ABSTRACT

e construct an optimization
model that assists commanders,
operators, and planners to effec-

tively deploy and employ unmanned aerial
vehicles (UAVs) in special operations mis-
sions. Specifically, we consider situations
where targets (e.g., insurgents) enter a re-
gion of interest and a small special opera-
tions team is assigned to search and detect
these targets. The special operations team is
equipped with short-range surveillance
UAVs. We combine intelligence regarding
the targets with availability and capability
of UAVs in an integer linear programming
model. The goal is to detect the largest pos-
sible number of targets with the given re-
sources. The model prescribes optimal de-
ployment locations for the ground units
and optimal time-phased search areas for
the UAVs. The model has been imple-
mented successfully in four field experi-
ments. Preliminary empirical evidence in-
dicates that the model provides 50%
increase in detection opportunities com-
pared with a plan manually generated by
experienced commanders.

INTRODUCTION

Special operations missions are ex-
pected to increasingly make use of un-
manned aerial vehicles (UAVs) for recon-
naissance, surveillance, search, and
enhanced situational awareness (Living-
room 2006, Feickert 2006, and Rolfsen
2005). However, concepts of operations for
the use of UAVs in this context have not
been fully developed (Cross 2006). In this
paper we address the problem of optimally
utilizing UAVs by small teams of special
operations forces (SOF) in a typical situa-
tion. Specifically, we consider a situation
where mobile targets (e.g., insurgents) en-
ter a certain region of interest. A SOF team,
controlled by a tactical operations center,
operates several short-range surveillance
UAVs to search for the targets. Each UAV is
controlled by a ground control unit (GCU)
deployed also in the region. Surveillance
data from a UAV is collected by its GCU
and transmitted, through a mobile control
center (MCC), to the tactical operations
center. The MCCs are needed as relays to
overcome short communication ranges of

Military Operations Research, V12 N4 2007

GCUs, and possible limited line-of-sight
between a GCU and the tactical operations
center. The problem is how to deploy the
ground units (GCUs and MCCs) and how
to route and schedule the UAVs in a most
effective way.

In response to operational needs, and
in close consultation with SOF command-
ers, UAV operators, and military air traffic
controllers, we have developed an integer
linear programming model that prescribes
optimal deployment locations for the
MCCs and GCUs, and assigns optimal
search areas and schedules for the UAVs.
The model combines (partially uncertain)
information about the availability of UAVs
with intelligence, of two types, about the
targets. The model has been utilized as a
planning tool in four multi-day field exper-
iments carried out at Camp Roberts, Cali-
fornia, under the USSOCOM-NPS Cooper-
ative Field Experimentation Program.
Empirical results from these experiments
show a 50% increase in detection opportu-
nities compared with a plan manually gen-
erated by experienced commanders from
USSOCOM  employing their own judg-
ment, The operational setting in these ex-
periments and the type of scenarios exer-
cised were such that the area coverage of
the UAVs was fairly high; any operation-
ally feasible search plan (not necessarily
optimal) could result in many detections. In
reality, the UAV coverage will be much
smaller, and therefore optimization would
have a larger impact. Also, the command-
ers only considered search areas and sched-
ules for the UAVs in the manual planning
and not the optimal locations of the GCUs
and MCCs, which were given by the
model. These circumstances lead us to be-
lieve that the 50% increase of performance
recorded in our field experiment may be a
conservative estimate for the actual in-
crease in search effectiveness in real-life op-
erations.

To the authors” knowledge, the prob-
lem of determining deployment locations
for MCCs and GCUs, and time-phased op-
timal search areas for UAVs has not been
examined systematically in the open litera-
ture. There are however several related
problems that have been studied in the
past. In its simplest form, the problem of
routing one UAV over points of interest can
be formulated as an orienteering problem
(also known as the maximum collection
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and selective traveling salesman problems)
(Feillet et al. 2005). The orienteering problem is
defined on a network where each node repre-
sents a point of interest and each arc represents
travel between two nodes. Each node is associ-
ated with a prize and each arc with a travel
time. The goal is to find a maximum-prize path
or cycle whose total travel time does not exceed
a specific limit. In the context of UAV search,
the prize at a node may be an additive surro-
gate of the probability of detecting a target at
the corresponding point of interest. In search
and reconnaissance, a visit to certain points of
interest may only be allowed during specific
time windows and the prize associated with a
visit may be time dependent. Generalizations of
the orienteering problem to cases with time-
window constraints have been considered; see
Kantor and Rosenwein (1992) for a theoretical
study. Models with time dependent prizes are
found in Brideau and Cavalier (1994) and Erkut
and Zhang (1996), which consider a competi-
tive environment where sales may decline over
time due to the operation of competing sales-
persons.

In many situations the mission is to route
multiple UAVs simultaneously. Chao et al.
(1996) consider an extension of the orienteering
problem that models the sport of team orien-
teering, where the combined prize-collecting
effort of a team of participants is maximized.
Millar and Kiragu (1997) consider a similar
multi-vehicle orienteering problem with appli-
cation to dispatching of fishing patrols. A gen-
eralization of the orienteering problem to mul-
tiple vehicles with time-window constraints is
considered in Moser (1990), which routes aerial
reconnaissance assets in a military setting. This
model assigns a time-invariant prize to the visit
of each point of interest. Moser (1990) addresses
a similar problem to ours, but does not account
for important factors such as airspace deconflic-
tion constraints, time-dependent intelligence
and ground-units’ deployment flexibility. We
find similar shortcomings in Eagle and Yee
(1990), Dell et al. (1996), and Washburn (1998),
which consider a target that moves between
cells according to some probability law, and
one or more searchers that follow a continuous
path searching for the target. These three pa-
pers derive specialized branch-and-bound al-

gorithms for solving these problems optimally.
Dell et al. (1996) also devise six heuristic algo-
rithms.

Our problem of determining deployment
locations for ground units and time-phased
search areas for UAVs also relates to location-
routing problems in manufacturing and distri-
bution industries (Laporte 1988 and Min et al.
1998). In these problems, a strategic level deci-
sion regarding facility locations is made before
the operational decisions regarding routing of
vehicles between facilities and customers. This
“two-stage” decision process of location-rout-
ing problems motivates our approach, but the
specific details of UAV operations hinder direct
application of existing location-routing models.

Our model extends previous work in this
area in several dimensions. First, we consider
the two decisions regarding ground units’ loca-
tions and UAVs' time-phased search areas
within the same model. These two decisions are
strongly connected by factors such as UAV
range, topography, and communication capa-
bilities. Second, operational constraints such as
deconfliction among UAVs, flight endurance
and possible communication interferences are
explicitly represented in the model. Third, the
model takes into account two types of uncertain
information: operational readiness of UAVs
and intelligence regarding possible threat sce-
narios. The uncertainties are reduced as the
scenario unfolds, and by defining two levels of
that uncertainty, we derive a two-stage optimi-
zation model. None of the existing models in
the literature address all three aspects.

In The Combat Situation Section, we de-
scribe the combat situation in more detail. The
section on Model Formulation presents our op-
timization model and a specific case study that
illustrates the implementation of the model as a
planning tool is discussed in the final section.

THE COMBAT SITUATION

Consider a situation where intelligence
sources indicate that targets are expected to
enter the region of interest in the near future. A
special operations team, consisting of MCCs,
GCUs, and UAVs of various types, is deployed
in the region with the mission to search and

Military Operations Rescarch, V12 N4 2007



AERIAL SEARCH OPTIMIZATION MODEL (ASOM) FOR UAVS IN SPECIAL OPERATIONS

detect the targets. Intelligence reports and anal-
yses of past events indicate possible types of
targets (e.g., on foot, in vehicles, etc.) and po-
tential entry areas into the region. These reports
also give good estimates for the velocities of the
various types of targets. Each entry area and
target type is associated with a number of
routes that a target may take from the entry
area. This information is called henceforth gen-
eral intelligence. The general intelligence in-
cludes also the probabilities of a type of target
and entry area, and the conditional probabili-
ties of the routes associated with a certain entry
area.

Small UAVs are not as reliable and weath-
er-robust as manned aircraft and therefore may
not always be mission ready when called upon.
It follows that the number and mix of mission-
ready UAVs available at the start of a s;e_arch
mission are not known with certainty until the
UAVs are about ready to be launched. Thus, we
assume that the number of mission-ready
UAVs of a certain type is a random variable
with a known probability mass function esti-
mated from past readiness data. The general
intelligence and the readiness data generate sce-
narios; each scenario comprises an entry area, a
set of targets and a mix of mission-ready {JAVs.
We assume a finite set of scenarios, each with a
known probability of occurrence, which is ob-
tained from the general intelligence and past
readiness data.

The UAVs are launched once the team gets
a clear indication (based on human intelligence
or interception of communication) that one or
more targets have entered the region. At that
time, the entry areas and the number and type
of targets become known, but the route selected
remains unknown. We refer to the newly ar-
rived information regarding the time and area

of entry, and the number and type of targets, as -

specific intelligence. When the specific intelli-
gence arrives, the search mission starts. At this
time, the availability of mission-ready UAVs
becomes known too. In other words, the real-
ized scenario becomes known. Note that while
the mission is planned and the ground units are
deployed according to the probability distribu-
tion of the scenarios, which is based on the
general intelligence and the uncertain readiness
of the UAVs, the mission starts and the UAVs

Military Operations Research, V12 N4 2007

are launched only when the realized scenario
unfolds, following the arrival of the specific
intelligence. This combat situation is motivated
by operations in remote areas were a penetra-
tion incident occurs when an individual insur-
gent (or a coordinated group of insurgents)
enters the region of interest. Such an incident is
relatively rare and therefore we do not consider
multiple incidents. Moreover, we do not con-
sider targets that enter the region undetected
(ie., targets not included in the specific intelli-
gence generated by human intelligence or in-
terception of communication) because small
UAVs are not suited for general reconnaissance
missions without specific target information.

Each UAV has its own GCU, with which it
must maintain constant line-of-sight and be
within a certain range to avoid loss of control
and interruption in data transfer. A UAV is
launched from a location near its GCU and,
while airborne, searches designated areas in an
attempt to detect targets. The UAVs are
equipped with electro-optical and infrared sen-
sors. To avoid airspace conflicts and possible
accidents, every UAV must maintain a mini-
mum distance to other UAVs at all times. This
deconfliction is achieved by assigning different
altitudes or different non-overlapping search
areas to the UAVs. Every GCU must be located
sufficiently close to an MCC so it can be con-
nected to the MCC by either a cable or a wire-
less transmission. Moreover, due to interfer-
ence between GCUs, a minimum distance,
dependent on the type of GCU, must be main-
tained between any two GCUs. The GCUs and
MCCs are mobile, but must be stationary when
their controlled UAVs are airborne. The MCCs
and the GCUs require a substantial setup time
to re-deploy, which comprises collecting the
GCUs and UAVs, packing and moving the
equipment, re-deploying the ground units, and
checking communication ameng the tactical
operations center, the MCCs, and the GCUs. In
this study we consider a relatively short plan-
ning horizon of 1-10 hours, which, in practice,
prevents effective re-deployment. Hence, we
assume that the MCCs, and their associated
GCUs, remain stationary throughout the plan-
ning horizon.

There are several types of UAVs available
for the mission, which differ in their cruising
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altitude, field-of-view, resolution of their sen-
sor, and velocity. We consider spatial deconflic-
tion requirements, which apply to UAVs that
share the same cruising altitude, and commu-
nication frequency conflicts among GCUs.
The goal of our model is to assist com-
manders in determining optimal deployment
locations for MCCs and GCUs, and optimal
time-phased search areas for the UAVs. In the
next section, we describe an optimization
model that achieves this goal and that takes
into account operational constraints such as air
space deconfliction, line-of-sight, communica-
tion ranges, air velocity, and flying endurance.

MODEL FORMULATION

We discretize the planning horizon into
time steps t € T = {1,2,...,|T|}, each of a fixed
duration A. Let U be the set of UAVs available
to the special operations team, where each
UAV u € U has flying endurance ¢, measured
in time steps. For each u € U, we divide the
region of interest into a set A, of non-overlap-
ping search areas, where A, = A, if UAVs u
and u' are of the same type. A set A, may cover
the whole region of interest or only sub-regions
of particular interest such as road segments,
trails, and villages. The length of the time steps
and the size of the search areas are selected
based on the UAVs’ speed, altitude, sensor ca-
pabilities, and other factors, as discussed in the
Case Study Section. We also specify a finite set
L of potential locations for deploying the MCCs
and a finite set G of possible locations for de-
ploying the GCUs. At any time step f, a UAV
u € U is on the ground at its GCU site or is
flying over an area a € A, searching for targets.

The planning process of the UAVs’ mission
is divided into two stages. First, the objective is
to determine the locations of the MCCs and the
GCUs based on the general intelligence and the
uncertain readiness of the UAVs, that is, based
on the possible scenarios and their probabili-
ties. This decision is referred to as the first-stage
decision. As described in The Combat Situation
Section, the locations of the MCCs and GCUs
must be determined several hours prior to com-
mencement of the UAV search operation. The
deployment of these ground units is such that it

provides the best locations for UAV operations
in view of possible future scenarios. After the
MCCs and GCUs are deployed and are ready to
launch their UAVs, and the specific intelligence
about enemy activity and entry areas becomes
available, the second-stage decision regarding
the UAVs' time-phased search areas is made
and executed. Specifically, the second-stage de-
cision, which is made after the realized scenario
becomes known, determines the search area for
each UAV at every time step ¢t € T of the
operation. Note that while the uncertainty re-
garding the number and types of targets, the
time and area of entry, and the readiness of
UAVs is resolved when making the second-
stage decision, the information regarding the
specific routes taken by the targets in the real-
ized scenario remains uncertain.

While our model can handle multiple tar-
gets, for simplicity of exposition we consider
only one target entering the region of interest.
Let S be a finite set of scenarios. Recall that a
scenario s € § is defined by the type of target,
the area of entry, and the mix of mission-ready
UAVs. Each scenario s € S occurs with a prob-
ability g,. Given a scenario s, there is a set of
routes, denoted R, that the target may take to
traverse the region. Let p, ., r € R,, denote the
(conditional) probability that the target follows
route r, given scenario s. These probabilities are
estimated based on tactical intelligence infor-
mation regarding the likelihood of the various
routes. In principle, this information may be
updated during the course of the operation
based on new intelligence that arrives and the
results of the UAV search. Such possible intel-
ligence updates lead to multi-stage models,
which are beyond the scope of this paper. These
models, which may utilize Bayesian update
procedures and re-optimization, are natural ex-
tensions of the current model. Research in this
direction is currently a work in progress.

Given a scenario s, which includes the type
of target and hence its velocity, and a route r €
R., we define the fractional presence by:

Tasr(t) = fraction of time step t € T the target
spends in search area a given

scenarios € S and router € R,.
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For example, suppose that a time step is
A = 10 min. According to scenario s and route
r € R,, the target is going to be in search area a,
between time (measured in minutes) 17 and 25
from the beginning of the planning horizon.
Then' Tasr (1) =0, Tasr (2) =03, To.s.r (3) =05,
and 7,,, () = 0 for t = 4,5,.... Based on the
values of the fractional presence 7, . (f), we can
compute the “reward” of employing UAVs in
certain search areas. There are several possible
approaches for computing such a reward func-
tion, as discussed in the following.

Let v, be the ground speed and w, the
sweep width of a cookie-cutter sensor mounted
on UAV u. Also, let d, be the area size of search
area a. Then, assuming random search within a
search area, the conditional probability, given
scenario s and route 7, for the target evading all
attempts by UAV u searching area a during
time period t is exp (—A7,,,(Hw,v,/d,) (see,
e.g., Washburn 2002). Let X, ,,. be a binary
variable, with X, ,, . = 1 if UAV u is searching
area a during time step t in scenario s, and
Xy ars = 0 otherwise. Note that X, are sec-
ond-stage decision variables (also called re-
course variables). Assuming independent detec-
tions among UAVs and among the various time
steps, the conditional probability, given sce-
nario s and route r, of the target evading all
UAVs during the whole planning horizon is

H H Hexp( - A'Tn,s,r(“wuvuxu,n,!,s/dn)-

HEUEALMET
(1)
In view of (1), the (unconditional) probabil-

ity of the target evading all UAVs during the
planning horizon is

2 2 a5, 11 T1 Tlexp

SESrER; UEUREAUET
( - ATa,s,r(f)wuvuxuﬂ,ls/d:z)' (2)

Ideally, we would like to adopt this prob-
ability measure as the objective function and to
minimize it. However, due to its nonlinearity,
and in anticipation of a large number of linear
constraints, we opt to use a linear surrogate for
(2) so that the problem formulation remains
linear. In the following we present four possible
linear objective functions as surrogates for (2).
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Worst-case Scenario and Route

Instead of minimizing (2), we minimize the
largest probability of evasion over all scenarios
and routes, i.e., we minimize

max H H HE‘XP( - ATa,x.r(t)wuvuxn.zu.s/dn)~

SESIERy elpeA T

(3)

Using a standard logarithmic transforma-
tion, this objective function is linearized by
maximizing an auxiliary variable £ subject to
the constraints

2 Z 2ATri.s,!{tJuJ\rt"rIX:f,n.t,s/dﬂ

UEUIEAJET
= ¢V, ESrER,. (4)

Note that the worst-case formulation does
not depend on the scenario and route probabil-
ities.

Worst-case Scenario and Expected
Fractional Presence

This surrogate is similar to (3) but considers
only scenarios, not individual routes. It mini-
mizes the largest probability of evasion over all
scenarios and utilizes the expected scenario
fractional presence defined by

Tlf) = ZPuTnenlt): (5)

rERs

This leads to the following objective func-
tion

max H H Hexp( - A?a,s(t)wuvuxuﬂ,l.a/da)'

SES yelnEAJLET
(6)

Again, using a standard logarithmic trans-
formation, the problem is to maximize an aux-
iliary variable ¢ subject to the constraints

E E 2A_TF!,H'(t)TUHUHXH,R,[,S/dﬂ = gV s E S'

nelnEAET

(7)
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Average Overlap Time

This surrogate maximizes the average over-
lap time between UAVs and the target. It rep-
resents the “detection opportunities” of the
UAVs. In this case, we maximize

Z E Z EqSA?U,ﬁ,S(t)XH,ﬂJ.S‘ (8)

tETUEUREASES

Note that (8) does not account for the capa-
bilities (sweep-width and velocity) of the vari-
ous UAV and only attempts to place the UAVs
in the “right” area at the “right” time.

Linearized Evasion Probability

We also derive a lower bound on the prob-
ability of evasion (2), which we use as a surro-
gate of that probability. Using the fact that
exp(—z) =1 — z for real-valued z, we obtain that

1- Z 2 z 2 zq_‘:ps,rATn,q,r(f)wuUnxrw,r,s/da-

SESrERMEUAEAJET
9

is a lower bound on (2). We note that minimiz-
ing (9) is identical to maximizing (8) with the
exception of the constant w,v,/d, in (9). In the
Case Study Section of the paper, we use (9) as
the objective function.

In the following formulation of the com-
plete model, we let {X) be a generic objective
function in the form (2), (3), (6), the negative of
(8), or (9) that we seek to minimize. Multiple
optima may occur in these optimization prob-
lems, some of which may result in frequent and
unnecessary changes of search areas. To elimi-
nate such solutions, we assign a small pen-
alty € to each change of search area and add
the total penalty to the objective function.

Based on these assumptions, we formulate
a two-stage integer linear stochastic program
with recourse, where the first-stage decision
variables determine the locations of the MCCs
and GCUs, and the second-stage decision vari-
ables specify the time-phased search areas for
the UAVs given the realized scenario. We note
that there is no reward associated with the first-
stage decision.

Notation

Indices

uu' UAV or its GCU, u € U.

t Time step, t € T.

a,a' Search area, a € UucUA,,.

s Scenario, s € S.

m Mobile control center (MCC), m € M.

[ Location for MCC, | € L.

2.¢" Ground control unit (GCU) locations,
ge€G

Sets

U Set of UAVSs,

A, Set of search areas for UAV u.

S Set of scenarios.

M Set of MCCs.

L Set of possible locations for MCCs.

G Set of possible locations for GCUs.

C(u,a) UAV and search area pairs (u',a"),
with #" €U and a’€A,,, such that UAV ' can-
not search area a’ at the same time step UAV u
is searching area a.

N(u,a) Subset of search areas A, that UAV u
can move to from search area a.

L(u,g) Subset of MCC locations L that al-
lows connection between the MCC and GCU u
at location .

G(ua) Subset of GCU locations G from
which UAV u can search area a.

H(u,g) GCU and location pairs (¢', §") such
that GCU u’ cannot be located at g" if GCU u is
located at g.

Data

€ Transition penalty for each UAV.

¢, Endurance of UAV u (time steps).

q. Probability of scenario s.

ps,r Probability of route r given scenario s.

Variables

X, ars Lif UAV 1 is searching area a at time
step t in scenario s, 0 otherwise.

Y, 1if MCC m is deployed at location /, 0
otherwise.

Z,¢ 1if GCU u is deployed in location g, 0
otherwise.

W, 1if UAV u transitions to a new search
area between time steps t and f+1 in scenario s,
0 otherwise.

Military Operations Rescarch, V12 N4 2007



AERIAL SEARCH OPTIMIZATION MODEL (ASOM) FOR UAVS IN SPECIAL OPERATIONS

Mathematical Formulation
minfX) + 24, 2 2 € Wy,

sES uelteT
s.t.
2 Xu,a,t,s =1, v Wi, t,s (1[])
AEA,
Zym,l= I,Vm (11)
1EL

> Xyes=min{|U| - 1,|C(w,a)[}

(u',a")EC(u,a)
: (1 - Xu,{:,l,»‘): v ua e Ar,,t,S (12)
Xi.‘,ﬂ,!,s = le,ﬂ,!+1.s

+ 2 Xl{,r!',r +1,87 V ”la = Aiut = |T‘ - 1,5

a'EN(u.a)
(13)
Zu,g = Z 2 Ym,/r V ”r.%* (14)
meMIEL(w.g)
2Z0=19% (15)
g
pY A P 2 (16)

u

Y Zyy=min{lU| - 1H(ug)|}

(v',g"VEH(1,Q)

(1 =gl ¥ g (1)
Xupps = 2 ZugVUa€ALLs  (18)

£EGua)
tey
2 E Xu,ﬁ,!’,s = ew V Ii,f = ‘Tl == "-’WS (19)

I'=ta€A,

Xu,n,!,s - Xu,n.!-— 18 = Wu,i‘,sr v u,a e Aurf =25

(20)
Xu,r:,l,s:Ym,{qu,gr WJ(,Y,S E {011 }.' V l‘lf”rffsrzl?’”r(‘{

Constraints (10) ensure that each UAV
searches at most one search area during a time
step. In constraints (11), we select one location for
each MCC. Air-space deconfliction is manifested
in constraints (12), where a UAV is prevented
from searching areas that are in conflict with
other UAVs’ search areas. Constraints (13) ensure
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feasible flying routes; each UAV either remains in
the same search area or moves to an adjacent area
in the next time step. We assume that there is no
transit time between adjacent search areas, other-
wise we could simply define dummy search ar-
eas. Constraints (14) determine the feasible de-
ployment locations for the wvarious GCUs.
Constraints (15) assure that each GCU is assigned
to one location only, and constraints (16) specify
that from a certain deployment location at most
one GCU can operate. Constraints (17) represent
GCU deconfliction requirement and constraints
(18) restrict UAVs’ searches only to areas control-
lable from their respective GCU locations. Con-
straints (19) limit the number of time steps in
which UAVs can be airborne. Constraints (20)
ensure that W, ,, = 1 if UAV u transitions to a
new search area in time step f. Each transition is
penalized in the objective function to avoid un-
necessary transitions.

CASE STUDY

During 2006 and 2007, several versions of this
model were implemented in several, multi-day
field experiments at Camp Roberts, California.
These field experiments involved up to 16 UAVs
searching for one or more targets in sets of con-
trolled, yet uncertain, situations. The goal of these
field experiments was to implement and test, in
cooperation with UAV operators and command-
ers, the optimization model in a real-world, op-
erational setting. The model provided optimal
deployment sites for ground units and time-
phased search areas for UAVs that were executed
in the field experiments. In the following, we
describe in detail the implementation of the
model for the October 29-31, 2006 field experi-
ment. In this field experiment we compared the
effectiveness of an optimal search plan generated
by our model with a plan formulated by experi-
enced commanders and operators.

Operational Setting and
Implementation
A Special Operations team is assigned three

UAVs: a Tern (Tern 2007), a BUSTER (Buster
2007), and a Raven (Raven 2007), each with its
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corresponding GCUs, and one MCC. Even
though all three UAVs are physically present at
the staging area, past experience indicates that
the Tern, BUSTER, and Raven can be success-
fully launched only 80%, 70%, and 60% of the
time, respectively. According to general intelli-
gence reports, a target may enter the region of
interest within a few hours. Consequently, the
team deploys its ground units - GCUs and
MCC - to certain locations so that it can rapidly
and effectively respond to alerts generated by a
specific intelligence report. This report indi-
cates an imminent entry of a specific target into
the region of interest and a corresponding entry
area. Upon receiving the specific information
regarding the target, the UAVSs are launched to
search and detect the target. The region of in-
terest is Camp Roberts, a California National
Guard base in California’s Central Coast re-
gion. According to general intelligence, the tar-
get may enter the region of interest through one
of six possible entry areas labeled E1, E2, 51, 52,
W1 and W2, see Figure 1. The target is assumed
to be a vehicle. The six entry areas, coupled
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Figure 1. Entry Areas (ovals), Destination Points
(circles), and Area Cells (boxes) in the region of
interest at Camp Roberts

with seven possible non-empty mixes of the
three UAVs, generate 42 scenarios. Once the
specific intelligence becomes available, one of
these 42 scenarios is realized and the search
operation begins. The remaining uncertainty is
with regard to the route the target selects from
the given entry area.

The planning horizon is 48 minutes, start-
ing at the target’s time of entry, and consists of
six 8-minute time steps (ie., A = 8 min). The
length of a time step has been determined after
consulting UAV operators. This length is a
compromise between increasing the resolution
and sensitivity of the model and the desire to
avoid overloading the command-and-control
system with too frequent changes in search ar-
eas. We assume that processing the specific
intelligence and preparing the UAVs for take-
off consume one time step, so the UAVs are
available for search during time steps 2-6.

The probabilities of the 42 scenarios are
evaluated as follows. Each one of four entry
areas (in the west and east of Camp Roberts)
has probability 1/8 of occurring, while each of
the two entry areas in the south has probability
1/4. These probabilities, together with the
probabilities of mission-ready mixes of UAVs,
determine the scenario probabilities ¢,, s € S.
The region of interest contains numerous roads.
From an entry area, the target moves on these
roads, along a minimum-time route, either to-
wards an exit zone in the northeast or towards
one of 11 possible internal destination points,
labeled C1,...C11 in Figure 1. The target
moves at 10 and 15 miles per hour on dirt and
paved roads, respectively. General intelligence
estimates that the target will proceed to the exit
zone with probability 0.5. Otherwise it will
move towards one of the internal destination
points. If the target exits the area, it cannot be
detected anymore. If the target reaches an in-
ternal destination point, it remains stationary
and subject to detection. All of the internal des-
tination points are assumed to be equally likely.
From this information, we generate a set of
twelve possible routes R, for the target in each

cenario, with corresponding probabilities of
occurrence p ,.

The region of interest is divided into 17
area cells, see Figure 1. Each area cell represents
one search area for the Raven. Two or three
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area cells are grouped together to form appro-
priate search areas for BUSTER and Tern. These
UAV-dependent sets of area cells, denoted A,
are designed according to the speed, maneu-
verability and sweep width of the specific
UAYV. The GCUs of the Raven and BUSTER
have eight possible locations, while the Tern's
GCU and the MCC have each only one possible
location due to operational restrictions.

All UAVs have endurance longer than 40
minutes and hence the constraints in (19) are
redundant. With this data, the model is imple-
mented in GAMS and is solved using CPLEX
10.0. The model consists of approximately
30,000 variables and 60,000 constraints. The to-
tal solution time is 2 minutes on a 3.8 GHz
desktop computer with 3 GB of RAM. The out-
put of the model is optimal locations for the
MCC and GCUs and, for each scenario, optimal
time-phased search areas for the UAVs,

Results

The model determines two central loca-
tions for the Raven and BUSTER GCUs so these
UAVs can quickly respond to targets entering
from any entry area. (Tern’s GCU and the MCC
are operationally restricted to specific locations
and no optimization is possible in this case.)
The model also determines search plans for
each scenario. Table 1 presents an example of
the model output for the scenario correspond-
ing to entry area WI with all UAVs being avail-
able. Each row in Table 1 specifies the desig-
nated area cells for the UAVs as defined in
Figure 1. We note that Raven is always as-
signed a single area cell, while BUSTER and

Tern searches multiple area cells in the same
time period due to their higher speed and alti-
tude. To compare, we also asked a group of
experienced UAV operators and commanders
assigned by USSOCOM to the field experiment
to plan search areas for the given scenarios
based on the general intelligence, the UAV
readiness data, and the optimal location of the
ground units, provided to them from the model
solution. Their resulting plan was to assign
each UAV to a certain sub-area of the region of
interest, and keep it there throughout the oper-
ation. A partial explanation for this conserva-
tive plan was the human planners’ concern
about operational constraints such as airspace
deconfliction.

We randomly generated 36 situations from
the 504 possible situations (42 scenarios times
12 target routes from each entry area). These 36
situations were implemented during the exper-
iment at Camp Roberts both according to the
model’s optimal plan and the manual plan gen-
erated by the commanders. The order of the
exercises was randomized to avoid biases due
to operator errors, day light conditions, etc.

Our model does not account for possible
loss of video link, poor visibility, and other
factors that may prevent a sensor to detect a
target, given that the target is in the sensor’s
field of view. Furthermore, the model does not
deal with target recognition and identification.
Consequently, we counted the number of detec-
tion opportunities -situations where the target is
in the UAV’s vicinity - as the measure of effec-
tiveness (MOE). Since both the target and the
UAVs were continuously tracked, this MOE
could be calculated quite reliably. In 24 of the

Table 1. Optimal search plan (given in terms of area cells, see Figure 1) in the case of Wl-entry by the

target.
Area Cells
Time Period =
Raven BUSTER Tern
0-8 min At GCU At GCU At GCU

8-16 min 6 16,17 12;13
16-24 min 10 16;17 8,9
24-32 min 11 12;13 5,6
32-40 min 7 14;15 10;11
4048 min 7

10;11 14;15

Military Operations Research, V12 N4 2007
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36 situations exercised using the model as the
planning tool, a detection opportunity of
the target was recorded. The corresponding
number when using the manual plan was 16
detection opportunities. Hence, our model in-
creased the probability of having a detection
opportunity by 50% - from 44% in the manual
plan to 67%.

5. CONCLUSIONS

We have developed a two-stage stochastic
integer linear programming model for optimiz-
ing UAV deployment and employment during
special operations search missions. The model
determines optimal locations of ground control
units and mobile control centers, as well as
time-phased search areas for UAVs. We ensure
that the output of the model is robust with
respect to a variety of contingencies by account-
ing for (uncertain) information about target
movement as well as reliability of the available
UAVs. The model has been utilized by com-
manders, UAV operators, and military air traf-
fic controllers as a planning tool during four
field experiments at Camp Roberts, California.
Comparing the optimized plan with manual
plans generated by experienced commanders,
the model provided plans that resulted in 50%
more detection opportunities of targets. We
note that commanders are not used to plan
search missions with a mix of different UAVs,
which explains part of this improvement. How-
ever, even for trained commanders, the large
number of constraints related to air space de-
confliction, line-of-sight restrictions and other
physical and operational conditions, may be
overwhelming. These constraints, coupled with
ambiguous intelligence pictures, make manual
planning tedious, error prone, and most likely-
sub-optimal. A model like ASOM, which has
been described in this paper, can prove to be a
valuable and useful planning tool for UAV
search missions. Ultimately, the goal is to im-
plement this model in a decision-support sys-
tem used by commanders in the field.
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EXECUTIVE SUMMARY

Advances in sensors and command, con-
trol, communications, computers, intelli-
gence, surveillance and reconnaissance
(C4ISR) technologies, coupled with opera-
tional needs in counterinsurgency operations,

Military Operations Research, V12 N4 2007

have led in recent years to the intensive use of
UAVs in special operations (e.g. Afghanistan,
Iraq and the Gaza Strip). However, while the
technology and basic operating procedures
are well developed and widely used, very
little attention has been given so far to tactical
issues relating to the deployment and em-
ployment of UAVs in special operations
search missions.

This paper presents a new optimization
model for the deployment and employment of
UAVs in special operations search missions.
The research has been sponsored by the US
Special Operations Command (USSOCOM)
and the model has been utilized as a planning
tool in field experiments carried out at Camp
Roberts, California, under the USSOCOM-
Naval Postgraduate School Cooperative Field
Experimentation Program. Empirical results
from these experiments show a significant im-
provement in target-detection opportunities
compared with search plans manually gener-
ated by commanders from USSOCOM employ-
ing their own judgment.
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