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Abstract :

Among several other tasks, the radar of a fighter has to search, track and identify potential
targets. The waveforms used by the radar for each of these tasks are most often incompatible
and hence, cannot be processed simultaneously. Moreover, these tasks are repeated several times
in a cyclic fashion. Altogether, this defines a complex scheduling problem that impacts a lot on
the quality of the radar’s output. In this paper, we define a formal framework for this real time
scheduling problem and we introduce several techniques to compute efficient schedules for the

radar. Experimental results are provided.
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1 Introduction

A radar is a system using radiowaves to detect the presence of objects in a given domain. It
can also compute the range (distance) as well as the relative radial velocity of these objects.
Airborne radars consist of a transmitter, a single antenna and a receiver. The transmitter
generates radiowaves which are sent out in a narrow beam by the antenna in a specific direction.
Objects located in the beam intercept this signal and scatter the energy in all directions. A
portion of this energy is scattered back to the receiver of the radar listening to all potential
echoes. See (8) and (14) for a detailed description of airborne radars.

Nowadays, most of the airborne radars have a mechanically steered antenna. With such
antennas, the beam is perpendicular to the antenna which is pivoting so as to direct the beam.
While working, the radar uses a “track-while-scan” technique: Search tasks are executed by
sweeping across a search domain following a “wind-screen wiper” strategy. Dwells of other types
(in particular tracking tasks) are played in passing.

This paper is focused on recent radars with Electronically steered Antenna (ESA). An ESA is a
planar array antenna made of many individual radiating elements. Unlike a mechanically steered
antenna, an ESA lies in a fix position on the aircraft. The phase of the radiowaves is controlled
electronically so that the radar beam lights up the desired direction.

One of the key advantages of ESA is that the beam is extremely agile. As it is not subjected
to the mechanical inertia of the antenna, it can be moved instantaneously from one part of the
space to another, even outside the search domain (see Figure 1). Moreover, the radar can switch
instantaneously to an appropriate waveform.
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Figure 1: Advantages of ESA Radars

The following tasks have to be achieved by an airborne radar.

e Research. The radar is sweeping across a domain to detect the potential presence of
targets inside.

e Tracking. The radar is closely monitoring the behavior of targets (initially detected at
the Research stage).

e Data Link. The radar is used as a communication tool with other platforms.
e Calibration. The radar is performing cyclic calibration to ensure a high reliability level.

Research, Tracking, Data Link and Calibration require incompatible waveforms. So all corre-
sponding tasks have to be scheduled to ensure they do not overlap in time. Moreover, Research,
Tracking, Data Link and Calibration tasks have to be repeated in a more or less regular fashion.
Depending on the task, the periodicity constraint can be extremely important or not. For in-
stance, as it is absolutely forbidden to loose a tracked target, tracking dwells have to be repeated
with high regularity. Likewise, data link dwells are played at regular intervals, but there, the
regularity constraint is much higher. Finally, to ensure a surveillance of great quality, in any
circumstances, the radar has to play at least a minimum amount of research dwells.

The aim of the study is to model the radar and to make it “more efficient” while meeting all
constraints informally described above. We also want to take into account situations where the
radar is overloaded and where some tasks have to be rejected by the system.

Barbaresco (2) describes a strongly related framework: Tasks are scheduled on a frame du-
ration and are executed while the next schedule is computed. To schedule the tasks, Barbaresco
associate deadlines to tasks and use a heuristic called EDF (Earliest Deadline First). If one of the
most important tasks is completed after its deadline then some tasks are removed of the system
to reduce the load and the scheduling procedure is run again. The empirical study led in (2)
shows that simple scheduling heuristics often improve the behavior of the radar.

The scheduling of the radar tasks can also be seen as a timing problem in which the tasks are
scheduled to minimize an Earliness-Tardiness criterion (13).

Another scheduling problem for radars is the problem of interleaving tasks corresponding to
receiving and sending data (5; 12). We study a situation where we do not have interleaving and
both the sending and the receiving tasks are modeled as a unique task.

Our objective is to introduce a formal model of the problem to be able to evaluate the
quality of solutions (Section 2). We show in Section 3 that the problem is strongly NP-Hard



S1,1 S2,1 S1,2

S22 S1,3 Sa,3 S1,4
| | |
O21 [O12]
1 | 1
0 100 200 300 400 time
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Figure 3: Cost Functions

and that a special case can be solved in polynomial time by Linear Programming. Then, we
introduce a local search method and two fast real-time scheduling procedures (Section 4) that
are experimentally compared in Section 4.3. Finally, we compute lower bounds to evaluate the
quality of our heuristics (section 5).

2 Model

We define a “job” as a single radar function that must be repeated in a more or less strict manner.
A job is either the track of a given target or a data link or the “research”. As several dwells are
required to “execute” most jobs, a job consists in a set of non-preemptive “operations” which
must obey a kind of periodicity rule. As shown on figure 2, jobs are not necessarily executed
with strict periodicity. The temporal gap between the two first operations of job 1 is greater
than the gap between the operations 2 and 3. This schedule is feasible if performance constraints
are ensured. The radar is seen as a single machine on which jobs have to processed.

To model the problem, we associate cost functions §; to the distance between starting times of
consecutive operations of the same job i. They are V-Shaped, i.e., §;(x) = max(«a;(l; — ), Bi(z —
l;)) where l;,c; > 0 and 3; > 0 are respectively the ideal distance between two starting times
and the penalty weights associated to a smaller (resp. larger) inter-distance.

For each kind of job i, we have defined, in collaboration with radar engineers, cost functions
features that fit real life scenari. An example of what cost functions can be is described in Figure
3.

We are now ready to formally define the problem. Given n jobs 1, 2, ..., n. Each job i is
made of n(i) consecutive and identical operations O;i, ..., O;y,(;) with processing time p;. For



each job i, we have a penalty function J; associated to the distance between starting times of
consecutive operations. We are also given an integer H > > . n(i)p; that represents the horizon
of the schedule (i.e., all operations have to be processed between 0 and H).

A set of starting times .S;; defines a feasible schedule if and only if (1) operations start after
or at 0 and are not completed later than H and (2) operations do not overlap, i.e., for any pair
of operations O;j, Oy 1, Sij +pi < Sirjr or Syj + pyr < S;5. The cost associated to the schedule
is exactly the sum over all jobs i of Zzg_l 0; (Siut1 — Siu)-

Note that, in practice, the problem is solved continuously and the schedule followed in the
past interacts with the schedule under construction. Stated another way, many jobs have been
started a long time ago. This feature does not change the combinatorial structure of the problem

and to keep things simple, we omit all details about it.

3 Complexity and Related Results

We first prove that the problem is NP-Hard in the strong sense (6) we then show that the variant
of the problem, in which the order between all operations is known, can be solved in polynomial
time by linear programming. This latest property is at the root of the scheduling heuristic
proposed in 4.2

3.1 NP-Hardness

The problem obviously belongs to NP and we prove it is NP-Hard in the strong sense. We first
recall the well-known 3-Partition problem.

e Given a sequence A of positive integer values ay, ..., ass and a positive integer value T' such
that % <a; < % for all 1 <14 < 3s, and such that Z?; a; = sT.

e Can A be divided into s disjoint subsets Bj, ..., By such that: Vj, > a; =717

a; €EB;

Now consider an instance of 3-Partition and build an instance of the decision variant of our
scheduling problem with threshold equal to 0 as follows: H = sT'+ s+ 1 and create 3s “regular”
jobs 4 with one operation (n(i) = 1), processing time p; and Vt,d;(t) = 0. We also have one
“blocking” job 3s + 1 with p3s1+1 =1, n(i) = s+ 1 and 0341 (¢) = [t — (T + 1)/

Proposition 1. There is a solution for the 3-Partition instance if and only if there is a solution

for the scheduling instance.

Proof. Consider a solution of the scheduling instance. As the threshold is 0 the distance between
the starting times of consecutive operations of the blocking job is exactly 7'+ 1. Due to our choice
of the time horizon, the starting time of the uth blocking operation is exactly (u — 1) x (T'+1).
Let us define B, as the set of regular jobs scheduled between the u!" and the u + 1th operation
of the blocking job. It is easy to see that there is no idle time and thus, the sum of the processing
times of the jobs in B, is exactly T'.

Now assume we have a solution to the 3-Partition instance. Let then B, ..., B denote the disjoint
subsets such that: Vj,>", cp
of the blocking job starts at (u — 1) x (T'+ 1) and we schedule the jobs corresponding to B, in

a; = T. We build a feasible schedule as follows : The u*" operation

any order between the u'" and the (u + 1) operation of the blocking job. It is easy to check
that the schedule is feasible and that its cost is 0. O



3.2 A Polynomial Time Algorithm for a Fixed Sequence

Consider the variant of the problem in which the order of all operations is known. Now the
question is to compute starting times (meeting the order mentioned above) that minimize the
total cost. This problem can be solved in polynomial time because cost functions are V-shaped
(in general this problem is strongly NP-Hard). We show that the problem can be modeled
as a Linear Program. A Linear Program (LP) is a problem that can be expressed as follows
min{cz : Az = b,z > 0} where z is the vector of variables A is a matrix, and ¢, b are vectors.
Several methods, including the “Simplex” and the “Interior-Point” methods, allow to solve large
linear programs within a reasonable amount of CPU time. We refer to (9) and (11) for a complete
introduction to LP.

From now on, assume that for any job ¢ and any operation j, pred(i,j) is the couple of
indices (¢', j') that corresponds to the operation O ;: preceding immediately O;; in the sequence.
Assume that pred(i, j) = (0,0) if O;; is the first operation in the sequence.

We introduce a simple Linear Program (LP) in which S;; denotes the starting time of O;;.
W;; is the cost associated to the distance between O;; and O;;_1.

n n(i)
mmZZWM
i=1 j=1
Sirjr + py < Sij 1<i<n1<j<n(i)
(¢',5") = pred(i, j) # (0,0)
(LP) Wi > a;(l; — Sij + Sij—1) 1<i<n,2<j<n)
Wij > Bi(Sij — Sij—1 — 1i) 1<i<n,2<j<n(i)
0< S <H—p; 1<i<n,1<5<n(i)

Proposition 2. The above Linear Program (LP) computes an optimal set of starting times.

Proof. Note that because of the constraints Sy ;s + py < S;;, any solution of the LP defines a
feasible schedule that meets the order of the initial sequence. Moreover, the cost of a schedule is

exactly

n n(i)

225 iy w 1)

=1 j5=2

n n(i)

= ZZID&X a;(li = Sij + Sij—1), Bi(Sij — Sij—1 — 1s))
=1 j—2

n n(i)

2.2 Wy

i=1 j=2

IN

Note that if the inequality is strict then there is at least one variable W;; such that W;; >
a;(li — Sij + Sij—1) and Wy > 5;(Si; — Sij—1 — ;). So we can reduce W;; of some small value
and decrease the objective function. This contradicts the optimality of the solution. O

4 Heuristics

The schedule of the radar has to be built within some fractions of a second. We then have to
derive fast real time heuristics to solve the problem. In the following we describe two simple
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Figure 4: Definition of Release Dates and Deadlines for EDD1
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Figure 5: Definition of Release Dates and Deadlines for EDD2

heuristics based on estimated deadlines. We then describe a local search method. It is a bit more
costly in terms of CPU time but it builds good schedules which serve as references for our fast

real time heuristics.

4.1 Basic Heuristics

Our heuristics build schedules iteratively from left to right. Let ¢ denote the completion time of
the last scheduled operation. Some operations have already been scheduled (before ¢) while some
other operations are waiting to be scheduled. As before, S;; denotes the starting time of O;;.

To determine which operation is to be scheduled next the EDD1 heuristic computes, for each
unscheduled operation O;;, an estimated deadline that equals S;;_1 +{; if 7 > 1 and [; otherwise.
The next operation is the one with minimal estimated deadline.

The second heuristic EDD2 is slightly more complex. We compute a time window for each
unscheduled operation O;;. This window is computed according to a fixed threshold value A > 0
and to the following rules.

e If O;; is the first operation of its job, i.e., j = 0, the release date (respectively deadline) of
O;; is defined as the smallest (resp. largest) time point x such that d;(z) < A.

o If O;; is not the first operation of its job, the release date (respectively deadline) of O;; is
defined as the smallest (resp. largest) time point x such that 0;(x — S;;—1) < A.

EDD2 schedules at time ¢ the operation with minimal deadline among operations that have a
release date greater than or equal to ¢.

4.2 Local Search Method

Local search is a well-known methodology used for obtaining good solutions of NP-hard combi-
natorial optimization problems. A local search algorithm starts with a feasible solution x and
tries to find a better solution y in the neighborhood of x. If such a solution y is found then the
current solution becomes y and the algorithm iterates. otherwise, the algorithm ends with the
locally optimal solution z. We refer to (1) for an overview of local search and to (3; 4) for a
detailed study of local search methods applied to scheduling problems. A key feature of efficient
Local Search techniques lies in the definition of the neighborhood.



Recall that for our problem when the sequence of all operations is known, the problem can
be solved in polynomial time by linear programming (Section 3). Hence, a solution can be
defined by the sequence of operations. Our local search is based on this encoding of solutions
that allows us to rely on well-known neighborhood structures. Moreover, this encoding is much
more compact than the one based on finding directly the exact starting times. We start with
some random sequence that we improve step by step until iteratively try to improve (see Figure
6). Neighbors are obtained by either swapping two randomly chosen operations (SWR) or by
swapping consecutive operations (SWC), or by inserting a randomly chosen operation at some
other place in the sequence (IR). The “moves” SWR, and IR can lead to sequence of operations
that do not meet the natural order of operations within one job. For instance O;; can be switched
(or inserted) after O;;41 (or before O;;_1) As all jobs’ operations have the same processing times
and the same cost functions, the sequence is “repaired” by renumbering operations. We have
also designed two other variants of the moves SWRL and IRL (where “L” stands for Limited) in
which sequences that do not meet the natural order of operations are not considered.

A move is performed if the schedule corresponding to the new sequence improves the best
known total cost. This step requires the computation of a linear program and, as shown by initial
experiments, this turns to be very costly in terms of CPU time. To improve the behavior of the
algorithm, we have designed a set of dominance rules that allow us to discard some of the moves
that do not improve the solution.

Let us denote O;; and Oy; the two operations chosen for a move and assume that O;; is
before Oy, in the sequence. Our dominance rules consist in evaluating, by using the current and
the new sequence, the best possible cost variation on the modified part of the sequence, that is
between the end of pred{i,j} and the begining of the operation following Oy; in the sequence. If
the new sequence may improve the cost, we compute the schedule.
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Figure 6: An Overview of Local Search



4.3 Experiments

Together with Thales engineering department, we have generated 27 random instances that
represent real life situations. The total number of operations varies from 44 to 96, the load of the
radar varies from 45% to 100 % and the slopes of the cost functions o and 3 have been chosen
to model different kind of situations. All experiments have made run on DELL Latitude D600
laptop running Linux. We have used GNU Linear Programming Kit (7) as a LP solver.

We first report computational results of the 5 local search methods SWR, SWC, IR, SWRL,
IRL over the 27 instances. For each instance, we denote by ubX the value of the objective function
after ¢ seconds of CPU time for the local search X (either SWR, SWC, IR, SWRL or IRL). We
define xub,, as the best solution found over all methods. To report on the average behavior of the
algorithms, we normalize all objective values. Figure 7 reports the average normalized objective

function
uth — ubso

ubf — ubX
of the 5 methods over time.
This clearly shows that SWRL, IRL and SWR outperform all other methods. Moreover, the
the local search algorithms converge fast.

SWC
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IR 7
IRL
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L
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Figure 7: Average Normalized Objective Values

Recall that EDD2 can be run for several values of \. We look for the best possible A value
by a partial enumeration of this parameter. Compared to the local search algorithms, the EDD
heuristics do not behave well at all. On the average, the ratio between EDD1 and the best
solution obtained by the 5 local search methods, is more than 17 while compared to EDD2 it
is greater than 13. Compared with the worse solution obtained by the 5 local search methods,
EDD1 and EDD2 are within a factor of 3.

5 Lower Bounds

We compute lower bounds to evaluate the quality of our heuristics. They are obtained by relaxing

integer linear programs.



5.1 Two Linear Programming Methods

We can compute the total minimum cost of the whole problem (sequencing and scheduling) by

Mixed Integer Linear Programming. Two methods are proposed below.

A) Method LB Disjunctive : We define X(; jiy;;) a binary variable which represents prece-
dences between tasks : X(;;);;) equals 1 if Oy precedes O;j, 0 otherwise. The first two
constraints are due to the cost functions (see 3.2). In the third one, we use a “big” artificial
constant M to say that tasks cannot overlap in time. Next come the triangular inequalities

which fix the sequence of the operations.

n n(i)
minZZWZj

i=1 j=2
Wi; Zai(li—Sij+S¢j_1) 1<i<n,2<j<n(i)
Wi = Bi(Sij — Sij—1 — i) l<i<mn2<j<n(i)
Si’j’ + pir * X(i/j’)(ij) — M(]. — X(i/j’)(ij)) < Sij 1<e<n,1<5< n(l)
Xy 2 Xargnwsn + Xaines =1 1<i<n2<j<n(i)
0<S5;; <H-p; 1<i<n,1<j<n()
0 < Wi 1<i<n,2<j<n(i)

B) Method LB Time Indezed : We define X;;; a binary variable which equals 1 if O;; is played
at time t, 0 otherwise. The first two constraints have been explained previously, The
following one links starting times to X;;; variables. The three next ones ensure respectively
that each operation is scheduled at some time point, that precedence constraints between
operations are met and finally that over all operations, only one can start at a time.

n n(i)
minZZWZj
i=1j=2
Wij > ai(l; — Sij + Sij_1) 1<i<n,2<j<n(i)
Wij > Bi(Sij — Sij—1 — i) l<i<n2<j<n(i)
Sij = S0t X 1<i<n,1<j<n(4)
S X =1 1<i<n,1<j<n(i)
Sij +pi < Sij 1<i<n,1<j<n)
S S Yy Xy €1 1<i<n1<j<n(i)0<t<H
0< Wi 1<i<n,2<j<n(i)

Both programs give the optimal solution but run with prohibitive computation time (several
days/weeks). Still, these programs allow us to compute lower bounds when relaxing the integrity

of the binary variables X ;1)) or Xjz.

5.2 Experiments

Out of our 27 instances, method LB Time Indexed gave better results than Method LB Disjunctive
23 times and was equal to method LB Disjunctive 4 times. The table figure 8 presents for
each instance the number of jobs, the total number of operations in the sequence, the load
(>, n(i)pi)/H, and then the results obtained with our lower and upper bounds after 1.5 seconds

of simulation.



Instances | n | > n(i) | Load LB LB Upper
% | Disjunctive | Time Indexed | Bound

1 9 57 67 24750.00 26370.00 27000.00
2 43350.00 45600.00 46500.00
3 2475.00 2637.00 2700.00
4 14 44 44 0.00 0.00 0.00
5 0.00 0.00 240.00
6 0.00 0.00 78.00
7 62 70 2910.00 3580.00 3840.00
8 5590.00 6400.00 6880.00
9 29.10 35.80 51.30
10 83 99.5 27590.00 32480.00 33500.00
11 47410.00 53680.00 55000.00
12 275.90 324.80 335.00
13 15 91 85 6490.00 7168.78 11670.00
14 5469.40 6169.20 14466.95
15 5469.40 6169.20 81964.10
16 64.90 71.69 4598.30
17 64.90 71.69 55162.55
18 93 90 6490.00 7168.78 12240.00
19 5469.40 6169.20 15100.70
20 5469.40 6169.20 82883.50
21 64.90 71.69 5031.90
22 64.90 71.69 67370.50
23 96 100 6490.00 7229.67 14720.00
24 5469.40 6169.81 19360.65
25 6169.81 6169.81 231675.45
26 5469.40 6169.81 9975.25
27 64.90 72.30 170312.6

6 Conclusion

We have introduced an efficient local search method, based on a compact and efficient neighbor-
hood, to schedule an airborne radar and we have developped lower bounds to test the efficiency
of the schedules. Our local search method outperforms all other heuristics. Although it is ex-
tremely fast, it still requires too much time to be used in practice. We are currently trying to
improve the method by reducing the search space. We also wish to develop simple heuristics that

Figure 8: Cost Values for LB and UB

compute competitive schedules.
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