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Abstract – In more advanced tracking applications such as
group target tracking, tracking with agile beam radar, ground
moving target tracking, or tracking under jamming conditions, we
have to exploit all the sensor and scenario information available.
Besides the measurement output itself, this includes the use of re-
fined models of the sensor performance. In this paper we discuss
‘negative’ information in sensor data fusion; i.e. we consider the
conclusions to be drawn from expected but actually missing sen-
sor measurements for improving the position or velocity estimates
of the targets under track. It is shown that also a failed attempt
to detect a target is a useful sensor output, which can be exploited
by appropriate sensor models providing background information.
The basic idea is illustrated by the examples previously mentioned.

Keywords: Negative information, target tracking, sensor resolu-
tion, local search, adaptive beam positioning, GMTI sensor fusion

1 Introduction

For more sophisticated sensor systems, under more diffi-
cult operational conditions, and in more advanced tracking
and sensor data fusion applications all available informa-
tion must be taken into account for improving the situation
picture demanded by the user. Besides the processing of
the current sensor measurements themselves, this task also
includes the exploitation of all available background infor-
mation of the targets’ kinematical behavior, the underlying
sensor environment, and the performance characteristics of
the sensor systems involved.

1.1 The Notion of ‘Negative’ Information

In this paper we emphasize the practical use of background
information on the sensor characteristics being formulated
in terms of more refined statistical models of the sensor
performance. We in particular discuss selected aspects of
group target tracking, adaptive local search in the context of
phased-array tracking, ground moving target tracking, and
missile tracking in presence of main lobe jammer suppres-
sion (i.e. adaptive nulling).

By exploiting ‘negative’ information in sensor data fu-
sion we mean in the context of this paper the rigorous draw-
ing of conclusions from expected but actually missing sen-
sor measurements. These conclusions aim at an improve-
ment of the position or velocity estimates for the targets
currently kept under track. For the examples previously

mentioned we can show that also a failed attempt to de-
tect a target in the field of view of a sensor is to be con-
sidered as a useful sensor output, which can be exploited
by using appropriate sensor performance models. In terms
of these models valuable background information is formu-
lated which can assist the tasks of target tracking, sensor
sensor management, and sensor data fusion.

The technical term chosen here for denoting such pieces
of evidence, i.e. ‘negative’ information, seems to be ac-
cepted in the tracking and sensor data fusion community
(see e.g. references [1, 2]).

1.2 Bayesian Approach to Target Tracking
In a Bayesian view track maintenance is an iterative up-
dating of conditional probability densities �������� of the
(joint) kinematical target state �� at time �� given all accu-
mulated sensor data �� and available a priori information
on the target dynamics and the sensor performance in terms
of statistical models. Each update consists of a prediction,
������������� ����������� which is determined by the
target dynamics model. The prediction is followed by a fil-
tering step, which exploits the current sensor data and the
sensor model. The �� sensor data �� � ����

��

��� at each
scan � as well as the sensor models are the constituents of
the likelihood function �����������. According to Bayes’
rule the conditional density �������� is proportional to:

������
�� � ����������� ������

���� (1)

up to a normalizing constant. In many cases the sensor data
�� are ambiguous; i.e. there exists a set of exhaustive and
mutually exclusive data interpretations ��. We thus have to
deal with densities obeying the following structure:

������
�� �

�
��

�������� ������ ����������	 (2)

Evidently, the conditional densities �������� prove to be
finite mixtures, weighted sums of individual densities. This
is a consequence of ambiguities inherent in the data or the
models used. From the densities optimal estimators can be
derived according to particular cost functions.

1.3 Summary of Observations
From our discussion of the examples previously mentioned
we could learn the following lessons:



1. Missing but expected (i.e. ‘negative’) sensor data can
convey information on the current target position or a
more abstract function of the kinematical target state.

2. ‘Negative’ information can be included in data fusion
within the rigorous Bayesian structure – there is no
need for recourse to ad hoc or empirical schemes.

3. The prerequisite for processing ‘negative’ information
is a refined sensor model, which provides additional
background information for explaining its data.

4. ‘Negative’ information often appears as an artificial
measurement, characterized by a corresponding mea-
surement matrix and a measurement error covariance.

5. The special shape of the ficticious measurement equa-
tion to be used is determined by the particular form of
the underlying model of the sensor performance.

6. The ficticious measurement error covariance is charac-
terized by sensor parameters such as sensor resolution,
radar beam width, or minimum detectable velocity.

7. ‘Negative’ information implies well-defined pdfs of
the target states that prove to be Gaussian mixtures
with possibly negative coefficients summing up to one.

8. Intuitively speaking, these components reflect that the
targets keep a certain distance from each other, from
the last beam position, or the clutter/jammer notch.

9. If the ficticious measurement depends on the underly-
ing sensor-to-target geometry, we can introduce ‘trian-
gulation’ with ‘negative’ information in some sense.

10. We observed benefits of processing ‘negative’ sensor
information for improving:

(a) tracking of possibly unresolved group targets

(b) local search for IMM-tracking (ESA radar)

(c) early detection of stopping ground targets

(d) tracking in case of radar with adaptive nulling.

2 ‘Negative’ Information in Group Tracking
Due to the limited resolution capabilities of every physi-
cal sensor, closely-spaced objects moving as a group will
continuously transition from being resolved to unresolved
and back again. For the sake of simplicity let us consider
a medium range radar producing range and azimuth mea-
surements for a target formation consisting of two targets.

2.1 Sensor Resolution Model

In case of a resolution conflict we interpret an unresolved
plot ��� at time �� as a measurement of the group center, i.e.

�
�
� � ���� � �

�
�� with ���� � �

������ � ����� (3)

where��� � 
������ denotes the measurement error char-
acterized by a corresponding group measurement error co-
variance matrix�� [13]. Let� be the underlying measure-
ment matrix defined by ���� � ���� � �

�
��, 
 � �� �.

We expect that the resolution performance of the sensor
strongly depends on the current sensor-to-group geometry
and the relative orientation of the targets within the group.
For physical reasons the resolution in range and azimuth
will be independent from each other. The sensor’s reso-
lution capability also depends on the particular signal pro-
cessing used and on the random target fluctuations. As a
complete description is rather complicated, we are looking
for a simplified, but qualitatively correct and mathemati-
cally tractable model.

In any case the resolution capability in range and azimuth
is limited by the band- and beam-width of the sensor char-
acterized by the parameters ��, ��. These radar specific
parameters must explicitly enter into any processing of pos-
sibly unresolved plots. The typical size of resolution cells in
a medium distance is about 50 m (range) and 500 m (cross
range). As in target formations the mutual distance may
well be 50 - 500 m or even less, the limited sensor resolu-
tion is a real problem in target tracking [5].

Resolution phenomena will be observed if the range
and angular distances are small compared with ��, ��:
����� � �, ����� � �. The targets within the group are
resolvable if ����� � �, ����� � �. Furthermore we
expect a narrow transient region. A more quantitative de-
scription is provided by introducing a resolution probability
�� � ��������� depending on the sensor-to-group ge-
ometry. It can be expressed by a corresponding probability
of being unresolvabe �	. Let us describe �	 by a Gaussian-
type function of the relative range and angular distances:

��������� � �	 �	������� (4)

with �	������� � 	� ��� ����
��

�� 	
� ��� ����

��
��
	 (5)

Evidently, this simple model for describing resolution phe-
nomena reflects the previous, more qualitative discussion.
We in particular observe that �	 is reduced by a factor of
2 if �� is increased from zero to ��. Due to the Gaussian
character of its dependency on the state vector �� the prob-
ability �	 can be written in terms of a normal density:

�	���� � ����	�
�

� 

�
�
 �	��� �	

�
(6)

�	�� � ����� 	 ����� �	 � �
� ��� ���
���

�
�� �

�
��	

Up to a constant factor the probability �	���� might for-
mally be interpreted as the ficticious likelihood function of
a measurement � of the distance ����� 	 ���� between the
targets with a corresponding ficticious measurement error
covariance matrix �	 defined by the resolution parameters
��, ��. According to a first order Taylor expansion around
the predicted range ������� and azimuth ��

����� of the group
center, the resolution matrix �
 describing the resolution
cells in Cartesian coordinates proves to be time depen-
dent and results from the matrix � by applying a rotation
���

�����
around ��

����� and a dilatation ��
���� ��������:

�
 � ���
�����

�
��� 	

	 ���
�����

���
�

�
��
��
�����

	 (7)

2.2 Impact of the Sensor-to-Target Geometry
As an example let us consider the simplified situation in
Fig. 1a. A formation with two targets is passing a radar.



a. scenario b. resolution

Fig. 1: Resolution (Effect of Sensor-to-Target Geometry)

We here consider �� � ��, i.e. an echelon formation. � is
the minimum distance of the group center from the radar.
Fig. 1b shows the resulting resolution probability �	��
��
parameterized by � = 0, 10, 30, 60 km. The solid lines re-
fer to a formation approaching the radar ( �� � �), the dashed
lines to �� � �. For � �� 0 both flight phases differ substan-
tially. Near � the probability �	 varies strongly (.85� .15
!). For a radial flight (� = 0) we observe no asymmetry and
�	 is constant over a wide range (� � �
). Obviously, the
sensor’s resolution capability strongly depends on the un-
derlying sensor-to-target geometry and the relative position
of the targets. This dependence is reflected by the resolu-
tion model previously introduced.

2.3 Update by Exploiting ‘Negative’ Information

The targets to be tracked can produce a single unresolved
group measurement, which is detected or not, or they are
resolved and each target is detected (or not). According to
the discussion in the introduction we have to formulate an
explicite expression for the components of the likelihood
function in Eq. 2:

�������� ������ � �������������� � �������	 (8)

Firstly, let us introduce the data interpretation � ��
� denoting

that both objects have not been resolved but were detected
as a group producing the group measurement � �� � �� and
all other sensor plots in �� being false returns. Under this
interpretation we obtain:

���������
��
� ���� � 
 ���� 
�

�
�����

�
��

�� ������
�FoV�����

(9)
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�
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 	 (10)

In this expression �� ��� is the probability of having �
false returns, �FoV� denotes the volume of the field of View,
and � 	


 is the detection probability for unresolved targets.
Up to a constant factor �������� �

��
� ���� is thus given by:
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Hence under the hypothesis� ��
� two measurements are to be

processed: the (real) plot ��� of the group center ��
��� �

�
������ � ���� and a (ficticious) measurement ‘zero’ of the
distance �	�� ������ 	 ���� between the objects.

We speak of ‘negative’ sensor information, as the lack
of a second target measurement conveys information on the

target position. For in case of a resolution conflict the rela-
tive target distance must be smaller than the resolution.

Secondly, let �		
� denote the interpretation ‘both objects

are neither resolved nor detected; all plots in �� are false’.
We obtain for the likelihood function:

���������
		
� ���� �

�� ����
�FoV��� (11)

� ��		
� ���� � �	���� ��	� 	


� (12)
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Even under the hypothesis of a missing unresolved plot at
least a ficticious distance measurement 0 is being processed
with a measurement error given by the sensor resolution.

Finally, let us consider � ��
� denoting that the objects are

resolved and detected, ��� � �
�
� � �� are considered to be the

measurements (�� 	 � false returns). We obtain for the
likelihood function (�
: detection probability):

���������
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According to the factor � 	 �	���� � � 	 ����	�
�

�



�
�
 �	�� �	

�
the likelihood function becomes a mix-

ture, in which negative weighting factors can occur. Never-
theless the coefficients sum up to one; the density ��������
is thus well-defined. This reflects the fact that in case of a
resolved group the targets must have a certain minimum
distance between each other which is given by the sensor
resolution. Otherwise they would not have been resolvable.

2.4 Verification with Real Radar Data

Fig. 2a shows a characteristic detail taken from a set of raw
data that were collected at the plot level from a typical 2D
L-band medium-range radar. The antenna is rotating with
a scan period of 5 sec; the corresponding pulse width is
1 �sec, the beam-width �	�Æ, and the detection probabil-
ity about 80%. As in this example the spatial false return
density is low, JPDA-type filtering [3] is applied.

The sensor model used for tracking is characterized by
the following parameters: sensor resolution in range and
azimuth �� = 150 m, �� = 1.5Æ, measurement error �� =
30 m, �� = .2Æ, measurement error for unresolved returns
�	� = 75 m, �	� = .75Æ, detection probability �
 � � 	


 = .8,
and spatial false return density �� = 10��/km�.

The example in particular demonstrates that the limited
sensor resolution must explicitly be taken into account as
soon as the targets begin to move closely-spaced and thus
illustrates the practical use of negative information in the
sense previously discussed.

For this purpose Figs. 2b,c show the estimation error el-
lipses for two targets (red, white) that result from JPDA fil-
tering. While in Fig. 2b perfect sensor resolution wrongly
was assumed, i.e. �� � �� � �, in Fig. 2c the above reso-
lution parameters were used.

JPDA filtering without considering resolution phenom-
ena evidently fails after a few frames as indicated by diverg-
ing tracking error ellipses. This has a simple explanation:



a. raw radar data b. without ‘negative’ information c. ‘negative’ information exploited

Fig. 2: Possibly Unresolved Targets (Sensor Output interpreted in Terms of ‘Negative’ Information)

Without modeling the limited sensor resolution, an actually
produced unresolved plot can only be treated as a single tar-
get measurement along with a missed detection. In conse-
quence the related covariances increase in size. This effect
is further intensified by subsequent unresolved returns.

If hypotheses related to resolution conflicts are taken into
account, however, the tracking remains stable. The error el-
lipses in Figs. 2b,c have been enlarged to make their data-
driven adaptivity more visible. The ellipses shrink, for in-
stance, if both targets are actually resolved in a particular
scan. The transient enlargement halfway during the for-
mation flight is caused by a crossing target situation. The
corresponding track for the third target involved is not dis-
played in the figure.

3 ‘Negative’ Information in ESA Tracking

For electronically scanned array radar (ESA, phased-array
radar), basic sensor parameters are variable over a wide
range and can be chosen individually for each track. This
increased flexibility calls for combined tracking and sensor
control for optimizing the time and energy management.

Let us consider air situations typical of military air
surveillance. Even agile targets will not always maneuver.
Nevertheless, abrupt transitions to high-� turns can occur.
For describing this behavior IMM models are well suited.
They are defined by multiple dynamics models with pre-
described transition probabilities for the switching between
these models [4, 7].

Due to the local target illumination by a pencil beam,
however, the abrupt onset of strong maneuvers is challeng-
ing for phased-array tracking. Track loss must be avoided
as far as possible, because each reinitiation is highly time
and energy consuming. For this reason, we have to consider
adaptive beam positioning techniques for local search [11].

3.1 Radar Pencil Beam Model

Before each sensor allocation the tracking system must se-
lect the appropriate revisit time ��, the beam position ��
at this time, and the transmitted energy proportional to the
time on target [17]. If no detection occurs, we consider

repeated dwells until the sensor allocation delivers mea-
surements of the direction cosines �� � ���� ���

� and
the range of the target. The adaptive calculation of the
revisit time �� is determined by the minimum track qual-
ity required, while the corresponding beam position is usu-
ally given by the predicted direction cosines of the target:
�� � �������� �������

�.
For a ESA radar the signal-to-noise ratio SNR strongly

depends on the correct beam positioning which is taken into
the responsibility of the tracking system. Therefore, any
sensor model for ESA tracking has to provide a functional
relationship between the expected SNR� at time �� and the
sensor/target parameters. Assuming a Gaussian beam form
and using the radar equation [6], we model the mean SNR
by a simple Gaussian-type function:

SNR� � SNR	

�
��
��

���
	� ��� ��������

���� 	 (15)

� is the one-sided 3dB beam width, i.e. SNR is reduced by
a factor 2 in case of an illumination error of ��� 	 ��� �
�. The radar parameter SNR	 depends on the transmitted
energy and the target’s radar cross section.

For the sake of simplicity let us consider a simple quadra-
ture detector deciding on target detection if the received sig-
nal exceeds a certain threshold. For a Swerling I fluctuation
model of the radar cross section of the targets, the detection
probability is a function of the signal-to-noise ratio SNR
and the false alarm probability ��� determined by the de-
tection threshold. We obtain the well-known relationship:

�
���� ��
��� � �

�
�
SNR����������
��

	 (16)

Detection probabilities depending on the target state are
also discussed in [14]

3.2 Search by Exploiting ‘Negative’ Information

Intelligent algorithms for beam positioning and local search
are crucial for IMM-type phased-array tracking. Too sim-
ple strategies may easily destroy the benefits of the adap-
tive dynamics model, because track loss immediately after
a model switch can easily occur. To avoid this phenomenon,



a. b. c.

d. e. f.

Fig. 3: Bayesian Local Search (Exploitation of ‘Negative’ Information)

we adapt the optimal approach based on the predicted den-
sities ���������� proposed in [6] to IMM tracking [11].

(1) The beam position ��
� of the first dwell at time �� is

simply given by the predicted direction ������ to be de-
rived from the predicted density function ����������.

(2) If no detection occurs in the first dwell, this very re-
sult provides useful information on the target. We thus have
to calculate the conditional density of the target state given
the event
��

� : ‘no detection at time �� in the direction ���’.
(3) An application of Bayes’ Rule directly yields:

�����
�
�
� ��

���� �
�
�	�
���
�

�
��
�
������

���� (17)

up to a normalizing factor. In this expression the detection
probability �
 depends on the expected SNR (Eq. 15) and
thus on the current beam and target position ��, ��.

(4) The two dimensional density �����
��
���

���� can
easily be calculated on a grid. The beam position for the
next dwell is then simply provided by its maximum.

(5) This computational scheme for Bayesian local search
is repeated until a detection occurs. Since the maximum of
the densities �����
��

� �
�
�
�� 	 	 	 ��

���� is searched, the
computation of the normalization integral is not required.
Numerically efficient realizations are possible.

(6) Alternatively, �����
��
� ��

���� might be used for
calculating the expected SNR in a certain direction ��:

SNR���� �
�
��� SNR������� �����
��

� ��
����	

Searching the maximum of SNR���� results in a different
local search strategy. In the examples considered below,
however, no significant performance improvements were
observed. Nevertheless, there might be applications where

the maximization of SNR���� is advantageous (e.g. for
track recovery in case of intermittent operating modes).

This local search scheme exploits ‘negative’ information,
as also here the lack of an expected measurement carries in-
formation on the current target position. We here in particu-
lar observe a direct impact on adaptive sensor management.
Again, the prerequisite for dealing with negative informa-
tion is an adequate sensor performance model. As in the
case of resolution phenomena (section 2), the processing of
negative sensor information implies mixture densities with
possibly negative mixture coefficients, i.e. not each mixture
component has a direct probabilistic interpretation. As the
mixture coefficients sum up to one, the overall density nev-
ertheless has a well-defined probabilistic meaning.

3.3 Discussion of a Simulated Example

Fig. 3 illustrates this scheme of Bayesian local search
for a particular example. In Fig. 3a the predicted pdf
����������, a mixture density, is shown for some time
��. With high probability the target is expected to be in
the bright region, the true target position being indicated
by a green dot. The blue dot denotes the beam position of
the next dwell. The related detection probability is 26%.
However, no detection occurred during the first dwell. We
thus calculate the conditional pdf �����
�

�
� ��

���� given
that event. As visible in Fig. 3b, it differs significantly
from ����������. The previous maximum decreased in
height, while the global maximum is at a different loca-
tion. Again no detection occurred; the resulting density
�����
��

��
�
�
� ��

���� reflecting the two pieces of ‘neg-
ative’ information 
��

� and 
��
� is shown in Fig. 3c. Now

the search algorithm decides to look again near the position



at dwell 1. Although wrong in this case, this does not seem
to be unreasonable. In addition, two smaller local maxima
appear that increase in size as in the next dwell also no de-
tection occurred. According to Fig. 2d the next decision
is ambiguous. We finally obtain a decision which leads to
success. The last picture shows the updated pdf (Fig. 3f).

4 ‘Negative’ Information in GMTI Tracking

Airborne GMTI radar provides estimates of the kinematical
parameters of ground moving vehicles along with related
measurement errors and certain technical sensor parame-
ters (GMTI: Ground Moving Target Indicator). In such ap-
plications the phenomenon of Doppler blindness occurs as
a direct consequence of the GMTI clutter notch. It can be
interpreted in terms of ‘negative’ information in the sense
of the previous discussion. In our discussion we stress its
particular relevance to sensor fusion for ground surveillance
and sensor scheduling.

4.1 GMTI Detection Model

Even after platform motion compensation by STAP filter-
ing low-Doppler targets can be masked by the clutter notch
of the GMTI radar [8]. Let 	�� � �
� 	 �����
� 	 ��� de-
note the unit vector pointing from the platform position � �

at time �� to the target at the position 
� moving with the
velocity �
� . The kinematical target state is thus given by
�� � �
�� � �
�� �

�. More quantitatively speaking, Doppler
blindness occurs if the radial velocities of the target as well
as of the surrounding main-lobe clutter return are identical,
i.e. if the function

���
� � �
�
��� �
�
� 	 ���

� �
�
�
� 	 ���

(18)

is equal to zero. In other words, the equation �
���
��� �
� defines the location of the GMTI clutter notch in the state
space of a ground target and as such reflects a fundamental
physical/technical fact without implying any further mod-
eling assumptions. The detection model must thus reflect
the following phenomena:

1) The detection probability �
 depends on the target
state and the sensor/target geometry.

2) �
 is small in a certain region around the clutter notch
characterized by the Minimum Detectable Velocity (MDV),
being an important sensor parameter, which must enter into
the tracking process.

3) Far from the clutter notch, the detection probability
depends only on the directivity pattern of the sensor and the
target range.

4) There exists a narrow transient region between these
two domains.

This qualitative discussion of the observed detection phe-
nomena related to the GMTI clutter notch is very similar
to that of resolution effects in section 2. For the same rea-
sons as before, the following simple model for the detection
probability reflecting the current sensor-to-target geometry
seems to be reasonable and reflects the basic underlying

physical/technical facts [10, 12]:

�
��� 
��� � ��

�
�	 	� ��� �������������� ��

�
(19)

� �� 	 ��
� 
 ��
����� 
���� ���

�
� (20)

with � �
� and a related ‘variance’ �� given by

��
� � ��

�
���� and �� � ������� ��� ��	 (21)

4.2 GMTI-specific Likelihood Function

According to the introductory discussion, the filtering up-
date is driven by the likelihood function. Under idealized
assumptions it is given by the following expression (single
vehicle, mild residual clutter density �� , �� plots in each
sensor scan �� � �����

��

���) [3, 9]:

����������� �
�
�	 �
���
���

�
�� � �
���
���

�
���

���

�
�� 
 ������ �

�
(22)

� �	���������� � ������������ (23)

where �	 � �	���������� denotes the standard likelihood
without considering clutter notches:

�	 � ��	 ����� � ��
���

���
 ��� 
��������� (24)

while �� � ������������ is the part of the overall likeli-
hood function characteristic of the GMTI problem:

�� � ����
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�����
���� ���
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�
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 ����� 
����� 
������� (25)

where the quantities ���� , �����
���, and�� are given by:

���� � ���
�

� � ��� (26)

�����
��� � ������
�� �����
����

� (27)

�� � ��
���� ���	 (28)

4.3 Update by Exploiting ‘Negative’ Information

The filtering update is performed according to Bayes’ rule

������������
���� � ����������� ������

���� (29)

by making use of the prediction and the likelihood function.
Evidently, the likelihood depends on the sensor data, the
sensor model’s functional form and sensor parameters. Af-
ter first order Taylor-expansions of the non-linear functions
����� � ��������� and ����� 
��� � ���������
��� �
���������
������ 	 ������� around the predicted target
state ������, the likelihood proves to be proportional to a
Gaussian mixture. Explicitly, the ficticious measurement
matrix ���������
��� is given by

���������
��� �
���
���

��
���������

(30)

�
� �
������ 	 �	������� �
������ 	
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�����

�
����� 	 ���
� 	�������

�
(31)



a. simplified GMTI scenario b. detection probability c. range rate (ground, vehicle)

d. sensor 1 e. sensor 2 f. fusion

Fig. 4: GMTI Tracking (Fusion of ‘Negative’ Information)

with 	������ � �
����� 	 �����
����� 	 ���. This particu-
lar structure of the approximated likelihood function makes
the mathematical treatment of the filtering update very com-
fortable. Also here ���� ���� proves to be a Gaussian mix-
ture. For the same reasons as in case of tracking a possible
unresolved group target (section 2) we have to be aware
of possibly negative mixture coefficients. This reflects the
fact that in case of a detection the target must have a cer-
tain minimum distance from the clutter notch. Otherwise it
could not have been detected at all. Nevertheless also the
possibly negative coefficients sum up to one. The density
���� ���� is well-defined.

Following the spirit of the techniques used in standard
PDA or IMM methods [3], the number of mixture compo-
nents can be kept under control.

4.4 Fusion of ‘Negative’ Sensor Information

From the previous discussion it becomes evident, the ‘nega-
tive’ sensor information, i.e. the lack of an expected sensor
measurement, can convey information on the kinematical
state of the target: The target seems to move in such a way
that it is buried in the clutter notch. According to the GMTI
specific part of the likelihood function (Eq. 25) this infor-
mation is equivalent to an abstract ficticious measurement,
which at least provides some information. As the measured
quantity ����� 
��� explicitly depends on the current plat-
form position, we expect that the fusion of this ficticious,
abstract measurement from sensor at different platform po-
sitions ��� will help to detect stopping targets. In this par-
ticular sensor it might be allowed to speak of some sort of
‘triangulation’ with ‘negative’ information.

Scenario. Let us consider a simplified example typical
of ground surveillance. Fig. 4a shows two airborne sen-
sor platforms observing a ground moving target (stand-off
surveillance, gap-filling mission). The revisit intervals are

15 and 10 s, respectively. Fig. 3b shows the detection prob-
ability for both sensor platforms as a function of the track-
ing time. In both cases the detection probability shows a
deep notch. In the second part of the time axis �
 is zero
for both sensors over several minutes. This behavior be-
comes understandable by Fig. 4c showing the radial veloc-
ities of the target and the main-lobe clutter for both sensor
platforms. When both radial velocities are identical, the tar-
get can not be separated from the ground by Doppler pro-
cessing. For a centralized fusion architecture we obtain a
mean cumulative revisit interval of 6 s. The dashed line in
Fig. 4b denotes the mean cumulative detection probability
with reference to cumulative revisit interval. After about 14
min the target stops for several minutes. For this reason it
is invisible to both GMTI sensors. The early detection of
a stopping event can be of military interest as it might ini-
tiate a sensor request for a spot-light SAR picture (sensor
scheduling) in which a stationary scene can be analyzed.

Discussion. The probability densities shown in figure
4d,c are related to the position of the single vehicle (Carte-
sian ground coordinates) and have been calculated at a
time when the target has stopped for several minutes (see
Fig. 4a). The density in figure 4d is based on the process-
ing of data from sensor 1 (including ‘negative’ informa-
tion in the above sense), while in Fig. 4e data from sensor
2 only have been processed. Evidently, the dissipation of
both density functions is confined to a particular direction
as a consequence of processing ‘negative’ sensor informa-
tion. I.e. instead of actual sensor data the very informa-
tion that several successively missing detections occurred
was processed. This event provides a hint to the filter that
the kinematical target state probably obeys a certain rela-
tion determined by the clutter notch. Apparently, this piece
of evidence proves to be as valuable as a measurement of
one of the abstract components of the target state. The



exploitation of the GMTI sensor model can thus be con-
sidered as some kind of information fusion. In the situa-
tion previously discussed the densities are sightly rotated
against each other. We thus expect that their combination
will provide some ‘fusion’ gain. Fig. 4f shows the proba-
bility density obtained by sensor data fusion. We observe a
significant fusion gain. It is a consequence of the different
orientation of the density functions and leads to improved
state estimates. In the present example the orientation of
the densities is only slightly different. An even higher gain
would be observed in case of an ‘orthogonal’ intersection of
the target pdfs. Since the target is stopping since 3 min, this
result is particularly remarkable. Though no sensor data
are available from both sensors, the very fusion of the sen-
sor output ‘target under track is no longer detected’ implies
an improved target localization. As no ‘sensor data’ in a
proper sense are involved, this result is also due to infor-
mation fusion and a direct consequence of the different tar-
get/sensor geometries.

5 ‘Negative’ Information and Jamming
The degrees of freedom available in phased-array radar ap-
plications enable main-lobe jammer suppression by adap-
tive array processing techniques [15]. Following the spirit
of the previous discussions the current position of the re-
sulting jammer notch as well as information on the distri-
bution of the related monopulse measurements [15] can be
incorporated into a more sophisticated sensor performance
model of a fighter radar, for example.

By this approach more detailed a priori information on
the sensor specific properties can be exploited also at the
tracking level; in particular expected but missing sensor
information can be interpreted as negative information in
terms of ficticious measurements. This does not only im-
prove target tracking in the vicinity of a jammer notch in
terms of a shorter extraction delay, improved track accu-
racy/continuity, e.g. for tracking an attacking missile. It
also has strong impact on strategies for adaptive sensor con-
trol. For details see [16].

The sensor model is based on an expression for the
signal-to-noise+jammer ratio after completing the signal
processing chain. The following simple formula seems to
mirror all relevant phenomena observed:

SNJR���� ��
��� 
�� � SNR���� ����

	� ��� ��������
����
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The vectors �� and 
� denote the angular position of the
current beam and the jammer, respectively (assumed to be
known). � is a measure of the beam width, while  indi-
cates the width of the jammer notch produced by adaptive
nulling. The matrix �� extracts the target’s direction ��.
������� reflects the antenna’s directivity pattern.

In case of Swerling I fluctuations of the target’s radar
cross section and for a simple detection model, the detec-
tion probability is a function of ��, ��, and 
� :

�����
��� 
�� � �

�
�
SNJR�������	��
��

	 (34)

�� can be approximated by using Gaussians linearly de-
pending on the target state and enter into a likelihood func-
tion analogous to Eq. 25. The filtering is as sketched above.
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