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Abstract

We formulate a dynamic air vehicle assignment prob-
lem to sequentially determine the optimal allocation of
air vehicle and ammunition resources to threat clusters
in an air to ground campaign. A threat cluster in-
cludes a number of different types of threats, which are
assumed to cooperate among themselves when they are
engaged by a team of air vehicles. The objective is to
efficiently allocate the assets to eliminate as many valu-
able threats as possible while minimizing the air vehi-
cle attrition. This problem is formulated as an optimal
control problem, whose exact solution can be obtained
for small size problems by dynamic programming. For
larger, more realistic problems, we investigate hierar-
chical control and potential function methods to solve
the optimal control problem in a computationally effi-
cient manner.

1 Introduction

In this paper, we study a resource allocation prob-
lem to optimally manage the air vehicle assets in sup-
pressing an enemy air defense system. The enemy
defense system utilizes a variety of resources, called
threats, which are spread over a wide geographical
area. When a number of different types of threats
work in collaboration against a team of air vehicles,
we say that those cooperating threats form a threat
cluster. An example of a threat cluster is two coor-
dinated Surface-to-Air-Missile (SAM) sites where each
SAM site includes an Early Warning (EW) Radar, a
Target Acquisition (TA) Radar, and a Transporter-
Erector-Launcher (TEL) unit with a presumed infi-
nite supply of munitions. From a top down perspec-
tive, we divide the enemy resources into a number of
threat clusters, where the threat clusters do not co-
operate but the threats within a cluster do cooperate.
The objective of the campaign is to suppress the enemy
defense system within a given time period by sequen-
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tially composing air vehicle teams of appropriate sizes
and assigning them to the appropriate threat clusters.
The air vehicles are equipped with a limited number of
munitions, which may be of different types and hence
may have different capabilities. Also, certain types of
threats may be more valuable targets than the other
types. Therefore the assignment of teams of air ve-
hicles to threat clusters involves many considerations
such as the values of the threats, the risk of losing an
air vehicle, the number and types of munitions avail-
able, the locations of the threats, the duration of the
campaign, etc. Once the teams of air vehicles are com-
posed and assigned to different threat clusters, they
move and engage their corresponding targets. An en-
gagement is assumed to be a random event where a
team of vehicles and the threats in the engaged cluster
employ fixed coordinated strategies, which could also
be optimal in some sense. The outcome probabilities
of an engagement are based on either the strategies of
the air vehicles and the threats or a worst case analysis
by using game theoretical concepts. When the engage-
ments are over, the team composition and assignment
procedure is repeated, since the parameters of the cam-
paign (the number of surviving threats and air vehicles,
the number of remaining munitions, etc.) will change
at the end of the engagements.

To suppress the enemy air defense system by efficiently
utilizing air vehicle and ammunition resources, we for-
mulate a finite horizon optimal control problem where
the state is the assets of both sides and the control
action is the allocation of the team of air vehicles to
the threat clusters. The state is randomly updated at
the end of the engagements (conditioned on the control
action), where the engagements with different threat
clusters are independent. The objective of the cam-
paign is captured by an appropriate cost function in
which the cost of moving air vehicles from one cluster
to another can also be taken into account.

The optimal assignment of the air vehicles as a func-
tion of the surviving assets and the remaining time
to complete the mission can be obtained by dynamic
programming [1]. Because the dimension of the state



space could be quite large for realistic problems, solv-
ing our optimal control problem by dynamic program-
ming could be computationally prohibitive. This issue,
namely the curse of dimensionality, calls for approxi-
mate methods; see [2, 3]. Hence, in this paper, we seek
approximate solutions to our problem through hierar-
chical control and potential function approaches.

This paper is organized as follows: Section 2 formulates
the resource allocation problem of assigning air vehi-
cle teams to threat clusters, and presents the dynamic
programming solution. In sections 3 and 4, we present
the details of the hierarchical control and the poten-
tial function approaches, respectively. In section 5, we
discuss the results of a simulation study. Section 6 con-
cludes the paper.

2 Problem Setup and An Exact Solution

We consider an enemy air defense system that consists
of N clusters of threats, where each threat is one of
d different types. For instance, a threat could be an
EW Radar, or a TA Radar, or a TEL unit. The num-
ber of threats in the i−th cluster at time k is denoted
by a d dimensional vector si

k, where the j−th element

s
i,j
k ∈ {0, 1, ...} represents the number of threats of type
j. We assume that the threats in any cluster may be
cooperating, but the clusters do not cooperate among
themselves. Furthermore, no new threats will be added
to any cluster during a campaign, i.e.,

s
i,j
k+1 ≤ s

i,j
k , ∀i ∈ {1, ..., N}, ∀j ∈ {1, ..., d}, (1)

∀k ≥ 0. The enemy defense system described above
is to be suppressed by M Unmanned Air Vehicles
(UAVs), where each UAV has a limited number of
munitions. The state of the i−th UAV at time k is
denoted by zi

k, which is comprised of three compo-
nents, i.e., zi

k = [pi
k, (q

i
k)

T , ri
k]

T . The first component
pi

k ∈ {0, 1, ..., N} is the index of the cluster engaged by
the i−th UAV at time k, where pi

k = 0 means that i−th
UAV is not engaged with any cluster at time k. The
second component qi

k is a t dimensional vector, where

the j−th element q
i,j
k ∈ {0, 1, ...} of qi

k represents the
number of the i−th UAV’s munitions of type j at time
k. The third element ri

k ∈ {0, 1} of the state zi
k is a

flag indicating whether or not the i−th UAV at time
k is alive, where ri

k = 1 means that the i−th UAV is
alive at time k. The UAVs will not be supplied with
additional munitions during a campaign, and if a UAV
does not engage any cluster, then its munitions will
obviously remain the same. Therefore, we can write

q
i,j
k+1 ≤ q

i,j
k , and ri

k+1 ≤ ri
k,

pi
k = 0⇒ qi

k+1 = qi
k, and ri

k+1 = ri
k, (2)

for all i ∈ {1, ..., N}, for all j ∈ {1, . . . , t} and for all
k ≥ 0. The control input is the allocation of the UAVs

to the clusters at each time instant, and is denoted by
uk at time k. The control input has M components
and its i−th component ui

k ∈ {0, 1, ..., N} is the index
of the cluster which will be engaged by the i−th UAV
at time k + 1. Therefore, by definition, we have

pi
k+1 = ui

k. (3)

We assume that the control input has access to the
campaign state vector xk defined by

xk := [(s1
k)

T , ..., (sN
k )T , (z1

k)
T , ..., (zM

k )T ]T .

We think of {xk : k ≥ 0} as a controlled Markov chain,
where the transition probability from xk to xk+1 is de-
termined by the control input uk. In particular, (1),
(2) and (3), which partially describe the evolution of
the campaign state, are always true with probability
one. To obtain the complete evolution of the campaign
state, we assume that the events which take place at
different clusters are independent. This implies

P(xk+1|xk, uk) = P(z
Jk
0

k+1|z
Jk
0

k , u
Jk
0

k )× (4)

N
∏

i=1

P(si
k+1, z

Jk
i

k+1|s
i
k, z

Jk
i

k , u
Jk

i

k ),

where Jk
i ⊆ {1, ...,M} represents the set of UAVs en-

gaged with the i−th cluster for i = 0, 1, ..., N at time k,

and z
Jk

i

k is the collection of the states of UAVs engaged

with the i−th cluster at time k (u
Jk

i

k is defined analo-
gously). From (2) and (3), the transition probability of
the states of UAVs not engaging any cluster (the first
term on the right-hand-side of (4)) can be written as

P(z
Jk
0

k+1|z
Jk
0

k , u
Jk
0

k ) =















1

p
j
k+1 = u

j
k and

q
j
k+1 = q

j
k and

r
j
k+1 = r

j
k, ∀j ∈ Jk

0

0 else

.

The transition probabilities of the states of the other
UAVs, however, could be quite general (as long as they
satisfy (1), (2) and (3)), and need to be computed based
on the rules of a coordinated engagement of multiple
UAVs with a cluster. The tactics employed by the
threat clusters and the UAVs in our simulations are
outlined in section 5.

The objective of the campaign, which will last Tf units
of time, is to eliminate as many valuable threats as
possible while minimizing the UAV attrition. This can
be achieved by allocating the UAVs to different clus-
ters in such a way that the following cost function is
minimized:

E{G(xTf
) +

Tf−1
∑

k=0

g(xk, uk)|x0 = x}, (5)



where the terminal cost function G(.) and the one-stage
cost function g(., .) are defined as

G(xTf
) :=

N
∑

i=1

d
∑

j=1

ejs
i,j
Tf
−

M
∑

i=1

[ari
Tf

+
t
∑

j=1

mjq
i,j
Tf
],

g(xk, uk) :=
M
∑

i=1

c(pi
k, u

i
k),

where ej , j ∈ {1, ..., d}, mj , j ∈ {1, ..., t}, and a are pos-
itive constants representing the values of different types
of threats, different types of munitions, and the UAVs
respectively, and c is a positive-valued function that
represents the cost of moving a UAV from one cluster
to another. The first term in the terminal cost function
is the total value of the surviving threats, whereas the
second term is the total value of the surviving UAVs
and the remaining munitions. To obtain the optimal
allocation of UAVs to the clusters at each time instant,
we use the dynamic programming procedure; see Sec-
tion 5 for the results of a simulation study using this
approach.

We are also interested the infinite horizon version of
the finite-horizon problem formulated above. More pre-
cisely, we are interested in minimizing the cost function

lim
Tf→∞

E{

Tf−1
∑

k=0

αkḡ(xk+1, xk, uk)|x0 = x},

for an appropriate choice of the discount factor α ∈
(0, 1], where, to capture the essence of the finite-horizon
cost, we introduced the one-stage cost function

ḡ(xk+1, xk, uk) := G(xk+1)−G(xk) + g(xk, uk),

for the infinite-horizon problem. It is well known
that a stationary controller µ∗ : X 7→ U minimizes
the infinite-horizon cost, and such an optimal con-
troller can be obtained by several different methods
such as the Value Iteration and the Policy Iteration
Algorithms, and the Linear programming Method; see
[2]. However, all of these methods as well as the dy-
namic programming procedure suffer from the well-
known “curse of dimensionality”, which motivates us
to consider the hierarchical control approach explored
in the following section.

3 Hierarchical Control Approach

Here, we first assume that the enemy resources are di-
vided into different Areas of Responsibilities (AOR) in
which there are (possibly) different number of threat
clusters. The significance of the concept of AOR is
that the air vehicles sent to an AOR can only engage
with the threat clusters within that particular AOR

throughout the campaign. Therefore, it is important
to make a judicious allocation of the air vehicle and
munition resources to different AORs at the beginning
of the campaign. Let us denote the number of AORs
by L, the total number of air vehicles by M , and the
total number of munitions of type j by Qj , j = 1, ..., t.
Furthermore, let us assume, for the time being, that
the optimal expected return from assigning M i air ve-
hicle and Qi = [Qi

1, ..., Q
i
t] munitions of different types

to different AORs, denoted by Ci(M
i, Qi) for the i−th

AOR, is known. Then, a reasonable allocation of the
air vehicle and munition resources would be obtained
by solving the following minimization problem.

min
(M0,Q0),...,(ML,QL)

L
∑

i=0

Ci(M
i, Qi), subject to:

L
∑

i=0

M i = M,

L
∑

i=0

Qi
j = Qj , ∀j ∈ {1, ..., t},

where C0(M
0, Q0) represents the cost of not assigning

to any AOR. We note that this minimization problem
can be converted to an integer programming problem,
and can be solved when L, M , and Qj , j = 1, ..., t, are
reasonably small.

To obtain the optimal costs C0, ..., CL, one ideally
needs to solve an optimization problem of the type in-
troduced in section 2. However, we know that such an
optimization will likely be computationally overwhelm-
ing when Tf > 1. Therefore, for the purpose of com-
puting the costs C0, ..., CL, we will assume that the air
vehicles will play based on some possibly suboptimal
policy. Such a suboptimal policy could be, for instance,
the greedy policy, which is obtained by solving an op-
timization problem of the type introduced in section 2
under the assumption that Tf = 1, even though in ac-
tuality Tf > 1. It may also be possible to obtain a good

suboptimal policy by heuristics. Although the one-
stage cost of a suboptimal policy can be obtained rela-
tively easily, the computation of its long-term expected
cost may still not be an easy task. In such cases, the
long-term expected return of a suboptimal policy µs for
an initial condition x0 can be estimated by summing up
its one-stage costs for an appropriate sequence of states
y0, ..., yTf−1, where this sequence of states is generated
by the recursion yk+1 ≈ E[xk+1|xk = yk, uk = µs(yk)],
k = 0, ..., Tf − 2, with y0 = x0.

Once the high-level optimization problem described
above is solved and the allocation of the resources to
AORs are determined, we are faced with multiple op-
timization subproblems of the type introduced in sec-
tion 2, one for each AOR. We already stated that each
of these subproblems, which we also call mid-level op-
timization problems, can be solved by dynamic pro-
gramming when the dimensions of the state and con-
trol spaces are sufficiently small. However, it is possi-



ble that all of the resources can be allocated to a single
AOR or the number of AORs can be small compared to
the resources; hence we may end up with several com-
putationally intractable subproblems for each AOR.
For such instances, we introduce a simplified version
of the optimization problem formulated in section 2.
The essence of this reformulated problem is that the
objects of the same type, threat clusters, air vehicles,
or munitions, are indistinguishable regardless of their
locations. Therefore, the state variable consists of the
number of threat clusters of different types, the number
of armed air vehicles with different types of combina-
tions of munitions, and the total number of munitions
of different types. The mid-level optimization problem
is to determine the distribution of the air vehicle and
munition resources to the threat clusters sequentially.
This simpler reformulation has a smaller state space
than our original formulation, and it can also be solved
by dynamic programming; see Section 5 for the results
of a simulation study using this approach.

Finally, we discuss the issue of routing the air vehicles
to their targets, which will require us to solve a low-
level optimization problem. Since the solution to the
mid-level optimization problem tell us only the optimal
distribution of the air vehicles, we somehow need to de-
termine the actual destination of each air vehicle. We
would like to do this routing in such a way that the total
distance traversed by the air vehicles is minimized sub-
ject to the satisfaction of the optimal distribution de-
termined by the mid-level optimizer. This low-level op-
timization problem can be converted to an integer pro-
gramming Problem as follows: Let us assume, for the
sake of simplicity, that there are M identical (armed)
UAVs and N identical threats, where the locations of
UAVs, the base station, and the threats are denoted by
U = [U1, ..., UM ], S0, and S = [S1, ..., SN ], respectively.
Let us further assume that the mid-level optimizer re-
quired the satisfaction of any permutation of the distri-
bution vector D = [D1, ..., DN ], where

∑N
i=1 Di ≤ M .

Then, our low-level optimization problem can be stated
as:

min
x

M
∑

i=1

N
∑

j=0

x
j
i‖Ui − Sj‖, subject to:

N
∑

j=0

x
j
i = 1, ∀i ∈ {1, ...,M},

M
∑

i=1

x
j
i =

N
∑

i=1

Diy
j
i , ∀j ∈ {1, ..., N},

N
∑

i=1

y
j
i =

N
∑

j=1

y
j
i = 1, ∀i,∀j ∈ {1, ..., N}

where x
j
i , i = 1, ...,M , j = 0, ..., N , are the binary

decision variables representing the destinations of the
air vehicles, and y

j
i , i = 1, ..., N , j = 1, ..., N , are the

(binary) auxiliary decision variables enforcing the sat-
isfaction of the desired distribution of the air vehicles.
When a solution to this low-level optimization problem
is obtained, then the i−th UAV is sent to the j−th
threat for which x

j
i = 1. The generalization to the case

where there are multiple types of threats and resources
are straight-forward but somewhat messy; hence we
omit such a generalization here. We end this section
by pointing out an implementation issue, that is, even
though the high-level and mid-level optimization prob-
lems can be solved off-line and the solutions can be
stored for every possible state, the low-level optimiza-
tion problem will typically be solved on-line. The rea-
son for this is that the number of possible locations
for the UAVs throughout the campaign will be enor-
mous even for a few UAVs, unless the locations of the
UAVs are approximated by using a very coarse grid
on the AORs. Moreover, an on-line implementation of
this routing algorithm will make our hierarchical con-
troller completely independent of the locations of the
threats. This will sometimes require us to obtain the
best feasible solution within a given time limit. Such a
feasible solution will typically be a better solution than
an arbitrary one, even though it may be sub-optimal.

4 Potential Function Approach

Exact solutions by dynamic programming are difficult
to obtain for problems with many agents. One tech-
nique that may be used to reduce computational com-
plexity at the expense of some degree of optimality in-
volves using potential functions [4] to determine the
movements of the UAVs. The potential function we
use is

J(u1
k, . . . , u

M
k , xk) =

M
∑

i=1

1

1 +
∑d

j=1 ejs
ui

k
,j

k

+
N
∑

i=1

(

M
∑

j=1

I{uj
k = i} − β

)2

+
M
∑

i=1

c(pi
k, u

i
k),

where (u1
k, . . . , u

M
k ) are the UAV allocations at time k,

xk is the current state, ej is the value of a threat of

type j, s
i,j
k is the total number of threats of type j

at location i at time k, I{.} is the indicator function,
β is the preferred number of UAVs to be assigned to
each cluster, and c is a matrix reflecting the cost of
moving a UAV from one cluster to another. The pa-
rameter β is especially interesting, because varying it
provides an easy way to adjust the aggressiveness of
the controller (low β allows more aggressive individual
behavior, while high β encourages the UAVs to better
their odds in an encounter through numerical superi-
ority). At each time step, the UAV allocations are de-
termined by a one step optimization of the above cost
function. Because the optimization occurs over only



one time step, the computational complexity is low,
and information constraints are easy to accommodate.
Note that the potential function may be interpreted as
an approximation of the optimal return function for a
multi-stage dynamic program, and it may be advanta-
geous to adjust the parameters c, ej and β through an
adaptive “learning” process.

5 A Numerical Example

First, we explain the tactics employed by the threat
clusters and the UAVs in our simulation using the no-
tation borrowed from Khalak et. al. [5].

We assume that there is only one type of threat cluster
which we refer to as a SAM site. The tactics of a SAM
site are fixed. The Early-Warning (EW) radar scans
360◦ with period ts. After each scan, there is a prob-
ability ρs that a UAV in the scan volume is detected.
Once a UAV has been detected, a SAM is launched
towards it, and the Target Acquisition (TA) radar at-
tempts to track the detected UAV. The TA radar has
a scan rate sfc, and a TA radar sweep hits a UAV with
probability ρfc. If the TA radar misses two successive
pings from the UAV, then the TA has lost track of the
target. When this happens the target is presumed lost
and must be detected by the EW again. The SAM
takes tm units of time to arrive at the UAV. When the
SAM arrives at the UAV location, it destroys the UAV
with probability ρd, provided that the TA has main-
tained track of the target during the entire flight time
of the SAM. If the UAV survives, it is assumed that
the SAM site has lost track of it and must attempt to
detect it again. In our simulations we assume that each
SAM site has an infinite ammunition supply, and that
each SAM site can track and attack only one UAV at
a time.

The tactics of the UAVs are also fixed. It is assumed
that a UAV knows the position of the SAM site that
the UAV is commanded to attack perfectly, and flies
directly towards it with velocity VUAV . If and when a
UAV gets within rf of the target, it launches an air-to-
ground missile. The missile lands tf later, and destroys
the threat with probability ρk. When the missile deto-
nates, a perfect battle damage assessment is performed
instantaneously. We assume that each UAV has a lim-
ited ammunition supply.

To design our controllers, the outcome probabilities of
the encounters need to be computed based on the tac-
tics explained above and the following parameter values
we picked for our simulations: rfc = 150 km, ts = 10
s, sfc = 1 s−1, ρs = 0.01, ρfc = 0.69, ρd = 0.25,
ρk = 0.86, rf = 40 km, tf = 60 s, VUAV = 250 m/s,
tm = 30 s. This computation can be done quite ac-
curately through a Markov Chain analysis with some

simplifying assumptions. However, for additional sim-
plicity, we prefer to construct the outcome probabil-
ities of the encounters based on a simple encounter
where there is only one UAV with one missile and
one SAM site. We obtain the outcome probabilities
of this simple encounter through Monte-Carlo simula-
tions as (ps, pu) = (0.05, 0.75), where (ps, pu) are the
probabilities of the events that the SAM site destroys
the UAV and the UAV destroys the SAM site, respec-
tively, which are assumed to occur independently of
each other. We further assume, for the purpose of
calculating the outcome probabilities, that each SAM
site is a threat cluster, and hence does not cooperate
with other SAM sites. Therefore, teams of UAVs are
assumed to engage only one SAM site, and these en-
gagements are assumed to be independent. In such
an engagement, before the UAVs are reallocated by
the controller, the SAM site picks one of the UAVs
randomly and destroys it with probability ps, and the
team of UAVs destroy the SAM site with probability
1− (1−pu)

M , where M is the team size. As a result of
the various independence assumptions we made above,
we compute the outcome probabilities of all possible
encounters based on an engagement of a team of UAVs
with a single SAM site.

We now discuss the results of our simulations for two
different cases. In the first case, we simulate a cam-
paign with three UAVs, each of which has two mis-
siles, and four SAM sites, whose locations are randomly
picked at the beginning. We set the value of a SAM site
and a UAV to unity, the cost of moving a UAV from one
location to another to 0.05% of the distance traversed
in kilometers, and the value of a missile to zero. We
then compute and store the exact solution to the prob-
lem formulated in section 2 for three time steps, and
a decentralized controller based on the potential func-
tion approach setting the parameter β to unity. In our
implementation, we reallocate the UAVs only when all
the engagements corresponding to an allocation end,
in order to make the implementation as close to the
formulation of section 2 as possible. The cost, as de-
fined in (5), achieved in simulations by the controllers
based on the exact solution and the potential function
solution averaged over 20 runs are JExact = −1.4752,
and JPot = −0.8007, respectively. We note that the
cost achieved by the exact solution is somewhat lower
than the cost achieved by the controller based on the
potential function approach, as expected. However,
the cost achieved by both controllers are quite higher
than the optimal expected cost J∗ = −2.2541 pre-
dicted by dynamic programming. We explain the high
costs achieved by the two controllers with the synchro-
nization problem we observed under both controllers.
The synchronization problem arises because, very of-
ten, the engagements do not end simultaneously, and
those UAVs that completed their mission must wait



for all the engagements to end before being reallocated
to their new targets. This may cause the controllers
to perform poorly because of inefficient utilization of
the air vehicle resources. Although it is difficult to
avoid the synchronization problem completely, the hi-
erarchical control approach, which is illustrated below,
addresses this issue in a satisfactory way. We also note
that the dimension of the state space for this case is
128000, and that this is the case with the largest num-
ber of threats and air vehicles for which we could obtain
an exact solution by dynamic programming.

In the second case, we simulate a campaign with 20
UAVs, each of which has four missiles, and 25 SAM
sites, under a hierarchical controller and a controller
based on the potential function approach. The loca-
tions of the SAM sites are again randomly picked at
the beginning, and the values of a UAV and a SAM
site are set to unity. The moving cost in this case is set
to 0.025% of the distance traversed in kilometers. To
compute the hierarchical controller, we divide the area
into two AORs with 15 and 10 SAM sites in them,
respectively. We use the long-term expected cost of
a heuristic policy as the high-level costs to solve the
high-level optimization problem. The solution to the
high-level optimization problem assigns 11 UAVs to the
first AOR and 9 UAVs to the second AOR. We then
solve the mid-level optimization problems for the two
AOR for an infinite time horizon with a discount fac-
tor α = 0.99999. After solving the high and mid-level
optimization problems off-line and storing the results,
we implement the hierarchical controller by solving the
low-level optimization problem online after each reallo-
cation of the UAVs. We reallocate the UAVs whenever
a SAM site or a UAV is destroyed, or a UAV runs out of
ammunition. We also compute and implement a decen-
tralized controller based on the potential function ap-
proach in the same way as in the first case with β = 1.
The cost JH = −3.5592 achieved by the hierarchical
controller turns out to be appreciably lower than the
cost JPot = 0.6692 achieved by the potential function
approach, both averaged over 20 runs. We note that,
in the second case, it is virtually impossible to obtain
the exact optimal cost and/or the exact solution to the
problem introduced in section 2 by dynamic program-
ming because the dimension of the state space and the
control space would be approximately 1051 and 1028,
respectively. Hence, the hierarchical control and poten-
tial function approaches appear to be sensible alterna-
tives to an exact solution by dynamic programming for
the problems with large number of threats and air vehi-
cles. Finally, we observed in the second case that while
the controller based on the potential function approach
continued to suffer from the synchronization problem,
the hierarchical controller was able to reallocate those
air vehicles that completed their mission to new tar-
gets.

6 Conclusions

In this paper, we formulate a dynamic air vehicle as-
signment problem to determine the sequence of opti-
mal allocations of air vehicles to threat clusters in an
air to ground campaign. The objective is to minimize
a cost function which captures our original objective,
that is to destroy as many valuable threats as possi-
ble while limiting air vehicle attrition. In principle, the
minimization of the cost function can be carried out by
using the dynamic programming procedure, and the se-
quence of optimal allocations can be computed exactly.
However, this approach quickly becomes impractical as
the size of the problem grows. Hence, for more realis-
tic problems, we explore the hierarchical control and
potential function methods to deal with the issue of di-
mensionality. To compute our hierarchical controller,
we introduce three levels of hierarchy and solve an op-
timization problem at each level. The high-level opti-
mization yields the allocation of the resources to differ-
ent AORs. The sequential distribution of the resources
to the threats within the AORs is achieved by solv-
ing a mid-level optimization problem for each AOR.
Finally, the destinations of the UAVs are determined
by solving a low-level optimization problem online for
each AOR such that the desired distribution of the
resources to the threats is achieved while minimizing
the moving cost. We show through simulations, that
the hierarchical control approach not only allows us to
solve problems with larger number of threats and air
vehicles but also provides a satisfactory solution to the
synchronization problem by reallocating and rerouting
the UAVs to new targets as soon as they complete their
mission. We also illustrate by simulations that the po-
tential function approach is an intuitive and computa-
tionally efficient method to tackle the problems with
large number of threats and air vehicles. Furthermore,
because the potential function approach only conducts
optimization over one time step, it allows us to eas-
ily incorporate the communication constraints into the
controller design.
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