
 Information Value Mapping for Fusion Architectures

Timothy J. Peterson

Electrical and Computer Engineering Department
University of Arizona

Tucson, AZ, U.S.A. 85721-0104
tjpete@ece.arizona.edu

Malur K. Sundareshan

Electrical and Computer Engineering Department
University of Arizona

Tucson, AZ, U.S.A.85721-0104
sundareshan@ece.arizona.edu

Abstract In assessing a fused sensor system, one
considers the quality of the system architecture most often
by the capabilities of the individual sensors, and the
attributes of the fusion algorithm.  Though it is possible to
evaluate system performance in an idealized context, and
model real-world perturbations as random disturbances,
it may be advantageous to treat predictable events as
deterministic. Additionally, a-priori information is not
limited to constraints on the object of interest, but also
can be applied to the scene in which the object resides. In
this paper, the role of information value mapping in the
design of efficient fusion architectures is presented. This
concept provides a development tool for general scene
modeling that attempts to capture the relative value of
each sensor’s input related to a given location in the
sensed scene.  Some general guidelines for the
development of information value maps will be outlined.
Specific examples illustrate the modeling and
implementation methods.  The effects of including signal
processing methods for modifying the sensor outputs, and
hence the information value maps, will be given a
particular focus.  The use of currently popular image
super-resolution algorithms is offered for an illustrative
discussion of these methods.

Keywords: Information value, a-priori information,
sensor limitations, scene analysis, and fusion architectures

1 Introduction

When considering the use of various sensors in a
distributed system, designers choose sensors that best suit
the needs of the application.  Those needs may include
system robustness, redundancy, monetary cost, physical
size limitations and processing limitation fitness.  The
general claim of sensor fusion is that by correctly
combining the measurements of several sensors, the
system synergy produces a “better” result than that which
would have been achieved by the best sensor [1 - 3].  The
hope is that the statistical nature of the sensors does not
change so drastically during an on-line operation such that
the employed fusion algorithm no longer fulfills the
sensor fusion claim.

Recent works have expressed the need to manage the
sensor fusion process with the possibility of sudden and
drastic changes in sensor responses [5, 6].  Indeed, ideas
on how to deal with predictable and unpredictable changes
in measurement variances are established.  Besides abrupt
changes in measurement statistics, there is the possibility
that artifacts that can be sensed may be confused as the
object of interest.  When this happens, the measurement
statistics may not change, and like the path-crossing
problem in the multiple target tracking scenario, this is not
readily noticeable in the measurement.

Also, changes in sensor measurement processing may
occur while the fusion system is online.  For example, the
image from an imaging sensor may be super-resolved
before being processed for fusion.  This particular case is
of specific interest to researchers at present and will be
briefly explored in Section 5.

The work presented in this paper treats predictable
changes in measurement statistics, predictable confusion,
and predictable effects of processing changes as
subclasses of a larger form of a-priori information herein
called information value.  The term arises from the notion
that while sensors are the source of information about the
environment, they do not always collect information of
equal or consistent value.

The structure of the paper is as follows.  Section 2
contains some general definitions and brief examples of
events that cause information value changes.  In Section 3,
the information value concept is more formally introduced
and some characteristics of its mapping are given.  Section
4 contains general guidelines to be followed in building
information value maps in specific applications.  Use of
information value maps for designing fusion architectures
to implement a multi-sensor tracking system is discussed
in Section 5.  A simple demonstration of information
value usage is given there as well.  Finally, the paper
concludes with a summary and some statements on the on-
going work in Section 6.



2 Predictable events

 Generally, the environment scanned by a set of real
world sensors is not homogeneous with regard to sensor
performance.  Real sensors have limitations that may vary
from one type to another, thereby exhibiting weaknesses
at different locations in the sensed scene (environment).
This discussion follows the idea that the sensed scene is
spatial, but the analogies could still hold for non-spatial
environments (stock market). There may be stationary
obstructions, which at some point may hide the object of
interest.  These obstructions may also cause confusion.
These may not change the sensors’ measurement statistics
(esp. variance) but may cause the system to falsely
attribute the obstruction’s properties (location, texture) to
the object of interest.

 Measurement statistics may spatially vary as well.
Disturbances may cause patches or pockets to exist where
objects at any adjacent locations are clearly viewed but
inside the pocket the view of the object is distorted, or
covered in noise (low SNR).  Performance may become
degraded progressively with range as in the case of
resolution of imaging sensors.  Range limitations could be
more abrupt as with radar where it is primarily due to the
length of the pulse repetition interval (PRI) [4]. Examples
of weak spots for particular classes of sensors include
infrared sensors looking at a horizon over the water (high
background contrast), radar against ground clutter
(background noise), video looking into shady areas (low
luminosity), and fading (weak signal, range limitation).

 As mentioned in the introduction, signal processing
techniques may change the effectiveness of a sensor’s
measurement.  If a fusion architecture is designed
specifically for the expected performance of a sensor,
changes in that performance may not necessarily be
accounted for.  That is to say that the fusion architecture
could be static with regard to expected sensor
performance.  In reality, improvements in performance
may enhance the value of the measurement given, and
likewise degradations in performance may degrade the
measurement’s value. Improvements such as noise
filtering and resolution enhancement may come at the cost
of sampling rate and field of view reduction.
Consideration of the object of interest’s location may play
a role in determining the usefulness of a processing
operation.  Hence, due to the additional processing, the
value of information from a sensor may be improved at
some locations, but degraded at others.  The monitoring of
the value can be a means of deciding when to switch on or
off a processing function, if that capability exists.  For
example, super-resolution algorithms are useful in
enhancing the resolution of a blurred image, but at the cost
of computational load [9]. In a tracking application this
computational load may be bearable when the target
(object of interest) is distant and its change in bearing is
small.  However, when the target is closing in, its rate of
bearing change may be too fast for the extended

measurement update interval that comes with the
processing.

 3  Information Value

 The qualitative effects of the non-homogeneous
environment could be quantified through assignment of a
value that corresponds to the amount of trust associated
with a sensor’s measurement when observing a particular
location.  The location need not be physical, but can be
any unique measurable condition of the object of interest.
Throughout the remainder of this discussion, we shall
refer to such an assigned value as the information value.

 The notion of information value should be
distinguished from confidence level.  Information value is
a more general term than confidence level.  Confidence
level is directly related to the relative amount of error that
a measurement possesses. It appears that information
value and confidence level are identical when defining the
amount of regard a sensor’s measurement receives solely
in the presence of disturbances. However, information
value also captures the effects of processing on fusion
performance. The super-resolution example cited earlier
demonstrates clearly that even if our confidence level in
the measurement of a “close” object is good, the
usefulness of that measurement is tainted by its latency.

 Information value should also be distinguished from
an attribute recently used in the sensor fusion literature
called perceivability, which is essentially the degree to
which an object is perceived by a sensor or system [6].
Perceivability is assigned according to some
predetermined threshold.  It is not a-priori information,
but recursively calculated in order to decide whether to
terminate track maintenance.

 3.1  Definition of Information Value

 Information value (IV) is the value assigned to a
location in the sensed environment based on the perceived
or predicted performance a sensor. The information value,
r, when defined as a scalar, lies between zero and one.
Here, r =1 indicates the sensor measurement has full trust,
and r = 0 is complete distrust, i.e.
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 When defined in the vector case the information value
r is the vector of the same dimension as the measurement
vector z for a sensor.  This is the case where a sensor
measures more than one attribute of x.  The rationale for
allowing r to be multidimensional comes with the idea
that not all measurements form one sensor will be affected
the same way by a disturbance.  The elements of r are the
predicted values of a sensor’s measurement value to the
system. Each of the elements in the vector r satisfies the



definition of Eq. (1). Given a linear system whose state
vector x is determined by the equation

 pn uxwBuAxx ℜ∈ℜ∈++= ,,&

 where u is some external input, and w represents an
additive white-gaussian-noise (WGN).  The measurement
z may not be of every element in x and is defined here as
the linear combination

 nmzvGyHxz m ≤ℜ∈++= ,,           (2)

 where v is the measurement noise, y is an n-dimensional
artifact in the scene, and H and G are the weighting
matrices for the object of interest and scene artifact
respectively. H and G are related by the constant H0 such
that 

0HGH =+ .

 In this case, r would be an m-dimensional vector, and as
will be shown, is a function of v, H, G, and y.

 3.1.1 Sensor-based information value

 When Eq. (2) is void of any scene-based disturbances
this means that G = [0], (G is an empty matrix), and H =
H0. By assuming v~N(0,σ) in Eq. (2), and the above for H
and G, Eq. (2) becomes simply

 vxHz += 0                                    (3)

 If H0 is known, the only source of error in Eq. (3) is the
variance of v.  A suitable assignment of r that would
satisfy Eq. (1) would be
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 where σ j 
2 is the predicted variance of the jth element of v.

(This is not to be confused with the covariance matrix).
The constant c is an arbitrary parameter that is optimized
in each particular application.

 3.1.2 Scene-based information value

 When the measurement in Eq. 2 is corrupted by an
artifact in the scene, the weighting matrix G ≠ [0].  Effects
solely from the artifact can be approximated by neglecting
the variance in v.  The artifact is given by the state vector
y, and is established as part of the mapping process.  The
predicted response to the artifact results in the weighting
matrices H and G.  If at any time H=[0], the artifact will
be called an obstruction.  From the conditions above, Eq.
2 can be written

 GyHxz +=                                (5)

 Here the information value depends on the error
introduced by the artifact and the sensor’s response to it. If
the artifact and the sensor’s response are known with great

certainty, i.e. Gy is accurately known, then the error will
be small since Hx can be determined.  There could be
large errors if H =[0], since x is then hidden.

 Consider for instance z1 and z2, the measured range
and bearing, respectively.  Then consider the case when an
obstacle is mistaken for the object of interest because the
object went behind the obstacle ( H=[0] ).  Let the position
of the object at time t be given in polar coordinates and
called (dx(t),θx(t) ), and the position of the obstruction is
constant at (dy,θy ).  Assume the obstruction is narrow so
that its angular width (∆θ) is zero.  Additionally, assume
that the sensor does not regard the obstruction until time t
such that

 ]0[)(,)( 0 == −tGHtG

 which means it changes instantaneously. (Recall that the
sum of H and G is H0). So, when θx(t)= θy and dx(t) ≥ dy,
and neglecting v, then the measurement z can be written
according to Eq. (5) as
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 and the resulting mean squared error is ( )2)( yx dtd −

 Assuming that the only source of error is y when it acts
as an obstruction, then an expression that satisfies Eq (1)
for the elements of vector r would be
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 where ∆θ is the angular width of obstruction, θy is the
center angle of the obstruction and where a and b are
arbitrary constants to be set in order to optimize a
particualr application.

 3.1.3 Signal Processing based information value

 For any particular application, the cost of additional
signal processing may vary spatially (measurement space)
as well. Any measurement that may be well conditioned
and have high sensor-based and scene-based information
values could still be ill suited for the fusion process.
Additional processing time may be more costly when the
lengthened sampling period results in aliasing at points
where rates of change are high.

 3.1.4 Conglomeration

 The IV is a form of a-priori information that relies
mostly on the sensor’s known capabilities and the
particular setup of the environment in which it is placed.
It is asserted that a sensor’s IV is a possible way of
predicting the regard a particular sensor should have when



the object of interest is in a particular location.  As shown
in Sections 3.1.1 and 3.1.2, the information value can be
characterized as having a sensor-based part and a scene-
based part. Combining the two requires consideration of
the application. One way to get a single r for a location is
select the smaller of the two parts.

 In general, the fused decision (Xfused ) will be not only a
function of the conglomeration of the individual sensor
measurements (z), their statistics (V), and dynamic
relationships (A), but also include the information value (
r ), as described below.

 ( )              ,,, rAVzfX fused =       (7)

 3.2 Information Value Maps

 The ordered collection of IV assignments form a map
whose dimension is higher than the dimension of the
sensed environment by the factor equal to the dimension
of r (one in the scalar case).  For example, if the
environment is two dimensional and the IV is a scalar, the
map would be 3 dimensional.  The combinations of the
sensor IV maps could provide indication of the predicted
system performance.

 There should be a set of methodologies for
assigning the IV for any class of sensors, but these will be
discussed only in general terms in this paper.  The
building of the map is a separate function from the
application and can be accomplished by a detection
operation or assignment from some other form of higher
intelligence, while the system is off-line.

 3.3  Information Value Map Characteristics

 Several characteristics of the IV maps can be stated at
this point. The map may be static, continuously updated or
periodically updated.  The static case describes the event
where the map is built off-line and left alone when the
sensor fusion function is taking place.  The continuous
and periodic updating cases describe the rewriting of the
map on-line.  There are various reasons to consider map
updating.  These include changing environmental
conditions, changing processing methods, and map
correction or fine-tuning.

 The map can be stored as a look-up table or a function
approximating the desired map.  The former may require
much memory while the latter may be more complex to
calculate.

 In the look-up table approach, the number of different
values that can be assigned will describe the number of
map levels, M.  If only two values are assigned, then a
binary level assignment is used, whereas if the values are
continuous then the interval between levels is
infinitesimally small.  The relationship between r and M
can be specified as
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 where ri denotes the ith level of r.  These levels are used to
discretize the results of Eqs. (4) and (6).

 4  Building the information value map

 4.1 The basic steps

 The steps to building an IV map are given in the
following. As indicated earlier, since the discussion is
intended to be general, the steps will be broadly outlined
and the details within each step are omitted.  Each step
may be individually optimized depending on the
application.

• Determine system capabilities and limitations. This
step should consider the number of information
levels needed (M), and the resolution with which the
scene is partitioned. Intrinsic system weaknesses
such as limited memory and memory access time
should be kept in mind when determining how to
build the map.

• Partition the scene into regions that will be labeled
with a single information value.   If adjacent values
are the same then the regions can be joined to form a
larger one.

• Detect and determine weak areas and artifacts in the
scene.  This could be phrased as an entire detection
problem in itself or treated with foreknown
generalities, such as sensor range capabilities.

• Assign a sensor based IV and a scene based IV to
each region.  A combination of the two information
value parts should be adapted for the particular
application.  A formal approach to deciding what
degradation is more costly (a greater weakness)
should be defined.

• Where two regions of unequal IV meet is a transition
boundary.  According to equation (8), the transition
would be instantaneous if the number of levels, M, is
finite.  Perhaps this crisp transition is undesirable or
not optimal.  Alternate transition modes will be
discussed later.

• The decision as to whether or not to combine
individual sensor maps into an overall system map
should be made, since this could affect the overall
system architecture.

4.2  Transition boundaries

When an object of interest (target) traverses from one
level of IV to another, it crosses a transition boundary.
The manner by which these transition boundaries are
treated is an issue of particular interest.  Sudden changes



in a sensor’s weighted output could cause undesirable
transients.  Moreover, there may be reasons to have
particular transition boundary types to enhance some
desirable trait.

Three types of boundaries are proposed here, the crisp
transition boundary, the smoothed transition boundary, or
the fuzzy transition boundary.  The three types of
proposed transitions are shown in Fig. 1.  The figure is a
cross section of the information value map.  As seen in
this figure, the crisp transition boundary is the unaltered
state, the smoothed transition boundary requires some
interpolation.

IV

IV

Crisp transition cross section

Smoothed transition cross section

Fuzzy transition cross section
µ 0µ 1 µ 1µ 2 µ 2µ 3 µ 3µ 0 µ 0

Figure 1: Transition Boundary Types

4.2.1 Smoothed transitions

The smoothed values may be calculated and stored
before the map is used.  For the 2-D environment, the map
could be stored as a gray-level image where the intensity
is inversely proportional to the information value, i.e. rM-

1= “black,” and r0 = “white.”  Then the map image could
be blurred to any desired degree. This would require that
the number of output levels of the mapping device is
substantially greater than M.

Another smoothing method could be to perform a
moving average of the IV values, which would require a
simple filtering of the mapping device’s output.  For
example, in the digital domain the information value for
time k could be determined with simple FIR filtering of
the mapping device’s output r, such as
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where p and n are integers ≥ 0 and the terms with p are
predicted values based on estimation of the object’s future
locations (therefore bearing the “^”). This would be
simplified by letting p = 0, but then predictive attributes
would no longer exist.

4.2.2 Fuzzy transitions

Sub-maps for each of the M information values could
be kept in order that fuzzy logic could be applied to the
final information value assignment. Each sub-map would
be the membership function of an information value level,

such that µi(x) is the degree of belonging of location x  to
fuzzy set ri. This would allow any location to be a member
of up to M fuzzy sets.  For example, a location could have
a 0.5 degree of belonging to a full trust set (rM-1 = 1) and a
0.5 degree of belonging to another set (e.g. ri = 0.7).

The use of fuzzy sets could be beneficial in treating the
situation when the object of interest “disappears” behind
an obstacle.  This would be the case when transitioning
from any set ri to an r0 set, (esp. when i >1). It would be
possible to design algorithms that incorporate the
information value membership functions and membership
functions of other system parameters to form a more
comprehensive rule base. An example rule would be:

if the object of interest is fast and low-
maneuvering, and whose location has information
values of rM-1 and r0,

then the likelihood of correctness for the linear
location estimation is good.

In the preceding example, all fuzzy sets are identified
with italics.

4.3 A two dimensional mapping example

This section presents an example of an information
value map generated using the guidelines of Section 4.1.
The example shown here illustrates the effects of three
weaknesses that may be present in the scene. They are
degradation of sensor trust due to increasingly poor range
performance, a region of high noise for unspecified
reasons, and the effects of an impenetrable object (sensor
is not capable of looking past it).

Sensor location

r1

r0

r3

r2

r1
r0

∆θ

Figure 2: An example IV map

Figure 2 shows the results of the mapping according to
the following conditions.  Information value is assigned
according to some agreed upon metric.  The map is stored
in a look-up table, and the number of levels is set to M =
4. An artifact with angular width ∆θ  is detected in the
upper right quadrant.  The sensor’s response to this
artifact is negligible until it becomes an obstruction.  A
region of partial distrust (noisy, occluded) is detected in
the lower left quadrant. The range capabilities of the



sensor are considered to decrease steadily due to
resolution limitations.  These resolution characteristics are
used to set the values resulting in concentric circles
centered about the sensor.

In assigning information values, the obstruction is
considered to obliterate any trust of the sensor from the
area behind it, i.e. the parameters a and b in Eq.(6) are
very large.  The region of partial distrust is considered as
an occlusion and measurements within are considered less
trustworthy than those outside it.  The transition boundary
is left crisp.  Information values will be equally spaced
according to the definition in Eqs. 1 and 2, i.e.

00.1,67.0,33.0,00.0 3210 ==== rrrr

5 IV Maps in Sensor Fused Systems

 5.1 Implementations of IV Mapping in Target
Tracking Fusion Architectures

Target tracking application is chosen for this
demonstration because it is our specific interest in this
topic [7,8].  The basic idea behind adapting a multisensor
target tracking system to utilize the information value
concept is summarized in two cases shown in the block
diagrams of Figs. 3, and 4.  The leads from the sensors to
the IV mapping block represent the function of the sensors
in building and/or maintaining the map

Case 1:   Fig 3 is a diagram of a two-sensor high-level
fused system. This case is considered a sensor-to-sensor
track fusion architecture in which the estimates of each
sensor’s tracking filter are combined at every
measurement update cycle and the previous state estimate
of the fused system is not used.  For brevity sake, the
sensor-to-system track fusion architecture is not presented.
An enlightening discussion on this topic may be found in
[10]. Here the decisions of each tracking filter (

1x̂ and

2x̂ ), i.e. the target state estimates, are fused to produce a

system state estimate, 
fx̂ .  The fusion mechanism could

be as simple as computing the weighted average,

1
212211 ))(ˆˆ(ˆ −+= SSSSf rrxrxrx                 (10)

where rS1 and rS2 are the retrieved information values for
sensor 1 and sensor 2 respectively (scalar case).

Tracking FilterS1

S2

Estimate
Fusion

xf

IV Mapping
(rs1 , rs2)

Tracking Filter

x1

x2

^

^

^

 Figure 3: A High Level Fused Tracking System
Incorporating IV Map

 Observe that there are two sensors, and each measures the
same single state of x.  Recalling Eq. (4), the parameter c
that would best suit each information value r would be the
predicted variance of the other sensor.  In other words

2
1

2
2

2
1

22
1

2
2

2
2

1 and,
ss

s
s

ss

s
s rr

σσ
σ

σσ
σ

+
=

+
=     (11)

Another fusion mechanism that could be used for this
situation is the “winner take all” method which is
described by

)max(arg,ˆˆ iSijf rjxx ==             (12)

Case 2:   In this case, lower level fusion occurs before the
tracking filter.  The data from the two sensors is fused and
the state estimation is based on the fused measurement.
Methods for this fusion include contrast enhancement,
coordinate warping and wavelet techniques.

S1

S2

Fusion xf

IV Mapping

(rs1 , rs2)

Tracking Filter
^

Figure 4: A Low/Medium Level Fused Tracking System
Incorporating IV Map

The goal of this architecture is to improve the fused
measurement given to the tracking filter. One aim of
including the information values is to decrease the
uncertainty in the fused measurement by reducing the
influence of the less valuable sensor. Another goal is to
keep untrustworthy but statistically well-behaved
measurements from one sensor from corrupting
trustworthy but statistically poor measurements of
another.

5.2 Results of a Simple Demonstration

This simple demonstration assumes the form of the e
second case above but where the tracking filter is by-
passed.  Let there be two co-located (at the origin) sensors
that each measure the Cartesian location of the target.
Now let there be a target that traverses at a constant
velocity and constant y value of 10 units from an x
location of –100 units to 100 units.

Sensor one response. The first sensor has a two
dimensional measurement response according to Eq. 2
where v is zero mean Normally distributed with an
identity covariance matrix. The obstacle centered at a
position (-5,5) with an angular width of half a radian,
causes the term G = I when the bearing of the target φ , is
in the interval (3π/4 ) ± 0.25.  G=(0) elsewhere.

Sensor two response. The second sensor has a
measurement noise v that is zero mean and Normally



distributed with a covariance matrix d*I where d is
proportional to the Euclidean distance of the target form
the sensor location.  The obstacle is invisible to sensor
two, i.e G=(0) always.  The sensor responses and the
target path are shown in Fig 5
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Figure 5: The Target Path and Sensor’s Measurements.

Information value map For simplicity let M of Eq. 8 be
arbitrarily large and let Eq. 11 be used for points where
G=(0), for points G≠(0) let a and b  of Eq. 6 be  ∞. The
assigned information values along the target path are
shown in Fig 6 below.  Let crisp transition boundaries be
used.

Figure 6: Information values along the target path.

Note the discontinuous jump to zero in the first sensor’s
information value.  This is the prediction that the
measurement will be unacceptably corrupted by the
obstacle.

Comparison of two simple fusions  For the first method,
no a-priori knowledge is used and the two sensor
measurements are directly averaged.  For the second, the
second a weighted average in the form of Eq. 11 is
employed.  Fig 7 are plots of the MSE of the fused
measurements.

Figure 7: Resulting Mean Squared Error of Fused Position
Measurements

Note the direct averaging MSE in the top plot shows the
disturbance caused by the large variance of sensor two at
far distances, and also the error caused by the obstacle
seen by sensor one.  The weighted average method (lower
plot) compensates for discrepancies in sensor variation
and undesirable responses to scene obstacles.

5.3 Modified IV mapping due to signal
processing

Modified information value maps can be constructed
to accommodate improvements to sensor measurements
due to processing, as alluded to in Sec. 3.1.3.  One
example is the changes to information values when an
image acquired from a sensor undergoes a resolution
enhancement using super-resolution processing.  Super-
resolution algorithms are designed to perform not only
passband restoration of the captured image but also
extrapolate the frequency content in the image that suffers
attenuation due to diffraction limited imaging operations.
Several iterative processing algorithms that employ
statistical optimization methods [11] and convex set
theoretic estimation methods [12] have been developed in
the recent past. This type of processing is increasingly
used in passive millimeter-wave imagery and SAR
imagery due to the poor resolution in the captured images.

Consider that for the tracking case, the position of the
target is determined usually by the center of gravity
method applied to an image. When the image is blurry,
there exists uncertainty of the target’s boundary and thus
the tracking point, (centroid). Since super-resolution
enhances the angular resolution of a given image, the
uncertainty of measured bearing angle is decreased. It can
be shown that the subsequent decrease in uncertainty in
target location is more profound at further distances.
Information value maps originally built for unaided
sensors would change when super-resolution was applied.
This can be done two ways: either by redrawing the map
(so that regions affected by range are extended outward),
or scaling the information values at the map output.  The
latter being simpler, but the former would increase the



maximum range by extending the lowest non-zero IV
level into r = 0 territory.  Fig. 5 is the IV map of Fig. 2
that is adjusted for the inclusion of a super-resolution
algorithm with arbitrary angular resolution enhancement.

The changes to the information value map can be seen
in Fig. 6.  Redrawing the map to extend the range-limited
values is shown by pointing out that the concentric dashed
lines were the old transition boundaries. (The new
boundaries are extended outward). Also an r0 region is
inserted around the sensor location to show uselessness
where bearing rates of change exceed Nyquist limits of the
diminished sampling rate due to the additional processing.

0r0

r′1
r′3

r′2
r′1

r0

r0

Sensor location

Figure 6: Map changes due to super-resolution

The scaling method of changing the map can be seen as
the re-labeling of the information values, i.e.

3322110 ,,,00.0 rrrrrrr ′≤′<′<=

It is notable to point out that while super-resoultion
improved some of the performance, it did not change the
values due to the obstruction in the upper-right quadrant.

6 Summary

This work has introduced a form of a-priori sensor and
scene-based information called information value.  This
classification includes known effects on sensor
performance and sources of confusion that exist on the
scene and in the system before sensing operations are
performed on the object of interest. A general definition
for information value was given and examples of events
affecting this value were discussed.  A procedure for
mapping the information value was introduced along with
a simple example. Uses of the information value map in
fused tracking architectures were discussed as a specific
illustration.  Finally, the effects of signal processing on the
information value map were discussed where image super-
resolution was used as the processing event.

Several investigations are currently under way in
extending the concepts and methods outlined in this paper.
The effects on the performance of the fusion architecture
resulting from the employment of different transition
boundaries discussed in Section 4.2 are being examined.
Formal ways for modifying the information value maps as

a consequence of introducing specific signal processing
steps are being developed. Also under investigation are
the roles played by specific complexities arising in a
multi-sensor environment.  These complexities include the
need for image registration and sensor synchronization, as
well as the development of fusion architectures for multi-
sensor target detection, classification and tracking
applications.
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