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Abstract—We consider a Course of Action (COA) problem
domain with the support of information fusion technologies. We
assume that level 1 and 2 fusion technologies have provided a
set of suspicious/abnormal situations currently occurring and
associated ‘objects of interest’ participating in these situations,
along with likelihoods of participation. We further assume
that there are limited resources available to gather additional
information on these objects of interest. COA analysis and
Resource Management (RM) prescribe placement of resources to
accomplish desired information gathering tasks. Thus the goal
of COA/RM is ‘‘putting the right resource in the right place
and time to perform the appropriate information gathering task
on the appropriate objects of interest.’’ Our research focuses on
formulating the COA/RM problem from a stochastic optimization
framework, resulting in an NP-hard problem. An efficient heuris-
tic is developed and demonstrated on an illustrative scenario from
Maritime Domain Awareness.
Keywords: Resource Management, Course Of Action,
Stochastic Optimization, GRASP.

I. INTRODUCTION

The Joint Directors of Laboratories (JDL) defines Informa-
tion fusion (IF) as an information process dealing with the as-
sociation, correlation, and combination of data and information
from single and multiple sensors or sources to achieve refined
estimates of parameters, characteristics, events, and behaviors
for observed entities in an observed field of view [1]. This
essentially means that information fusion techniques combine
data from multiple sources to achieve improved accuracies
and more specific inferences [2]. While the lower levels of
IF (specifically levels 0 and 1) have been in algorithmic use
for quite awhile, the higher levels are only recently becoming
automated or semi-automated [3].

From an Observe, Orient, Decide, and Act (OODA) loop
perspective, IF capabilities increase our situational awareness,
i.e., IF components cover the Observe and Orient areas of the
OODA loop. Once accurate situational awareness is achieved,
the next steps are to formulate a response and execute this
response. This is captured in the Decide and Act areas of the
OODA loop. The Decide and Act phase will in turn increase
even more our situational awareness. The Decide aspect is
where Course of Action (COA) Analysis and Resource Man-
agement (RM) are evident. COA analysis and RM prescribe
placement of resources to accomplish desired information
gathering tasks. Thus the goal of COA and RM is putting the
right resource in the right place at the right time to perform

the appropriate information gathering task on the appropriate
objects of interest.

In this work, we formulate the COA and RM problem from
a stochastic optimization framework. Our attempt is to respond
to perceived situations of interest (coming from level 2/3 IF
processing) in an efficient manner. The rest of the paper is
organized as follows. In Section II, we formally introduce and
define the course of action and resource management problem.
In Section III, we describe a heuristic approach to finding good
quality solutions. An illustrative example from the Maritime
Domain is presented in Section IV, and Section V provides
some concluding remarks and future research directions.

II. MATHEMATICAL FORMULATION

In this section, we present a rigorously defined mathematical
formulation of the COA/RM problem. After providing an ex-
planation of the problem, we present parameter and variables
definitions, mathematical constraints that must be satisfied by
any solution of the problem, and our objective function which
we are trying to minimize.

A. Problem Statement

The generalized problem domain is characterized by an
input of ranked suspicious situations and a limited set of
resources that need to be managed to optimize responses to
these situations. We assume that prior resource surveillance
activities, through level 1 fusion, have provided a list of objects
in an area of regard. Level 2 fusion has also provided the
likelihood (credibility/confidence) of the existence of each
situation, and the probability that an object is involved in a
specific situation.

To obtain more information on objects of interest, appro-
priate and available resource can be assigned to perform
appropriate actions. Multiple actions could be performed on an
object, each action consuming resource capacity and resulting
in a possible ‘‘benefit’’ or outcome. The problem is compli-
cated by the fact that some of the actions are related, i.e., if
one action is performed then further application of another
action is unnecessary. On the other hand, performing some
less expensive surveillance actions could improve situational
understanding; and depending on the situational understanding
the potential threat could be revised downwards (for do-
nothing) or upwards (for subsequent actions).
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Course of action is defined by selecting a sequence of
operations to be performed and assigning them to the available
resources in order to respond to potential threat situations that
are evolving real-time, in an efficient manner.

B. Definitions and Notation

a) Parameters:

The available resources are indexed by i ∈ {1, . . . , I};
The actions each resource can perform are indexed by
j ∈ {0, . . . ,J};
The situations of interest are indexed by k ∈ {1, . . . ,K};
The objects of interest in the area of regard are indexed
by � ∈ {1, . . . ,L};

Resources and objects of interest are related by the actions
performed, i.e., a resource can perform an action on an object
of interest. N.B.: Action j = 0 refers to a resource performing
an action, but not on an object of interest (e.g., refuel/resupply
action). Let > denote the relation is of higher priority than.
The following parameters are defined over all appropriate
indices.

Φk1k2 =

{
1 if situation k1 > situation k2

0 o.w. ;

Θ j1 j2k =

{
1 if action j1 > action j2 for situation k

0 o.w. ;
ρ�k represents the likelihood of involvement for object of
interest � in situation k;

αi j =

{
1 if resource i can perform action j

0 o.w. ;

β j� =




1 if action j can be performed on object of

interest �

0 o.w. ;
t̄i j is the expected time needed for resource i to perform
action j (N.B.: This does not include the ‘set-up time’,
i.e., the time needed by the resource to get into position
to perform the assigned action);
Ai is the set of obstacles that resource i must avoid;
Tc is the current time;
T̂ is the planning horizon;
X̄i is the location of resupply areas for resource i;
T̄i is the maximum time resource i can be away from one
of the resupply areas in X̄i;
X̂� is the most recent positional update of the �-th object
of interest;
V̂� is the most recent velocity update of the �-th object of
interest;
t̂� is the time of the most recent positional update of the
�-th object of interest;
X̂ e

� (τ) is the expected position of the �-th object of
interest, at time τ;
Ymin

j is the minimum allowable time difference between
Tc and the time of most recent positional update of an
object of interest, in order to perform action j on that
object of interest;

Y max
j is the maximum allowable time difference between

T c and the time of most recent positional update of an
object of interest, in order to perform action j on that
object of interest;

b) Decision Variables:

Xi(τ) is the position of resource i at time τ;
Vi(τ) is the velocity of resource i at time τ;

λi� =

{
1 if resource i is assigned to object of interest �

0 o.w. ;
Ii is the number of objects of interest assigned to resource
i;

δ̂im� =




1 if the m-th action of resource i is performed

on object of interest �

0 o.w. ;

µj� =

{
1 if action j is performed on object of interest �

0 o.w. ;

µ̂� =

{
1 if no action is performed on object of interest �

0 o.w. ;

ε̂im j =

{
1 if the m-th action of resource i is action j

0 o.w. ;
Ŝ� is the expected start time of an action performed on
object of interest �;
Ê� is the expected finish time of an action performed on
object of interest �;
Sim is the expected start time of the m-th action performed
by resource i;
Eim is the expected finish time of the m-th action per-
formed by resource i;
t̂im� is the expected ‘set-up time’ of the m-th action of
resource i, performed on object of interest �;
t̂im0 is the expected ‘set-up time’ of the m-th action of
resource i, where the action is to visit one of the resupply
areas in X̄i;

c) Constraints:

Ŝ� =
I

∑
i=1

Ii

∑
m=1

δ̂im�Sim + µ̂�T̂ ∀ � ∈ {1, . . . ,L} (1)

Ê� =
I

∑
i=1

Ii

∑
m=1

δ̂im�Eim + µ̂�T̂ ∀ � ∈ {1, . . . ,L} (2)

J

∑
j=1

µj� + µ̂� = 1 ∀ � ∈ {1, . . . ,L} (3)

Ii =
L

∑
�=1

λi� ∀ i ∈ {1, . . . , I} (4)

µj� =
I

∑
i=1

Ii

∑
m=1

δ̂im�ε̂im j ∀ � ∈ {1, . . . ,L}, j ∈ {1, . . . ,J} (5)

Eim = Sim +
J

∑
j=0

t̄i j ε̂im j ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I} (6)

(
Tc− t̂�

)
µj� ≤ Ymax

j ∀ � ∈ {1, . . . ,L}, j ∈ {1, . . . ,J} (7)

639



Y min
j µ j� ≤

(
Tc− t̂�

) ∀ � ∈ {1, . . . ,L}, j ∈ {1, . . . ,J} (8)

ε̂im j ≤ αi j ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I}, j ∈ {1, . . . ,J} (9)
J

∑
j=0

ε̂im j = 1 ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I} (10)

µj� ≤ β j� ∀ j ∈ {1, . . . ,J}, � ∈ {1, . . . ,L} (11)

ε̂im0 +
L

∑
�=1

δ̂im� = 1 ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I} (12)

Sim2 −Sim1 ≤ Ti
(
1+

m2

∑
m=m1

ε̂im0
)

∀ m1,m2 ∈ {1, . . . , Ii},m1 < m2, i ∈ {1, . . . , I} (13)

Ei0 = T c ∀ i ∈ {1, . . . , I} (14)

Sim = Ei,m−1 +
L

∑
�=1

t̂im�δ̂im� + t̂im0ε̂im0

∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I} (15)

∀m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I}, � ∈ {1, . . . ,L}
t̂im� = minτ (16)

s.t.

‖Xi(T c + τ)− X̂ e
� (T

c + τ)‖= 0 (17)

Xi(τ) �∈ Ai ∀ τ (18)

τ≥ 0 (19)

t̂im0 = min
1≤h≤H

[
τh

]
(20)

∀m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I}, � ∈ {1, . . . ,L},h ∈ {1, . . . ,H}
τh = minτ (21)

s.t.

‖Xi(T c + τ)− X̄ih‖= 0 (22)

Xi(τ) �∈ Ai ∀ τ (23)

τ≥ 0 (24)

λi� ∈ {0,1} ∀ i ∈ {1, . . . , I}, � ∈ {1, . . . ,L} (25)

Ii ∈ Z
+∪{0} ∀ i ∈ {1, . . . , I} (26)

δ̂im� ∈ {0,1} ∀ m ∈ {1, . . . , Ii},∀ i ∈ {1, . . . , I}, � ∈ {1, . . . ,L}
(27)

µj� ∈ {0,1} ∀ j ∈ {1, . . . ,J}, � ∈ {1, . . . ,L} (28)

µ̂� ∈ {0,1} ∀ � ∈ {1, . . . ,L} (29)

ε̂im j ∈ {0,1} ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I}, j ∈ {1, . . . ,J}
(30)

S� ≥ 0 ∀ � ∈ {1, . . . ,L} (31)

E� ≥ 0 ∀ � ∈ {1, . . . ,L} (32)

Sim ≥ 0 ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I} (33)

Eim ≥ 0 ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I} (34)

t̂im� ≥ 0 ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I}, � ∈ {1, . . . ,L} (35)

t̂im0 ≥ 0 ∀ m ∈ {1, . . . , Ii}, i ∈ {1, . . . , I} (36)

d) Interpretation of constraints:

Constraint (1): Relates the expected starting time of the

action performed on the �-th object of interest with the
expected starting time of the m-th action performed by
resource i. N.B.: The expected starting time is set to T̂ if
no action is to be performed on the �-th object of interest.
Constraint (2): Relates the expected ending time of the
action performed on the �-th object of interest with the
expected ending time of the m-th action performed by
resource i. N.B.: The expected ending time is set to T̂ if
no action is to be performed on the �-th object of interest.
Constraint (3): Either object of interest � has an action
performed on it in the current time horizon, T̂ , or it does
not.
Constraint (4): Computes the number of objects of interest
assigned to resource i.
Constraint (5): Determines whether action j is performed
on object of interest �.
Constraint (6): Computes the expected ending time of the
m-th action performed by resource i.
Constraints (7) and (8): Allows action j to be performed
on object of interest � only if the time of most recent
kimenatic update on object of interest �, t̂�, is within a
certain time window with respect to the current time, T c.
Constraint (9): Allows the m-th action of resource i to be
action j only if resource i can in fact perform action j.
Constraint (10): The m-th action of resource i is assigned
exactly one action type to perform.
Constraint (11): Limits the actions that are allowed to be
performed on the �-th object of interest (possibly input
real-time by a COA analyst).
Constraint (12): Allows the assignment of an object of
interest for the m-th action performed by resource i only
when the m-th action for resource i is not visiting a
resupply position in X̄i.
Constraint (13): Enforces resupply action for resource i,
between any two actions performed by resource i that
have a difference of expected start times larger than Ti.
Constraint (14): Sets the expected end time of the 0-th
action performed by resource i to be the current time, T c

(this is needed for Constraint (15)).
Constraint (15): Relates the expected start time of the m-
th action performed by resource i to the expected end
time of the (m−1)-st action performed by resource i and
the expected ‘set-up time’ for resource i to be in position
to perform the m-th action.
Constraints (16) – (19): Computes the least time route for
the m-th action of resource i to be performed on object
of interest �.
Constraint (20): Computes the minimal time for resource
i to reach a resupply location.
Constraints (21) – (24): Computes the least time route for
the m-th action of resource i to be a resupply action, at
the h-th resupply location.
Constraints (25) – (36): Specifies the domain of the
decision variables.
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e) Objective Function: The objective function, F , min-
imizes the sum of the expected start times of the actions
performed on the objects of interest, each start time weighted
by a function that incorporates the situation (i.e., mission)
priorities, Φ, the action priorities for each situation, Θ, as well
as the likelihood that each object of interest is participating
in each situation, ρ�k (for object of interest � and situation

k), where η jk =
( 1

2

)JA′k+Bjk , A′k = K − 1−∑K
k1=1
k1 �=k

Φk1k, and

Bjk = J−1−∑J
j1=1
j1 �= j

Θ j1 jk.

F = min
L

∑
�=1

[ J

∑
j=1

([ K

∏
k=1

ηρ�k
jk

]
µj�

)
+Kµ̂�

]
Ŝ� (37)

III. HEURISTIC ALGORITHM

Because the well-known Vehicle Routing Problem (VRP)
[4]–[6] can be polynomially transformed into the problem
defined above with objective function (37) and constraints
(1) - (36) (proof omitted for sake of brevity), the above
optimization formulation is NP-Hard [7], [8]. In fact, it is
more complex than the standard VRP - this is due to the
uncertainty in the current location of the objects of interest, the
probabilistic nature of the situations that the objects of interest
are participating in, and the fact that the objects of interest are
potentially moving with an unknown velocity. Hence, there is a
need to look for heuristic solution approaches. In our research,
we have made use of the Greedy Randomized Adaptive Search
Procedure (GRASP), a heuristic that has been applied to many
combinatorial optimization problems over the past ten years
[9]–[13]. While no one heuristic will perform well on all
optimization problems, the GRASP approach has been shown
to work very well on non-linear problems when there are
multiple local optima different from the global optimum [13],
[14]. A typical GRASP algorithm is a multi-start algorithm,
with each iteration consisting of a construction and local
search phase. The construction phase quickly builds up a good
quality solution, incorporating greediness and randomization
in the built-up solution. Since the construction phase does not
necessarily build a solution that is even locally optimal, a local
search phase is incorporated to explore a neighborhood of the
solution built in the construction phase. Figure 1 provides
pseudocode of the GRASP approach. A solution for this
problem entails a schedule for each resource, where a resource
schedule consists of an ordered list of objects of interest
that the resource will visit, the actions that the resource will
perform on each object of interest visited, as well as the route
the resource will take to visit, and perform the action, on the
objects of interest on this resources list. Figure 2 displays high-
level pseudocode for the construction phase of the GRASP
approach.

The local search phase of our GRASP approach incorpo-
rates five different neighborhood structures. The neighborhood
structures are: i) interchanging two objects of interest, on two
distinct resource schedules, ii) interchanging the order of two
objects of interest, on one resource schedule, iii) removing an

procedure GRASP(Problem Instance)
1 InputInstance();
2 while stopping criteria not met do
3 ConstructGreedyRandomizedSolution(Solution);
4 LocalSearch(Solution);
5 if Solution is better than BestSolution then
6 UpdateBestSolution(Solution,BestSolution);
7 end if
8 end while
9 return(BestSolution);
end GRASP;

Figure 1. High-level pseudo-code for GRASP.

procedure ConstructGreedyRandomizedSolution(Problem Instance)
1 Solution ← /0;
2 while Solution construction not done do
3 MakeRCL(RCL);
4 S ← SelectRandomElement(RCL);
5 Solution ← Solution ∪ {S};
6 AdaptGreedyFunction(S);
7 end while
8 return(Solution);
end ConstructGreedyRandomizedSolution ;

Figure 2. High-level pseudo-code for Construction procedure.

object of interest from a resources schedule and inserting it at
a different place on the same resource schedule, iv) removing
an object of interest from a resources schedule (so that the
object of interest is not assigned to any resource), and v)
assigning a resource to an object of interest that is currently not
assigned to any resource. Each iteration inside the local search
phase randomly chooses one of the neighborhood structures,
randomly determines a neighbor of the current best solution,
and determines if the neighbor produces a better solution
than the current best solution. If this is the case, then the
current best solution is set to the neighbor solution, and the
local search phase is continued. Figure 3 presents high-level
pseudocode for the local search phase. While the GRASP
algorithm is presented at a high-level, the interested reader
can consult [11], [13].

IV. ILLUSTRATIVE EXAMPLE

This section will provide an example, from the maritime do-
main, illustrating our approach. Maritime Domain Awareness
is a global problem that has received significant attention of

procedure LocalSearch(Solution, Neighborhood))
1 Solution∗ ← Solution;
2 while Solution∗ not locally optimal do
3 Solution ← SelectRandomElement(Neighborhood(Solution∗ ));
4 if Solution better than Solution∗ then
5 Solution∗ ← Solution;
6 end if
7 end while
8 return(Solution∗ );
end LocalSearch;

Figure 3. High-level pseudo-code Local Search procedure.
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Table I
EXAMPLE MERCHANT SHIP DATA.

ID Long. Lat. Speed Time Situations Likelihood

Ship 1 108.86 2.87 12.55 138.33 S2 0.83

Ship 2 17.19 34.38 18.64 136.80 S1 0.98

Ship 3 320.86 34.38 7.97 90.84 S6 0.87

Ship 4 137.51 28.65 11.88 104.70 S4 0.90

Ship 5 280.75 8.02 7.97 139.30 S1 0.99

Ship 6 297.94 11.46 11.88 98.40 S3 0.98

S4 0.86

S6 0.87

Ship 7 263.56 11.46 7.97 80.30 S5 0.80

Ship 8 320.86 −22.92 11.88 111.30 S2 0.96

S3 0.76

S4 0.92

Ship 9 297.94 −45.84 11.88 125.70 S1 0.94

S3 0.87

Ship 10 60.16 24.06 14.37 134.40 S4 0.92

S5 0.91

Ship 11 17.19 −34.38 8.61 124.70 S6 1.00

Ship 12 349.50 35.52 13.78 127.90 S3 0.99

S5 1.00

late [15]–[18]. To begin, we define a set of ordered situations
of interest, say S1, . . . ,S6, with S1 > S2 > .. . > S6. Table I
displays certain characteristics on a set of twelve merchant
vessels that have positive likelihood of participating in the
defined situations of interest. The first column lists the ID
of the merchant ship. The last reported position is listed in
columns two and three (in degrees). Column four presents the
last reported speed (in knots). The time of the last reported
position is listed in column five (in hours), with the current
time being 140 hours. Columns six and seven list the likely
situations of interest these merchant ships are participating in,
along with their likelihood of participation (N.B.: It is possible
for a merchant to probabilistically be involved in multiple
situations of interest). Figure 4 presents their positions on
the world map, along with land masses (i.e., obstacles),
represented as unions of convex polygons.

We assume that there are two types of resources available
to respond to these situations, Unmanned Aerial Vehicles
(UAVs) and blue-force ships. UAVs can move on the order of
300 knots, while blue-force ships (e.g., Cutters) on the order
of 25 knots. We also assume that the UAVs fly at a fixed
altitude of 60,000 feet. Three types of actions are possible for
our resources in this example: determine the location of the
merchant ship (search), monitor the behavior of the merchant
ship, and interdict the merchant ship. Table II displays the
actions that each resource can perform. Table III presents the
current locations of the resources, and Figure 5 displays them
on the world map.

Table IV presents the output of our GRASP algorithm
for the assignment of resources to ships and the tasks that

0 1 2 3 4 5 6

−1.5

−1

−0.5

0

0.5

1

1.5

Ship 2

Ship 3

Ship 4

Ship 5

Ship 6Ship 7

Ship 1
Ship 8

Ship 12

Ship 11

Ship 10

Ship 9

Figure 4. Merchant ‘ship of interest’ last known positions.

Table II
ACTIONS THAT THE RESOURCES CAN PERFORM.

Resource Search Monitor Interdict

UAV x x

Cutter x x

the resources will perform on their assigned ships. Figure 6
displays a close-up view of the computed path for UAV 4 in
order to accomplish its computed schedule of first searching
for Ship 3 and then searching for Ship 6. As can be seen,
the planned path for UAV 4 takes into account the expanding
uncertainty region (as a function of the time of last kinematic
update) for both Ships, 3 and 6. Figure 7 displays the planned
paths that all the resources will take in order to accomplish
their computed schedules. Again, the planned path for each
UAV and Cutter takes into account the last known positions,
speeds, and headings of the ships of interest on their schedule,
while avoiding known obstacles (e.g., land masses for Cutters,
no-fly zones for UAVs, etc.).

Table III
EXAMPLE RESOURCE POSITIONS.

ID Long. Lat.

UAV 1 16.00 36.00

UAV 2 17.00 19.81

UAV 3 241.79 33.81

UAV 4 279.03 29.45

Cutter 1 97.40 −2.87

Cutter 2 57.30 11.46

Cutter 3 279.04 29.45

Cutter 4 269.43 −29.45

Cutter 5 284.77 29.57

Cutter 6 300.23 40.74
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0 1 2 3 4 5 6

−1.5

−1

−0.5

0

0.5

1

1.5

UAV 2

UAV 1

UAV 3

UAV 4

Cutter 1

Cutter 2

Cutter 3

Cutter 4

Cutter 5

Cutter 6

Figure 5. Resource positions (UAVs are represented as blue diamonds,
Cutters are represented as gold squares).

Table IV
OUTPUT RESOURCE SCHEDULES.

Resource Action On

UAV 1 Monitor Behavior Ship 8

UAV 2 Monitor Behavior Ship 11

UAV 3 Determine Location Ship 7

Determine Location Ship 4

UAV 4 Determine Location Ship 3

Determine Location Ship 6

Cutter 1 Interdict Ship 1

Cutter 2 Interdict Ship 10

Cutter 3

Cutter 4 Interdict Ship 9

Cutter 5 Interdict Ship 5

Cutter 6 Interdict Ship 12

Interdict Ship 2

V. CONCLUDING REMARKS

In this paper, we have discussed an approach for the course
of action analysis and resource management tasks of collecting
additional information (on objects of interest) in response
to higher level information fusion processes. This enables a
more complete situational understanding. Our approach was
to formulate the COA and RM problem from a stochastic
optimization framework. We have also described an efficient
GRASP heuristic to find good-quality solutions to the opti-
mization formulation. An example problem from the MDA
arena was illustrated to demonstrate the effectiveness of the
GRASP heuristic in determining schedules and paths for the
limited number of resources. Future research will include the
ability of the resources to work in a cooperative, collaborative
environment (multiple resources work in concert to accom-
plish an action), as well as allowing resources knowledge of
restrictions on the objects of interest movements (e.g., as seen

4.8 5 5.2 5.4 5.6 5.8 6 6.2

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Best Solution Found

Ship 3

Ship 6

UAV 4

Figure 6. Computed path to accomplish the schedule determined for UAV
4: determine location of Ship 3, then determine location of Ship 6.

0 1 2 3 4 5 6

−1.5

−1

−0.5

0

0.5

1

1.5

Best Solution Found

Figure 7. Computed paths for all resources to accomplish their computed
schedules (as presented in Table IV).

in Figure 6, there is no need for UAV 4 to search for Ship 6
inside the contour of South America).
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