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Abstract—Resource management improves the performance
of multisensor systems through efficient sensor scheduling. An
algorithm that utilizes Interval Algebra is presented to schedule
multistatic measurements. Interval algebra can capture tem-
porally ordered sequences in a consistent manner. Multistatic
measurements result in better tracks of targets being formed
for various reasons. The algorithm is not intended to solve
the problem of scheduling electronically scanned phased arrays,
although using interval algebra may certainly be advantageous.

In this paper it is shown how Interval Algebra produces similar
performance to a simpler heuristic approach for a scenario
utilizing narrow radar beams. The algorithm was not verified
against existing resource management techniques. The intention
is to present Interval Algebra as an alternative approach to
solving the multiple-in multiple-out radar scheduling problem.
When considering multiple targets simultaneously in the radar
beam, the power of Interval Algebra is revealed. With no changes
to Interval Algebra and only minor tweaks to how the constraints
are represented, Interval Algebra can utilize this complexity to
outperform the heuristic method.

Keywords: multisensor scheduling, resource management,

bistatic radar, tracking, interval algebra.

I. INTRODUCTION

A data fusion system should have a fusion center as well

as a resource management system. This is according to the

revised Joint Directors of Laboratories data fusion model [1].

The problem context and solution identified forms part of the

resource management system.

Resource management improves the performance of the

multisensor system through efficient sensor scheduling [2].

It is useful to partition resource management for multisensor

systems into two levels. The levels are referred to as the macro

level and micro level. The macro level makes the decision as

to which tasks each sensor should perform. Subsequently, the

micro level determines how best to achieve its assigned macro

level task, from the perspective of the sensor.

This partitioning can also be further applied within the

sensor [2]. Here the solution only concerns the macro level of

the data fusion system as a whole. The assumption therefore

is that there is a micro level scheduler for the multisensor

system, capable of handling macro level tasks appropriately.

However, the solution devised does not make any assumptions

on how each sensor scheduler is organized.

Fusion of measurements from multiple radars presents a

number of advantages over single radar measurements [3]–[5].

Differing radar cross section and surrounding clutter effects

result when the target is viewed from different angles. This

means that some radars may detect a target when others

do not, leading to detection diversity. At long ranges, the

range accuracy of the radar is more precise than the cross-

range accuracy, resulting in an elongated covariance ellipse.

Combining the target tracking covariance of two radars, at

almost right angles to each other with respect to the target,

results in a more accurate state estimate. Finally, state accuracy

simply increases with more measurements, regardless of the

relative radar positions.

Measurement fusion is particularly advantageous when ap-

plied in a multistatic radar environment [6]. Multistatic radars

generalize the concept of bistatic radars to multiple transmit-

ters and receivers. Each of the receivers detects reflections of

the signals sent by multiple transmitters. This allows the radars

to make several bistatic measurements of a target, in addition

to its own monostatic measurement. Multistatic positions are

pinpointed through the intersection of ellipsoids with receiver-

transmitter location pairs as its foci.

Moreover, if pencil beam radars are used, multiple receiver

antennas and signal processing channels may be utilized to

make monopulse measurements [7]. This allows angle mea-

surements within the beam to have an accuracy of a tenth of

the beam width. A further advantage of combined monostatic

and multistatic radar measurements is that reflections from the

target are received at different angles, thereby providing radar

cross section diversity.

The goal then is to present Allen’s Interval Algebra (IA)

[8] as a sensor scheduling algorithm that can be utilized in

a multistatic radar environment. That is, to schedule multiple

simultaneous measurements of targets while scanning a region.

Although there are many techniques available for solving

resource management problems [9]–[16], the focus here is to

show how IA can do the same. Allen’s interval algebra presents

a framework for relating intervals to each other in a consistent

temporal manner. The algebra also has a duration extension

that allows for reasoning about relative duration lengths. It

is shown how using the algebra produces a generic solution

to resource management. It not only outperforms a simple

heuristic approach under realistic conditions but also requires

no modifications to handle a richer set of constraints.
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Figure 1. IA operators and their inverses side by side.

II. INTERVAL ALGEBRA

A. Allen’s IA with improvements

Allen outlines IA, as well as a path consistency algorithm

in [8]. Events in IA are denoted as intervals. IA then has

thirteen temporal relationship operators to define how intervals

are related to each other. These operators are explained below

using two hypothetical intervals A and B.

1) Before (b): A ends before B begins.

2) After (bi): A begins after B ends.

3) Meets (m): A ends exactly when B begins.

4) Met (mi): A begins exactly when B ends.

5) Overlaps (o): A only ends during B.

6) Overlapped (oi): A only begins during B.

7) Finishes (f ): A begins after and end with B.

8) Finished (fi): A begins before and ends with B.

9) Starts (s): A begins with and ends during B.

10) Started (si): A begins with and ends after B.

11) During (d): A begins and ends during B.

12) Contains (di): A begins before and ends after B.

13) Equals (e): A begins and ends with B.

Every operator apart from equals has an inverse and is denoted

by dropping or adding the suffix “i” (Figure 1). A relationship

exists between every interval defined within an IA solution.

Each relationship in IA can then consist of any set of these

operators. No prior knowledge about the temporal relationship

would be indicated by allowing all operators (denoted by

{all}). Conversely, the empty set would indicate an incon-

sistency (denoted by ∅).

Then to solve IA for a scenario, it is represented as a

network of intervals (temporal events) and their relations

(temporal orderings). This graph is stored as a relational matrix

R. Each element of this matrix is the set of IA operators that

defines the relationship between the node numbered by the row

and the node numbered by the column. Each diagonal element

of this matrix can only contain the equals operator. Also, the

upper triangle of the matrix must be the set operator inversion

of the lower triangle. Thus the matrix can be represented by

simply storing either the lower or upper triangle.

Initially all relationships in this matrix, apart from the

diagonal, is the set {all}. As knowledge about the rela-

tionships are added a mechanism is required to propagate

these updates to maintain consistency. The two algorithms that

implement the constraint propagation mechanism are known

as constraint propagation and path consistency. Constraint

propagation only considers the relationships making up the

triangle of relationships for three intervals. Path consistency

generalizes constraint propagation to the entire IA solution.

Constraint propagation considers only three intervals at

a time. For example using the intervals A, B and C, an

update in the relationship from A to B, written as RA→B ,

would constrain the relationship from A to C, RA→C . This is

expressed as

A → B → C Ã A → C. (1)

Constraint propagation ensures that the relationship RA→C

has only those operators allowable. This is based on the

updated relationship RA→B and the prior known relationship

RB→C . To determine the allowable operators the constraint

propagation uses a transitivity matrix T. This matrix should

not be confused with the relational matrix defined above. The

transitivity matrix dimension is 13 × 13, where the rows are

the IA operators of the updated relationship, and the columns

the IA operators of the prior known relationship. Each cell

identifies the set of allowable operators based on the operators

defined by the row and column. The values for the elements of

this matrix can be found in [8]. The procedure to determine the

relationship RA→C is presented as Algorithm 1. If at any point

the result becomes {all} processing can be stopped, since no

more relations can be added to the set.

Algorithm 1 ConstrProp(RA→B , RB→C)

RA→C = ∅
for all operators r in RA→B do

for all operators c in RB→C do

RA→C = RA→C ∪ Tr,c

if RA→C = {all} then

return {all}
end if

end for

end for

return RA→C

Algorithm 2 Skip(RA→B , RB→C)

if ({b} ∈ RA→B and {bi} ∈ RB→C)
or ({bi} ∈ RA→B and {b} ∈ RB→C)
or ({d} ∈ RA→B and {di} ∈ RB→C) then

return true

else

return false

end if

Path consistency uses Algorithm 1 and 2 to maintain consis-

tency in all the relationship sets of the relational matrix. It also

makes use of a set inverse algorithm, which iterates for each

operator in the input set, placing the inverse operator in the

1204



returned set. Path consistency ripples constraint propagation

to every cell in the same row or column as the updated cell

of the relational matrix. This process repeats for each of the

propagated updates until there are no more updates to apply.

The procedure for path consistency presented as Algorithm 3,

incorporates updates from [17], [18]. One of these updates

skips parts of Allen’s algorithm by checking for {all} at

various points; the other is to return an indicator for network

consistency.

Algorithm 3 Path-Consistency(R, r, c, R)

Rr,c = Rr,c ∩ R

Rc,r = Inverse(Rr,c)
add (r, c) to todo list L

while L 6= ∅ do

select and delete first (r, c) from L

for all cells (k, l) in same row or column as (r, c) do

if not (Skip(Rk,l,Rr,c) or Skip(Rr,c,Rk,l)) then

if l 6= c then

t = Rk,l ∩ ConstrProp(Rk,l,Rr,c)
else

t = Rk,l ∩ ConstrProp(Rr,c,Rk,l)
end if

if t = ∅ then

return false

end if

if t 6= Rk,l then

Rk,l = t

Rl,k = Inverse(t)
add (k, l) to L

end if

end if

end for

end while

return true

B. Extensions to IA

There have been many improvements to IA since [8]. A

brief overview of these updates are listed. However, it should

be noted that for simplicity, these modifications were not

implemented. Basic IA is sufficient for solving certain sensor

scheduling problems. It also makes the solution simpler to

follow and the gain easier to verify.

Fuzzy versions of IA are proposed in [19]–[23]. There are

two ways in which they fuzzify IA. Firstly, all fuzzify the

set of relational operators. Allen’s IA has a discrete degree

of membership for each operator. For fuzzy IA, this degree

of membership can take on any value in the interval zero to

one (both inclusive). Higher values for the degree indicates a

preference for that operator, capturing more information that

Allen’s IA.

The other way in which IA is fuzzified in [19], [21], [22],

is by fuzzifying duration of intervals. For Allen’s IA, although

the duration information is not necessarily captured, it is

assumed that each interval has a discrete start and stop time.

In practice, this is not always the case for all possible types

of intervals. To handle this a trapezoidal representation of the

interval is proposed. The ramp up of the trapezoid denotes the

variability of the start time; whilst, the ramp down denotes the

variability of the end time.

Another extension proposed is identified in [24], [25], is to

have a probability assigned to each operator within Allen’s

interval algebra. As the probabilities of the entire set must

add up to one, there is no easy way to revert back to Allen’s

approach. For example, the set containing each operator would

need a probability of one thirteenth for each operator. The

algorithm to check overall consistency in this form of IA,

requires multiple calls to the IA consistency check algorithm

[26]. Having probabilities for operators creates several simul-

taneous networks, each network with its own probability. Each

of these simultaneous networks can be consistent or not.

III. EXPERIMENT SETUP

The area under observation is assumed to be a 40× 40 km

rectangular area. Two pencil beam radars are located at two

neighboring corners of the area. This gives them each a 90◦

sector to observe.

A number of targets is then simulated to move within

this region based on randomly generated motion profiles. It

is assumed that these targets have been detected and initial

inaccurate tracks have been established on all of the targets,

by at least one of the radars or another external source.

Furthermore, it is assumed that the association and fusion

of the tracks from the individual sensors into a macro level

picture have been performed.

The job of the macro level fusion scheduler is then to

schedule simultaneous target tracking from both pencil beam

radars. This allows four simultaneous measurements to be

made: radar one, can make a monostatic measurement of the

target using its own transmitted signal. Furthermore radar one

can make a bistatic measurement of the target using the signal

transmitted by radar two. In a similar manner radar two can

make two measurements.

These pencil beam radars are using mechanical positioners.

Such a positioner has inertia constraints limiting how quickly

it can switch over between targets. Thus to minimize the

transition delays the shortest path between targets could be

used in scheduling the sequence in which targets should be

visited.

As an alternative to using the shortest path, the approach

followed here makes the assumption that observing the rest

of the sector (i.e. a search mode) is also a priority. Therefore,

the constraint placed on the scheduler was not to find the

shortest path between targets but to schedule as many targets

as possible while the searching continues. Thus either radar

cannot turn around in the middle of a scan to move to the next

target, rather both must complete the scan.

To schedule the targets to be measured simultaneously the

scan rates are adjusted (i.e. one of the radars scans at a

lower rate). The macro level scheduling needs to instruct the

individual radars when they need to be pointing at the specific
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angle to the target. The sensor level scheduler then adjusts the

scan rates to illuminate the target at the right point in time.

As the first radar scans over N targets tn (n ∈ N ), it visits

them in a particular sequence. Due to the different observation

angles from the second radar, these targets are visited in a

different sequence. Therefore, in general only a subsequence of

the targets can be scheduled for a simultaneous measurement

in a particular scan.

The job for the macro level scheduler is then to decide upon

subsequences which are common to the target visit sequence

of both radars. Longer sequences are more favorable since it

allows more targets to be visited per scan, which increases the

multistatic and fusion benefits that can be obtained.

As an example, radar one could detect the targets in the

sequence (t1, t2, t3), while radar two would detect them in

the sequence (t3, t1, t2). Here either (t3) or (t1, t2) are the

possible sequences of simultaneously visiting targets.

However, if these simultaneous measurements are necessary

to maintain stable tracks on the targets, constraints on revisit

times are also needed. Thus to address the revisit constraints,

it is necessary to occasionally schedule shorter subsequences,

so as to ensure coverage of all targets.

One method of achieving this would be to use the tracking

covariance of the tracking filter for the target to prioritize

the targets. Thus targets with a larger tracking covariance

would have a higher priority that those with a smaller tracking

covariance. To simplify the simulation the approach followed

below was used, as it allows the simulation to be performed

without the use of an actual tracking filter per target.

In order to address this revisit constraint, a priority queue

was utilized as follows. When a target is scheduled for a

simultaneous measurement in a particular scan, its priority

level is reduced. That is unless it is already at the lowest

priority level, in which case its priority is left unchanged. That

is

P (priority ↓) =

{

1 scheduled & not lowest,

0 otherwise.
(2)

When a target is excluded from the list of simultaneous

measurements in a particular scan, its priority has a fixed prob-

ability of increasing. Again unless it is already at the highest

priority level, in which case nothing happens. Expressed as

P (priority ↑) =







2

Max Missed Scans

neither scheduled

nor highest,

0 otherwise.
(3)

In certain geometries, particular targets happen to be at a

good location relative to the other targets and end up being

scheduled more frequently than others. This makes limiting

the number of priority levels necessary, as it effectively limits

the history depth of the priority queue. Thus if the geometry

changes and previously favorable target moves into an unfa-

vorable position, it places a limit on the expected time for the

target to return to higher probabilities. How this priority queue

was used when constructing the sequence of simultaneous

measurements, is described per algorithm.

A. IA algorithm

Each radar supplies the algorithm with its ordered list of

targets Lr, where r is the radar number. The algorithm starts

by creating intervals for each of the targets per radar T r
n , where

n is the target number. Each interval denotes a tracking task

of the target by one of the radars. The entire IA network is

built by first adding all intervals for radar one and then radar

two. Subsequently, for every interval of the radar the temporal

constraint “before” is applied. This is done by utilizing the

order within the target list of the radar, or

T r
n{b}T

r
m | ∀ (r, n 6= m,Lr(tn) ≺ Lr(tm)). (4)

Once the initial network is built the algorithm schedules

simultaneous target visits by both radars. It does so by setting

the two intervals of the target equal in the IA network, or

T r
n{e}T

s
n | n ∈ N, ∀ r 6= s. (5)

Prior to adding any constraint the algorithm stores the state

of the IA network. If the IA network becomes inconsistent,

the network is restored from the saved state and the target

is discounted. Otherwise for consistent networks, the target

is added to the list of targets to visit. Another target is then

selected and processed as above.

Targets are selected by utilizing the previously mentioned

priority queue as follows. Starting from the highest priority

randomly select targets. Once all targets of this priority are

exhausted, proceed to the next lower priority. Repeat until

there are no more priorities to visit.

The resulting sequence of targets to visit represents a

longest common subsequence, which can be constructed while

enforcing the priority constraints.

B. Heuristic algorithm

A simple method to locate all common subsequences from

the two sequences L1 and L2 can be generated using recursion,

presented as Algorithm 4.

Iterate through the shortest of the two sequences L1 or

L2. At each point use the element of the shorter sequence

as the test element. Look for the test element in the longer

sequence. If found, recursively call the algorithm using the part

of the sequences after the test element. This returns all possible

common subsequence matches from that point onward. Prefix

the test element to each of these subsequences and add to the

list of found subsequences. On returning, return the complete

list of subsequences found.

Elements of the complete list of subsequences can further-

more be subsequences of each other, all such subsequences are

discarded. Ultimately the resulting list, is the set of maximum

length subsequences required that contain all elements (targets)

of the original sequences at least once.

Target selection is performed as per the IA algorithm. All

subsequences on the list which does not contain the chosen

1206



Algorithm 4 genSubSeq(A, B)

s1 = shorter(A, B)

s2 = longer(A, B)

for all x ∈ s1 do

if x ∈ s2 then

subseqA = sequence of s1 after x

subseqB = sequence of s2 after x

suffixes = genSubSeqs(subseqA, subseqB)

add to subsequences x + suffixes

end if

end for

return subsequences

target gets pruned. This process repeats, until it is found

that only a single subsequence remains on the list. This

remaining subsequence is then the sequence of simultaneous

measurements which is scheduled for this scan.

C. Further complications

Comparing the average number of simultaneous measure-

ments scheduled on targets using these two approaches give

similar performance. However, in practice there are complica-

tions.

The initial accuracy of a target track has significant uncer-

tainty in its azimuth angle. That is, if it is not measured by a

monopulse radar, then the azimuth angle accuracy can be equal

to the beam width of the radar. Therefore, there exists some

uncertainty about the sequence over which targets are scanned

when the difference between their azimuth angles is small.

As the track accuracy improves from the fusion information

obtained this uncertainty can normally be reduced.

Given that the radar beam width is not infinitesimally small,

at some point of angle separation, the exact sequence is

irrelevant. As both targets are sufficiently close to the center

of the radar beam to get the maximum antenna gain.

Thus even though after some time it might be possible to

strictly order the target sequence, in practice it might be both

unnecessary and undesirable, if this ambiguity can be utilized

to schedule more simultaneous measurements.

To cater for the azimuth angle uncertainty the scheduler

needs to handle a set of targets, that only has some ordering

between the targets. This requires some modifications to both

the IA and heuristic methods to utilize this.

D. Modified IA constraints

Generalizing the IA constraints to handle this azimuth

angle ambiguity is straight forward. Each radar supplies the

algorithm with its ordered list of azimuth sectors. Each sector

list consists of a sub-list of targets within that sector. Targets

which are in the same sector for a particular radar Sr
k (where r

is the radar number and k the sector number), are not assigned

any constraint relationship to each other. This can be expressed

as

T r
n{all}T r

m | ∀ (r, n 6= m, tn ∈ Sr
k, tm ∈ Sr

k). (6)

Targets only have sequential constraints when they are in

different sectors, i.e.

T r
n{b}T

r
m | ∀ (r, n 6= m, tn ∈ Sr

k, tm ∈ Sr
l , Sr

k ≺ Sr
l ). (7)

The same priority mechanism described earlier is then

applied to determine simultaneously measured targets. During

this process, IA determines the necessary relationship between

target in the same sector, this is to keep the other constraints

consistent. Doing so leverages the uncertainty of temporal

relationships allowed by IA.

E. Generalized heuristic method

The heuristic method on the other hand, cannot easily be

generalized to handle this ambiguity. One approach would be

to consider all possible permutations of the ambiguous targets

per radar. Each permuted sequence of radar one would need

to be passed with every permuted sequence of radar two into

Algorithm 4.

The resulting list would be a combined list of all sequences

returned per permuted pairing. Unfortunately the number of

combinations increase so quickly that this becomes an imprac-

tical approach. Furthermore, this process produces duplicates

and these would have to be trimmed.

The fall back method used was to always assume a partic-

ular strict sequencing. This sacrificed the scheduling freedom

produced by these ambiguities.

IV. RESULTS

The results presented here were obtained from simulations

run in Matlab. Both the IA and heuristic algorithm were

implemented as Matlab functions. The performance of each

algorithm was tested, first by increasing the number of targets

within the scan area and secondly increasing the beam width.

Testing the target increase was done by generating thirty

random target profiles. For the beam width simulations one

hundred random target profiles were generated to increase the

confidence levels on the separation between the two plots.

Increasing either of these parameters cause the target list

produced by each radar to not always have strict ordering. It

was therefore expected that increasing these parameters should

cause the IA approach to outperform the heuristic.

A. Effect of increasing number of targets

Figure 2 shows the results obtained from running the sim-

ulations for various number of targets in the area of interest.

The number of targets was varied to be 10, 20, 40 and 80.

For these simulation runs, the azimuth angle sectors (within

which the ambiguity occurs) was kept constant at 1◦.

As the number of targets increase there are more targets that

can be scheduled per scan but the complexity of the geometry

increases significantly. Effectively the number of targets that

can be scheduled (maximum common subsequence length)

grows very slowly.

When the number of targets is small the results indicate that

targets are very rarely closely separated in angle. Therefore,
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Figure 2. Performance as number of targets vary, showing a 0.95 confidence
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Figure 3. Performance as beam width varies, showing a 0.95 confidence
interval

they are rarely within the ambiguity region. As the number of

targets increase above twenty, the frequency targets are within

this ambiguous region increases and the IA algorithm starts

outperforming the heuristic method significantly.

B. Effect of increasing beam width

Figure 3 shows the results obtained by running the beam

width simulations as discussed above. The beam width was

increased in the steps 10−6◦, 0.5◦, 1◦, 2◦, 4◦ and 8◦.

The separation only becomes significant when the beam

width is greater than 1◦. As the beam width increases the

number of targets that can be within the same ambiguous

region also increases. However, as the number of targets

remains constant the effect is not as profound as it is for

increasing the number of targets. That is, for more targets in

the scene the likelihood of ambiguity increases quicker than

for wider beam widths.

V. CONCLUSIONS

It has been shown how IA can be utilized to schedule tasks

in the context of a fusion system consisting of two pencil

beam radars. The requirement was to schedule simultaneous

measurements by the two radars, while continuing to scan the

sector. Simultaneously measuring the target improves fusion

measurements and allows multistatic measurements to be

made.

For the problem of having strictly ordered sequences of

tasks and trying to scheduling tasks from the different se-

quences to occur simultaneously, only a small subset of the

operators in IA are needed. Using an alternative heuristic

based algorithm tailored to the problem was also feasible and

produced similar results. As further complications are added to

the constraints, the approach based on IA can relatively easily

be adapted to incorporate these constraints.

This was demonstrated by leveraging the power of IA to

work with multiple (but less strict) constraints, when faced

with the challenge of scheduling tasks with flexible scheduling

requirements. IA was able to utilize this uncertainty and gain a

performance improvement over a unmodified heuristic based

approach. Attempts to modify the heuristic based approach

to handle this extra complexity turned out to be difficult

and would become impractical as additional constraints gets

added. Future work will need to verify the IA approach

against existing resource management techniques. A suitable

candidate algorithm is the greedy randomized adaptive search

procedure (GRASP) [11].

Another example of additional complexity is that the imple-

mented scheduling, enforces both radars to complete a scan

simultaneously. After which they can proceed with the next

scan. This means that targets are visited in a forward direction

for both radars scans. On the reverse scan, both the radars scan

directions reverse. Thus they effectively utilize the same target

sequences, only this time in reverse order. However, if either

one of the radars is allowed to turn around earlier; a whole set

of new sequences would become available for scheduling. This

means that the two radars then scan in opposing directions.

Although doing this would increase the complexity, future

work will use IA to schedule the turn around task for each

radar as well. The alternative heuristic algorithm would require

a significant amount of rework as it would need to be rewritten

to accommodate the new constraints.

In many scheduling applications, the use of duration con-

straints would also be useful. This was alluded to in [8].

For the scenario investigated, an example of this would be

the background scan tasks having dwell time requirements on

certain sectors. However, it seems that duration algebra has

not been fully solved in the literature. Nevertheless, it might

not be possible to obey this constraint in a particular sector

for a particular scan.

For example if radar one needs to observe the dwell time

constraint, yet cannot as it needs to move quickly over the

sector to meet the simultaneous measurement constraints. On

the next scan, radar one might be moving slowly over that
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sector, while waiting for radar two to scan over a large angular

extent. Thereafter both radars would meet up again for a

simultaneous measurement. Scheduling the dwell constraint

for the second scan should have a much lower impact in

terms of average scan durations and target revisit times. For

this reason future work will also look at using the duration

constraints of IA in addition to the relational constraints used

here.

ACKNOWLEDGMENT

The authors would like to thank the South African govern-

ment for funding this research. Also thanks should go to our

reviewers who gave us valuable feedback.

REFERENCES

[1] J. Llinas, C. Bowman, G. Rogova, A. Steinberg, E. Waltz, and F. White,
“Revisiting the JDL data fusion model II,” in Proceedings of the Seventh

International Conference on Information Fusion, FUSION 2004, vol. 2,
2004, pp. 1218–1230. [Online]. Available: www.scopus.com

[2] S. Blackman and R. Popoli, Design and Analysis of Modern Tracking

Systems, ser. Artech House radar library. Artech House Publishers,
1999.

[3] Y. Bar-Shalom and X. Li, Multitarget Multisensor Tracking : Principles

and Techniques. YBS Publishing, 1995.

[4] L. A. Klein, Sensor and Data Fusion: a Tool for Information Assessment

and Decision Making. SPIE Press, 2004.

[5] D. L. Hall and S. A. H. McMullen, Mathematical Techniques in

Multisensor Data Fusion, 2nd ed. Artech House, 2004.

[6] J. Li and P. Stoica, MIMO radar signal processing. J. Wiley &
Sons, 2008. [Online]. Available: http://books.google.co.za/books?id=
g6uLLWb-TqYC

[7] S. Sherman, Monopulse principles and techniques, ser. Artech
House radar library. Artech House, 1984. [Online]. Available:
http://books.google.co.za/books?id=e N-AAAAMAAJ

[8] J. F. Allen, “Maintaining knowledge about temporal intervals,”
Communications of the ACM, vol. 26, no. 11, pp. 832–843, 1983.
[Online]. Available: www.scopus.com

[9] S. Miranda, C. Baker, K. Woodbridge, and H. Griffiths, “Knowledge-
based resource management for multifunction radar: a look at scheduling
and task prioritization,” Signal Processing Magazine, IEEE, vol. 23,
no. 1, pp. 66–76, 2006.

[10] Z. Ding, “A survey of radar resource management algorithms,” in
Electrical and Computer Engineering, 2008. CCECE 2008. Canadian

Conference on, 2008, pp. 001 559–001 564.

[11] P. Z. Thunemann, R. Mattikalli, S. Arroyo, and P. Frank, “Characterizing
the tradeoffs between different sensor allocation and management
algorithms,” in 2009 12th International Conference on Information

Fusion, FUSION 2009, 2009, pp. 1473–1480. [Online]. Available:
www.scopus.com

[12] P. R. Barbosa and E. K. P. Chong, “Adaptive sensing for target tracking
in covert operations,” in Proceedings of SPIE - The International

Society for Optical Engineering, vol. 7336, 2009. [Online]. Available:
www.scopus.com

[13] T. C. Bradley, “Dynamic resource allocation and management for
level 4 fusion,” in 2009 12th International Conference on Information

Fusion, FUSION 2009, 2009, pp. 1459–1466. [Online]. Available:
www.scopus.com

[14] A. Benaskeur, A. Khamis, and H. Irandoust, “Multisensor cooperation
in military surveillance systems,” in 3rd International Conference on

Signals, Circuits and Systems, SCS 2009, 2009. [Online]. Available:
www.scopus.com

[15] P. J. Shea, J. Kirk, and D. Welchons, “Adaptive sensor tasking using
genetic algorithms,” in Proceedings of SPIE - The International Society

for Optical Engineering, vol. 6567, 2007, cited By (since 1996): 2.
[Online]. Available: www.scopus.com

[16] D. Khosla and J. Guillochon, “Distributed sensor resource management
and planning,” in Proceedings of SPIE - The International Society

for Optical Engineering, vol. 6567, 2007. [Online]. Available:
www.scopus.com

[17] P. van Beek, “Reasoning about qualitative temporal information,”
Artificial Intelligence, vol. 58, no. 1-3, pp. 297–326, 1992. [Online].
Available: www.scopus.com

[18] P. Van Beek and D. W. Manchak, “The design and experimental
analysis of algorithms for temporal reasoning,” Journal of Artificial

Intelligence Research, vol. 4, pp. 1–18, 1996. [Online]. Available:
www.scopus.com

[19] S. Badaloni, M. Falda, and M. Giacomin, “Integrating quantitative and
qualitative fuzzy temporal constraints,” AI Communications, vol. 17,
no. 4, pp. 187–200, 2004. [Online]. Available: www.scopus.com

[20] S. Badaloni and M. Giacomin, “The algebra IA fuz: a framework for
qualitative fuzzy temporal reasoning,” Artificial Intelligence, vol. 170,
no. 10, pp. 872–908, 2006. [Online]. Available: www.scopus.com

[21] S. Schockaert and M. De Cock, “Temporal reasoning about fuzzy
intervals,” Artificial Intelligence, vol. 172, no. 8-9, pp. 1158–1193,
2008. [Online]. Available: www.scopus.com

[22] S. Schockaert, M. De Cock, and E. E. Kerre, “Fuzzifying Allen’s
temporal interval relations,” IEEE Transactions on Fuzzy Systems,
vol. 16, no. 2, pp. 517–533, 2008. [Online]. Available: www.scopus.com

[23] L. Deng, Y. Cai, C. Wang, and Y. Jiang, “Fuzzy temporal logic on
fuzzy temporal constraint networks,” in 6th International Conference

on Fuzzy Systems and Knowledge Discovery, FSKD 2009, vol. 6, 2009,
pp. 272–276. [Online]. Available: www.scopus.com

[24] K. Zhang and A. Trudel, “Efficient heuristics for solving probabilistic
interval algebra networks,” in Proceedings of the International

Workshop on Temporal Representation and Reasoning, vol. 2006, 2006,
pp. 111–118. [Online]. Available: www.scopus.com

[25] M. Mouhoub and J. Liu, “Managing uncertain temporal relations using
a probabilistic interval algebra,” in Conference Proceedings - IEEE

International Conference on Systems, Man and Cybernetics, 2008, pp.
3399–3404. [Online]. Available: www.scopus.com

[26] P. B. Ladkin and A. Reinefeld, “Effective solution of qualitative
interval constraint problems,” Artificial Intelligence, vol. 57, no. 1, pp.
105–124, 1992. [Online]. Available: www.scopus.com

1209


