulator. More detailed results for specific simulated GMTI
sensor data as well as for real HORIZON data from the NATO live exercise Strong Resolve
(Norway, March 2002) can be found in [KBU05]. Figure 1 depicts the tracks of two groups
of road targets, one of it is leaving the road in the second snapshot.

Figure 1: Above: MH Tracks of two target groups with model parameters (vt=20 m/s, θt=60 s)
leads to reasonable tracks near the roads. Bottom: The same track some scans later. Error ellipses
correspond to a 99.9% convidence level (3.3σ).
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