ABSTRACT

KIM, Gl YOUNG. Automated Image Intelligence Adaptive Sensor Management System for
High Altitude Long Endurance UAVs in a Dynamic and Anti-Access Area Denial
Environment. (Under the direction of Thom J. Hodgson and Russell E. King.)

The problem we investigate deals with an Image Intelligence (IMINT) sensor allocation
schedule for High Altitude Long Endurance UAVSs in a dynamic and Anti-Access Area
Denial (A2AD) environment. The objective is to maximize the Situational Awareness (SA)
of decision makers. The value of SA can be improved in two different ways. First, if a
sensor allocated to an Areas of Interest (AOI) detects target activity, then the SA value will
be increased. Second, the SA value increases if an AOI is monitored for a certain period of
time, regardless of target detections. These values are functions of the sensor allocation time,
sensor type and mode. Relatively few studies in the archival literature have been devoted to
an analytic, detailed explanation of the target detection process, and AOI monitoring value
dynamics. These two values are the fundamental criteria used to choose the most judicious
sensor allocation schedule. This research presents mathematical expressions for target
detection processes, and shows the monitoring value dynamics. Furthermore, the dynamics
of target detection is the result of combined processes between belligerent behavior (target
activity) and friendly behavior (sensor allocation). We investigate these combined processes
and derive mathematical expressions for simplified cases. These closed form mathematical
models can be used for Measures of Effectiveness (MOES), i.e., target activity detection to
evaluate sensor allocation schedules. We also verify these models with discrete event

simulations which can also be used to describe more complex systems.



We introduce several methodologies to achieve a judicious sensor allocation schedule
focusing on the AOI monitoring value. The first methodology is a discrete time integer
programming model which provides an optimal solution but is impractical for real world
scenarios due to its computation time. Thus, it is necessary to trade off the quality of
solution with computation time. The Myopic Greedy Procedure (MGP) is a heuristic which
chooses the largest immediate unit time return at each decision epoch. This reduces
computation time significantly, but the quality of the solution may be only 95% of optimal
(for small size problems). Another alternative is a multi-start random constructive Hybrid
Myopic Greedy Procedure (H-MGP), which incorporates stochastic variation in choosing an
action at each stage, and repeats it a predetermined number of times (roughly 99.3% of
optimal with 1000 repetitions). Finally, the One Stage Look Ahead (OSLA) procedure
considers all the ‘top choices’ at each stage for a temporary time horizon and chooses the
best action (roughly 98.8% of optimal with no repetition). Using OSLA procedure, we can
have ameliorated solutions within a reasonable computation time. Other important issues
discussed in this research are methodologies for the development of input parameters for real

world applications.
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Chapter 1

Introduction

Without accurate target information,
a long range-high precision-quick response-all round-lethal weapon is useless
just like answering correctly to the wrong question.

- Giyoung Kim
The scenario to be studied involves a situation where there is a belligerent nation that
requires surveillance in order to determine its intentions, and to provide early warning of
hostile activities. There isa UAV (Unmanned Aerial Vehicle) on station adjacent to the
hostile area. Its complement of sensors includes synthetic aperture radar, an infrared sensor,
and an electro-optical sensor. The radar can be used independently. Since the infrared and
visual sensors share the same gimbaled sensor package and use common optics, their use
needs to be scheduled. There are a large number of (geographic) Areas of Interest (AOIs)

that require surveillance.

There is a ranking of importance of the various AOIs. The ranking has been defined by the
cognizant military commander. Once a particular AOI k has been monitored, it is not
necessary to monitor AOI k again for a period of time. After that, it will become important to
monitor AOI k again. It is expected that the sensor allocation schedule for the AOIs will
affect the number of detections of target activities. The dynamics of target activity detection
is a result of combined processes between belligerent behavior (target activity process) and
our behavior (sensor allocation process). Therefore, we investigate these combined

processes and derive mathematical expressions for simplified cases.



The goal here is to develop a scheduling procedure(s) for the surveillance assets on the High
Altitude Long Endurance (HALE) UAVs such as the Global Hawk in order to maximize the
Situational Awareness (SA') of the theater of operations commander. As various events
occur in particular AOIs, their relative rankings in the commander’s priority list may change.
The schedule too may need to be adapted meet ongoing events. Models and procedures to

address the surveillance process will be developed.

1.1 Motivation

The possession of Weapons of Mass Destruction (WMD) and relentless threats of a missile
strike on a friendly country’s territories are stringent security issues. For these reasons, it is a
matter of life or death to establish an early warning system with appropriate airborne
platforms. A few decades ago, the only viable aircraft used for surveillance or

reconnaissance missions for certain areas in order to collect information over time were
operated with a human onboard. Now, however, UAVs can take over these “dull, dirty, and
dangerous missions” [55] without risk to an aircrew. Since UAVSs play an increasingly
critical role in military operations (and are being explored for numerous civilian applications
as well), the US Department of Defense (DoD) spending on Unmanned Aerial Systems (UAS)

increased from $284 million in FY2000 to $3.8 billion in FY2013 [18].

Motivated by recent advancements in UAVs, many researchers have studied route planning,

multiple UAV allocation, cooperative control of UAVs, etc. We follow the UAV

! Knowing what is going on so you can figure out what to do. [1]



classification of the ministry of defense of the UK which is based on an aircraft’s maximum
gross take-off weight and normal operating altitude (refer to the Table 1.1). In this research
we are particularly interested in the operation of HALE UAVs which are equipped with an
integrated sensor suite that provides Intelligence, Surveillance, and Reconnaissance (ISR)

capability. Surprisingly, there are few studies on HALE UAVs found in the literature.

Table 1.1: UAV Classifications (Joint Doctrine Note 3/10 [35])

Class Category Normal Employment | Operating Altitude | Mission Radius(km)
Micro <2kg Tactical Platoon <2001t 5km(LOS)
Class 1(<150kg) Mini 2-20kg Tactical Subunit <3,000ft 25km(LOS)
Small >20kg Tactical Unit <5,000£t 50km(LOS)
Class 2(150-600kg) Tactical Tactical Formation <10,0001t 200km(LOS)

HALE UAVs have several distinguishing characteristics when compared to other categories
of UAVS, such as Medium Altitude Long Endurance (MALE) UAVs. HALE UAVs can fly
over 60,000 feet for more than 24 hours and have long range high resolution sensor packages
that are superior to low level UAVs. As a result, HALE UAVs are relatively safe from
surface-to-air missile threats and have a more flexible flight path. Moreover, there is no need
to operate multiple HALE UAVs in one theatre of operation due to its wide sensor coverage.
Global Hawk, which is a HALE UAV, has been called “the theater commander’s around-the-

clock, low-hanging (surveillance) satellite,” is the most expensive and the largest UAV



currently in operation by the DoD [23]. However, its capabilities in terms of sensor coverage

and range are dominant in comparison with other UAVS.

HALE UAVs have a competitive edge over reconnaissance satellites. The chief operating
officer at the Lexington Institute said ‘4 reconnaissance satellite close enough to the earth’s
surface to collect fine details will pass over areas of interest relatively quickly, and then out
of range for most of its orbit; in order to dwell above specific locations, it must be parked in
a geosynchronous orbit 23,000 miles from the surface’ [46]. However, HALE UAVSs can

furnish a real-time image with relatively high resolution.

The primary question to be addressed in this research is: “How the different types of sensors
should be allocated to heterogeneous targets in order to maximize a commander’s SA?” In
other words, what is the most judicious policy for allocating the onboard sensor assets to a
set of targets over time? Such a policy includes how long to search, how to order the

sequence of sensor allocations and how often to revisit targets in a target rich environment.

1.2 Problem Descriptions

We are interested here in the ISR mission of a single HALE UAV system equipped with an
integrated Imagery Intelligence (IMINT) sensor suite to maintain an early warning system

with 24/7 monitoring in a theater of operation. The HALE UAV must conduct its ISR



mission in an A2AD? environment. The theatre of operation is assumed to be a bounded
region where target activities are encountered according to Poisson process with an arrival
rate A. This assumption comes from the fact that there are many factors which lead to target
activities, which is typically modeled as a Poisson process. The HALE UAVs integrated
sensor suite consists of 3 types of sensors which are Electro-Optic (EO), Infra-red (IR), and
Synthetic Aperture Radar (SAR) types. Each sensor type has different modes such as spot,
area, and Ground Moving Target Indicator (GMT]I) mode etc. Initially, it is assumed that
there exists a fixed number (K) of AOIs to monitor and the HALE UAV is not assigned to

search new AOIs since other assets will be used for that type of mission.

e ”‘\ s
Area of Interest |
|

Target 4

‘ Radariarea
\

. Z“Google®

R

Fig 1.1: An examle of an AOI Iaout [30]

There are 3 types of targets: ‘an area target’; ‘a point target’; and ‘a moving target.” As
shown in Figure 1.1 which is a typical layout of SA-5 surface to air missile launch facility.

Each AOI may comprise several targets. It is necessary to define ‘Matching matrix, M(k, n)’

2 If anti-access (A2) strategies aim to prevent US forces entry into a theater of operations,
then area-denial (AD) operations aim to prevent their freedom of action in the more narrow
confines of the area under an enemy’s direct control. [42]



which is the degree of match between an AOI k and a sensor type/mode n. For instance, if
the best matched sensor type/mode allocates to the AOI, then the degree of match is 1.
Otherwise, the degree of match is less than 1. The required time for sensor allocation to AOI
k is a function of the size of the AOI and the required image quality. Target activity at an
AOI may change over time such as troop dispositions, the erection of a missile launcher,
natural disasters like flooding, and so on. A sensor allocated to an AOI can detect these
changes by comparing historical imagery with new imagery to determine if there are any
subtle, dramatic, significant man-made or natural changes. It is assumed that SA can be
improved in two different ways. First, the SA value increases if the AOI k is monitored for a
certain period of time regardless of the target detections. Second, if the sensor allocated to

AOI k detects target activity, then the SA value will be increased. Define these two increases
inSAas V,: and V5, respectively. These two values can be additive with the ‘detection
value weight w;” and ‘‘monitoring value weight w,’. Operational environments and

commander’s intentions will affect the choice of values. Suppose that only one sensor

allocation is considered during time period 0 to t, this problem can be expressed as:

K
Maximize D" 4w, xVy x E[N§ (t)] +w, j; M (k, n)xV& (r)dz (1.1)
k=1 1 L 1

activity detection value

monitoring value

K
such that > t7 =t
k=1

where E[N (tf)] is the expected number of detections in AOI k by time t!
t¢ is a total sensor allocation time at AOT k by time t



In order to provide a framework for more detailed consideration of the problem, it will be

helpful to show the ‘target detection processes’ and ‘monitoring value dynamics.’

1.2.1 Target detection process

Consider the ‘target detection processes’ first. Based on experience as an F-16 pilot, we
assume that an intensity of target activity (1) and target activity continuance time (S) are two
major factors that affect the detection of target activity by an automatic change detection
technique or human observation. To clarify these factors in a mathematical form, define
intensity function of target activity (D) as follows:

D(I, t, t,)=1x1,
where t, and t, are the activity start and end times, respectively, and

e

_ |1 iftime t is between t; and t,
©% 0 otherwise

Thus, the intensity function of target activity is a function of intensity, activity start and end

times. Here, assume that intensity value for a short time period is uniform.

Intensity (1)
activity 1

.Intensity function of target activity 2
Upper threshold (M)

activity 3

" activity 2 ; =

Lower threshold (11)

activity 4

5

Time (1)

/——

detection h  detection ' detection
Figure 1.2: Example of intensity function dynamics



In Figure 1.2, if the magnitude of a target activity’s intensity is greater than or equals the
upper threshold value (M), that is the target activity 1, an allocated sensor immediately
detects target activity. If the intensity of target activity is less than the lower threshold (m),
that is target activity 4, the sensor never detects the target activity. If the intensity of target
activity is between lower and upper threshold, assume that we need certain amount of time to
analyze target activity to discern “unusual change” from “routine change,” which is Required
Time to Detect (RTD). Thus, in this case, once the target activity continuance time (S) is
bigger than RTD, then target detection occurs. In Figure 1.2, the RTD of target activity 2
with intensity m (lower threshold) is h seconds, and then the area of A is mh. Assume that we
always need the equivalent shaded area under the intensity function to detect a target activity,
and then the shaded area of target activity 3 (A’) should be equal to area A. Thus, the RTD of

target activity 3 (h’) with intensity m’ is mh/m’ (refer to Figure 1.3).
required time to detect

h J ® ifl <m

. . . h ..
f(I)y=required time to detect=1 ”}—? iftm<l<M
0 ifr=M
mh
M
| s
0 rlrz ,11;[ target intensity (/)

Figure 1.3: Relationship between target activity intensity and required time to detection

1.2.2 Monitoring value dynamics

In the following, we illustrate the monitoring value dynamics. Previously, it was assumed

that the SA value increases when an AOI k is monitored by a sensor regardless of target



activity detection. More specifically, knowing that ‘there is no target activity in the AOI k

for a certain period of time’ also contributes to the commander’s SA. Suppose that each AOI
k has a user-defined (or estimated) monitoring value V, (t) . The value of V,! (t) may
change depending on sensor allocation time periods. It is assumed that the sensor processing
time for AOI k (T.), and the residual monitoring value sustainment time (T.) given no
sensor allocation to the AOI k, are two major factors in the dynamics of V. (t). These

factors will closely relate to the required time for a single scan for AOI k. Thus, the sensor
processing time for AOI k is a function of the size of the AOI and the required image quality.
In the case of the residual monitoring value sustainment time for AOI k, it is natural to think

that a monitoring value will diminish after a certain amount of sensor allocated time. In other
words, there is no need to reassign a sensor to AOI k during T,¥.

There are two significant advantages by using the dynamic monitoring value, V¢ (t) . First,
it is possible to allocate a sensor to an AOI k’ which has a smaller monitoring value than AOI
k, that is, V,* (t) >V, (t) for all t. For instance, two AOIs, AOI k and AOI k', have the same
characteristics except the monitoring value, e.g. V' (t) >V,s (). In addition, each AOI has no
residual monitoring value sustainment time, i.e., T2 =Tx =0. Then, in this case, a sensor

operator will never allocate a sensor to AOI k’since AOI k always gives more “monitoring

value” than AOI k' regardless of the sensor allocation time schedule.
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Case 1: Optimal sensor allocation schedule for zero ‘residual monitoring value
sustainment time’
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Case 2: Optimal sensor allocation schedule
with ‘residual monitoring value sustainment time’ 7,7 > 75 +75 and 7, > T

Figure 1.4: Comparison between static and dynamic monitoring value

Consider the Figure 1.4 Case 1. The overall monitoring value of the AOls (V,, (t)) can be

maximized when a sensor is allocated only to AOI k because the monitoring value of AOI k

is always bigger than monitoring value of AOI k',

The overall monitoring value of the AOlIs (V,, (t)) = max {V,\f, ), V), Vo (t)}
=V (t) for all t.

By contrast, the existence of ‘positive residual monitoring value sustainment time’ may result

in an allocation to AOI k'. In Figure 1.4 Case 2, assuming that T > T +T." and T > T

then the monitoring value of overall AOls (V,, (t)) is
Vi) foro<t<Ty

Vi (t) = max{Vy; (1), Vyy (1), Viy ()} =1V () for Ty <t <TJ+T,
Vi (t) for TS +T <t <Ty+T, + T
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Second, it is easy to implement the ‘strict time window sensor allocation’ requirement by
assigning appropriate monitoring values to a specific time period. Suppose that the
monitoring value of AOI k is time invariant, i.e. V,\ (t) = a for all t where a is a constant.

On the other hand, assume the monitoring values of AOI k' are time variant. This can be
interpreted as the commander’s monitoring value projection for AOI k' changing over time.
Assume also an urgent requirement for AOI k' is ‘a sensor should be allocated in AOI k' from

ty to t,. One way to satisfy this requirement is to assign large V,* (t) values for t, <t <t,.

@ Y,
3
4
o N
0 ‘ 1 time 0 : 0 time
1. Constant monitoring value for AOI k 2. Time variant monitoring value for AOI &’
VMK Vi (0), where Tp =1, 1) =1, 1, Ty =T; =0
y
bt d :
of J— e —
P I S
\ _,‘H .I’j __ »
O RKGTETRGTETT RS E T e

Figure 1.5: Implementing a strict time window sensor allocation requirement with time
variant monitoring values

As shown in Figure 1.5, the initial sensor allocation between time 0 and t; should be AOI k in

order to maximize monitoring value of the overall AOIs (V,, (t)) since the monitoring value
of AOI k (a) is larger than the monitoring value of the AOI k’ (c) and the sensor processing

time for AOI k (T.) is equal to t;. However, the monitoring value for AOI k' at time t;
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(V,¥'(t) =b) becomes more valuable than a, i.e. b > a. Therefore, the sensor switches to

monitor AOI k' during the time period from t; to t.

A fundamental assumption for the monitoring value of AOI k (V,* ) is as follows:

1. The monitoring value of each AOI may be non-homogeneous for each time period;

2. If atime period is small enough, we can assume that the monitoring value of an AOI

k within the same time period has the same value; and

3. The monitoring value of each AOI is calculated assuming the most appropriate sensor

type and mode is assigned to each AOI

Basically, sensor allocation scheduling can be thought as sequential of decisions for selecting

AOIs and sensor type/mode at each time period.

1.2.3 Sensor allocation schedule related issues

Now that we know the general idea of ‘the objective function value’, we may better

understand the sensor allocation scheduling related issues.

The sensor allocation scheduling related issues such as:

® Inputs

Commander’s intents

Target activity detection and monitoring value of each AOI k

Sensor types: Synthetic Aperture Radar (SAR) and EO/IR sensors etc.
Sensor modes: Spot, Area and GMTI etc.

Sensor capabilities/limitations (function of time and environment)

The degree of match between the sensor type/mode and AOI

12



- Operational time horizon
- Maximum sensor reallocation intervals

- Weather forecast in each AOI

e Outputs
- Sensor allocation schedule: AOI i (sensor type/mode, starting time, ending time)

for all i
Typically, the first step in sensor management is to assign a priority to each task and with this
prioritized task list, the available sensor resources are allocated [26, 27, 48, and 66]. In fact,
the introduction of a ‘dynamic monitoring value’ makes it more difficult to assign priority in
advance for the entire time window. However, once a tentative sensor allocation schedule

for the first time period is established, then we can see the scheduling effect on SA.

The primary scenarios are discussed relative to ISR-Mission Condition (ISR-MCON).
Define ISR-MCON as an alert status of an Operational Area (OA) to measure ISR Mission
posture.

e ISR-MCON 3 is in effect during an armistice.

- Monitor the sensitive targets to maintain the status quo

- Required to schedule long term dynamic sensor allocation

e [ISR-MCON 2 is in effect when there are indications of an escalated tension in an OA.

- Significant changes in target priorities and increased number of targets

e ISR-MCON 1 is in effect during wartime after establishing air superiority in an OA.
- Reach the saturation point with additional missions such as targeting and

bomb damage assessment

13



In this research, we assume that the primary ISR Mission posture is ISR-MCON 3.

Time Sensitive Targets (TST) have their own time constraints relative to

acquirement of an image

Target information updates and response tempo will be increased

Short term dynamic sensor allocation schedule required

Table 1.2: Recommended ISR mission card and sensor allocation schedule card

Index AQOI  Coordination Characteristics Time Type Mode MV AMPN IMCN WX Opt
1 1 RDR Site EO Spot 36/23 2
2 5 Border Linel SAR Area 33/26 NA
3 4 Trucks SAR GMTI 32/24 NA
4 3 Airfield IR Spot 30/27 1
5 2 Ships SAR GMTI 29/25 NA
6 7 Personnel EO Area 28/26 1
7 9 Shore line SAR Area 27/21 NA
8 8 Border Line2 IR Area 26.5/23 2
9 3 Airfield IR Spot 26/24 2
10 1 RDR Site SAR Spot 25.8/23 NA
11 6 Armed Vehicle IR Area  25.5/22 1
12 10 - Dam - SAR Spot 24/21 NA

Note: WX Opt 1 — Cancel the AQI and find other good weather AQI to allocate EOQ/IR sensor

WX Opt 2 — Keep the AOI by overriding the allocated SAR AQI
T Mod Sensor Allocation
ype °%€ | o600 1800 0600
5 Spot AQI 1 )
2 | EO Not Available
[} Area AOLl 7
w
[0
= Spot AOI 3 AOI 3
@) IR
o Area AOI 8 AOI 6
_ | spot AOI 10 AOI 1
x 3
< C Area AQI 5 AQI 9
v o
wn
GMTI AQI 2 AQI 4

ISR
— MSN
card

Sensor
| allocation
schedule
card

A recommended form of ISR mission card and sensor allocation schedule card which should

be the final results of our sensor allocation problem is presented in the Table 1.2. Itis

composed of two parts, the ISR mission card and the sensor allocation schedule card. The

ISR mission card provides detailed descriptions of scheduled AOls, such as coordination,
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characteristics, sensor allocation time period, sensor type and mode, quantified importance
level of each AOI, UAV Air Mission Pilot Notifications (AMPN), ISR Mission Controller
Notifications (IMCN), and weather options. The sensor allocation schedule card shows a

brief summary of sensor allocation schedules for each sensor type and mode.

1.3 Outline

The dissertation is organized as follows. Chapter 2 reviews the appropriate literature with
respect to UAV related classic issues, sensor management, and earth observation satellite
scheduling. In Chapter 3 introduces several case based mathematical detection models and
verifies them with discrete event simulations. In Chapter 4 proposes a judicious sensor
allocation schedule procedure that maximizes the monitoring value within time constraint. In
Chapter 5 shows the methodologies to elicit input parameter values. In Chapter 6 describes
an actual application to a baseline scenario and an effective way to combine the detection
value and monitoring value functions as a simple mathematical formula. Finally, Chapter 7

summarizes contributions of this study and provides future research direction.
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Chapter 2

Literature Review

The next war may be fought by airplanes with no men in them at all ... Take everything
you've learned about aviation in war, throw it out of the window, and let’s go to work on
tomorrow’s aviation. It will be different from anything the world has ever seen.

- General Henry H. (Hap) Arnold

2.1 Overview

To the best of our knowledge, there is no paper which directly studies the HALE UAV
IMINT resource allocation scheduling problem to monitor AOIs in a dynamic and A2AD
environment. Therefore, we need to review several issues separately. First, we survey the
UAVs operation related classic problems. Second, we examine the most recent sensor
management methodologies. Finally, the scheduling problems for the earth observation

satellites are discussed.

2.1.1 UAV operation related classic problems

Like many other rapid growth industries, UAV operation related problems are not well
classified. Therefore, it is worthwhile to get these straight before we cover more specific

details of our problem.

There are many different types of UAVs. In Chapter 1, we classified UAVs based on weight
and operating altitudes, which directly affect their capabilities and limitations. In this case,
we use the primary factor for the UAVs operation problem as a UAV classification itself.

And then, the operational environments such as fully/partially observable states,
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deterministic/stochastic state transitions, static/dynamic environments, discrete/continuous
state spaces, finite/infinite time horizon, single/multiple UAVs operations,
centralized/decentralized UAV control, and complete/limited information sharing between

UAVs can be important factors.

UAVs Related Problem Classification
Characteristics Operational Environments Problems
- Fully Observable
= Partially Observable
Hand Launched . Shortest flight path
: Portable system ¢' . Autonomous control and operation
g Fixed EO/IR Sensors — Deterministic ok Coordinate control of multiple UAVs
=] Operate within LOS Stochastic - Formation control / collision avoidance
. small Unit level Usage ¢ - Centralized/decentralized task allocations
Static
Dynamic
Discrete
Catapult Launched Continuous
~ i 3 e ¢ *  UAVs route allocation
= Rotatable EO/IR Sensors and laser P e Real time cooperative search, confirm, attack, and
o designator Finite/Infinite BDA tasks for a team of heterogeneous UAVS
= Require Air-space Coordination horizon or state
. Tactical formation level Usage ¢
single/Multiple
UAVs
Runway take-off Centralized/Decentralized
o Equipped with Integrated Sensar Control
vy Suit:
%] e — s 2k Multiple sensor allocation scheduling
g Operate Beyond LOS
. Require Air-space Coordination Complete/Limited
- Above Operational level Usage Information Sharing

Figure 2.1: Classification of UAV operational problems

Figure 2.1 describes the characteristics, operating environments, and problems associated
with each of the three classes of UAVs. Class 1 UAVs are portable and hand launched with
fixed EO/IR sensors which can be only used within line of sight. Therefore, Class 1 UAVs
need to cruise over a target in order to acquire images of the target due to their low
operational altitude and limited sensor range capability. Most papers related to Class 1

UAVs either study the shortest path connecting all targets in order to estimate the mission
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range for tactical reconnaissance UAVs [32], or seek to minimize the number of required
UAVs [57] to cover a set of targets within limited fuel constraints. Moreover, the low
procurement cost of Class 1 UAVSs enables us to consider swarm operations. Swarm

operations require autonomous and coordinated control of multiple UAVs [17, 52].

Class 2 UAVs are characterized as mobile catapult launched with rotatable EO/IR sensors.
The notable difference in comparison to Class 1 UAVs is the requirement of air-space
coordination with commercial or military aircraft due to the operating altitude. In the case of
Class 3 UAVs, they use paved runways because they are equipped with heavy integrated
sensor suites and (sometimes) precision-guided munitions (PGMs). Using satellite data-links

make beyond LOS communication possible.

2.1.2 Sensor Management (SM) Methodologies

The remarkable advancements in sensor technology and the inherent complexity when
applied to UAVs calls for rational Sensor Management (SM) to achieve overall improvement
of system performance, in addition to the reduction of human operator workload. Ng et al.
[48] give a generic goal of SM as ‘to manage, coordinate and integrate the sensor usage to
accomplish specific mission objectives. The word ‘manage’ gives a sense of control over the
sensors, ‘coordinate’ brings out the efficient use of the sensors and ‘integrate’ brings all the
sensors into one family or combining all the sensor systems.” Hero and Cochran [26] define
the function of SM as the ‘dynamic selection of a sensor, from among a set of available

sensors, to use at each time during a measurement period in order to optimize some metric of
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performance.’ Xiong and Svensson [66] concisely define the basic objective of sensor

management as ‘to select the right sensors to do the right service on the right object at the

right time’.

The primary considerations of sensor management are:

How to measure the objective value numerically in order to compare the

performances among different sensor allocation schedules?

e What kinds of inputs do we have?

Information needs

Observations

e \What are the controllable factors?

e Control issues

Who: Commander, sensor operator, computer

When: Event driven or pre-determined time

Where: Centralized, decentralized, hierarchical

Is it fast enough to cope with a dynamic environment?

Is it good enough to use?

In general, Sensor Management may use three types of control, e.g. centralized, decentralized

or hierarchical, to aid in prioritizing tasks or sensor scheduling [48, 66]. In this dissertation,

we only consider a single platform to control integrated IMINT sensor suites; we restrict

control to centralized Sensor Management. However, it may be unrealistic to use the term

‘optimal’ for Sensor Management since the high degree of freedom and time-embedded

complex reward structure may make it difficult to achieve an optimal solution in real time.
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2.1.3 Scheduling problems for the Earth Observation Satellites

An Earth Observation Satellite (EOS), which is mounted with image sensors such as EO/IR
or SAR, usually orbits about 800 km above the earth’s surface. It takes approximately 100
minutes to orbit the Earth. Thus, there is only a limited window of opportunity to observe a
particular target area. An EOS has finite on-board data storage which only can be
downloaded within line of sight of ground stations. It has restricted power availability to
maneuver. For these reasons, selection and scheduling a sequence of observations in the
context of an EOS mission is a highly combinatorial problem. This prevents a systematic
and exhaustive search for an optimal schedule. In recent years, numerous studies [16, 19, 20,
21, 25, and 63] have attempted to explore the EOS scheduling problem. None were able to
find an optimal solution due to the inherent complexity. Kramer et al [41] point out that
‘Scheduling in a continuous plan-schedule-execute-reschedule environment requires more
than just the ability to generated good schedules. In such an environment we take as given
that the schedules generated will be good, but not optimal, as even if generating an optimal
schedule were possible, that schedule would quickly become obsolete as requirements are
revised and feedback from execution is taken into account. This view of things puts a weight
on the ability to revise and improve an existing schedule quickly.” For these reasons, various

heuristic methodologies have been applied to this problem.

Globus et al. [19, 20, 21] compare the performance of several heuristics such as Simulated
Annealing (SA) [40, 65], stochastic Hill Climbing (HC) [4], Squeak Wheel Optimization

(SWO) [37], and Genetic Algorithm (GA) [25, 31] on coordinated fleets of satellites.
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Evolutionary programming such as GA is simple because it requires only that one can
represent solutions, modify solutions, and evaluate solution fitness. However, it is not an
easy task to represent a time-lined scheduling problem in a single format, and major

operators like random swap, mutation, or cross-over may produce an infeasible schedule.

Frank et al. [11, 16] apply Heuristic Biased Stochastic Sampling (HBSS) [7] to EOS
scheduling. The HBSS repeatedly selects an observation, which still has time windows
available, probabilistically from among the possible alternatives that are weighted according

to a heuristic ranking or score.

Zweben et al. [67] and Chien et al. [9] use a constraint-based iterative repair technique (move,
insert, or delete jobs), which starts with a complete but possibly infeasible schedule, and
iteratively modifies it with a repair heuristic until its quality attains an acceptable level.
Similarly, Joslin and Clements [37] describe a “Squeak Wheel Optimization (SWO)”

technique which has a construct/analyze/prioritize cycle to improve the quality of a schedule.

A priority-based conflict-avoidance heuristic, which assigns the most conflict-free
observation time window to the most desired request with limited backtracking, is also a

popular methodology in several papers [16, 41, 63].

Lin et al. [45] treat the EOS problem as a single-machine job scheduling with a sequence
dependent setup and operation time window constraints. Lagrangian relaxation, linear search

techniques, and heuristics were adopted to solve the daily imaging scheduling of an EOS.

There are several similarities between HALE UAVs sensor allocation problems and EOS

scheduling problems. First, they usually have a fixed or restricted flight path equipped with
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advanced image sensor suites. Second, they need to allocate their limited resources in a
target rich environment. Third, each target area has a user-defined observation value. Thus,

the objective of EOS mission is to maximize the overall values over time.

Despite the similarities, HALE UAV scheduling has distinct features from that of EOSs. In
HALE UAVs scheduling, target activity detection may affect subsequent sensor allocation.
However, there is no consideration of target activity detection in EOS scheduling. Moreover,
the priority value of each AOI in HALE UAVs may change over time. Finally, it may need
to visit AOIs repeatedly to keep track of their status. Thus, even though there are various

similarities between the two problems, the problems need to be considered separately.
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Chapter 3

Target activity detection model formulations

Once the command of the air is obtained by one of the contended armies, the war must
become a conflict between a seeing host and one that is blind.

-H. G. Wells

3.1 Overview

In order to develop a sensor allocation scheduling model, mathematical models of detection
are needed. The overall objective is to maximize the commander’s SA achieved by target
detection and monitoring in AQIs. The dynamics of target detection is the result of
combined processes between belligerent behavior (target activity process) and our behavior
(sensor allocation process). Therefore, in Chapter 3, we investigate these combined
processes and derive mathematical expressions for simplified cases. These closed form
mathematical formula will be used for Measure of Effectiveness (MOE), i.e., target activity
detection to evaluate sensor allocation schedules. We also verify these models with discrete

event simulations.

3.1.1 Model1: M*/M¥*, M* /o + Dedicated sensor allocation

Target Activity Process in AOI k Sensor Operation Process

Consider a sensor assigned to monitor AOI k without interruption. Assume that the sensor
coverage is sufficient to cover the whole AOI. Assume also that the inter-arrival time of
target activities are independent and exponentially distributed with rate A. Each activity’s

continuance time S* is independent and exponentially distributed with mean 1/n. Let I be
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the intensity of the target activities in AOI k. Assume for a given AOI k, that each of the 1’s

is independent and exponentially distributed with mean 1/y and density function
f.(x)=ye". The expression,M*/M*, M*/w, means that target activity inter-arrival time,
and its continuance/ intensity are exponentially distributed. The last term, oo, represents the

self-service process. In other words, there is no service delay and capacity limitation. In

addition, dedicated sensor allocation means that a sensor is assigned to only AOI k. We are
interested in computing the expected number of detections that will occur by time t.

Notice that there are two types of detections that can occur. First, if I >M, then the target

activity can be detected immediately. Call this a Type 1 detection. Let Ny, (t)be the number
of Type 1 detections by time ¢in AOI k. { N}, (t), t=0} is a Poisson process with rate
AP[1* >M]. In other words, the expected number of Type 1 detections in AOI & by time ¢ is

EIN (t)] = Ate ™ (Figure 3.1).

4
intensity

M

| »

¢ arrival time
O 00 i} > Nk(f)
~ > fo(r)

Figure 3.1: Type 1 detection example
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Second, if m< I <M, then the target activity can be detected mh/I* time units after its arrival.
Call this a Type 2 detection. Similarly, N (t) is the number of Type 2 detections in AOI &

by time t.

In summary, define

Ny, (t): Number of detected target activities whose intensity is bigger than ‘M” in AOI k by

time ¢ (Type 1 detections).

N X (t) : Number of detected target activities whose intensity is between m and M in AOI k by

time ¢ (Type 2 detection).

Ng (t) : Total number of detected target activities in AOI k by time #, N& (t) = NJ$ () + N (t) .
N (t) : Number of undetected target activities in AOI k by time .
N (t) : Total number of target activities occurred in AOI k by time z, N*(t) = N¥ (t) + NX (t).

A
activity continuance time

detection
g 2N > k
A\ A\ - A v N;’\" (f)
» k
S > NL(@)

Figure 3.2: Type 2 detections with I =m
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In Figure 3.2 it can be seen that the Type 2 detections have an inherent delay before actual

detection occurs. In general, the detection time for the i"" target activity in AOI k whose

intensity is 1¥is T, + mh/I{ conditioned on the required time to detect is less than

. . —
arrival time  required time to detect
the target activity continuance time S¥. Therefore, it can easily be seen that target activities

that arrive between time 0 and t-mh/M can be classified as Type 2 detections by time t.

mh

0 .

‘ I IM | >

~— ~, —A J time
m

Only the target activities which arrived in this time

period can be classified as Type Il detections M

Figure 3.3: Type 2 detection characteristics

Note that { N¥(t), t>0} is a Poisson process with rate AP[m<1* <M, 1S* >mh] where

PIm<1¥ <M, I*s* th]=j:P[(ms 1 <M, 1¥s* = mh) I* =x]f . (x)dx
M
=j P[(1¥S* > mh) I = X]ye "*dx
=ij P(s* > Mg iy
m X

MM
=7/_[ e * dx

m

Therefore, the expected number of Type 2 detections in AOI & by time 7 is

mh

(4 +yX - -
E[NJ(t)]= Ay max(0,t —mﬁh)jM e« x. Putting this all together, the expected number of

detections by time t in AOI k is

,(Lmhﬂ/x)

E[Ng(t)]=E[N:A(t)]+E[N,§(t)]=/1te-yM+/1ymax(o,t—mﬁh)j:e x dx

oy M (M
~ At| e +7/,[ g X dx | , for large t
m
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Model 1 can be easily generalized for the target activity behaviors. For instance, if each

target activity’s continuance time and level of intensity are independent and identically

distributed with cumulative distribution functions G* and F¥, respectively, then the expected

number of detections by time t in AOI k is

E[NE (1)]=E[NS ()] +E[NL(@®)] =PI > M)Mmax(o,t—mvh)P(m <I1¥ <M, 1¥S* > mh)

:ﬂt[l—Fk(M)]+ﬂmax(0,t—th)J; P[(M<1* <M, 1S* > mh) I* =x]f , (x)dx

= A[1- Fk(M)]mmax(o,t—th)jr:” PI(1*S* > mh) I = x]f , (x)dx

= AM[1- Fk(M)]Mmax(o,t—m—h)jM P(s* zm—h) f . (x)dx
M “Jm X

k mh, M k
= Ml-F (lv|)]+/1max(o,t—ﬁ)jm [1-G*(

zlt{[l—Fk(M)]+j: [1-G¥(

m
X
mh

7)] f (x)dx} for large t.

DY)t (0

3.1.2 Model 2: M*/M¥*, M*/w + Alternating Renewal Processes

Target Activity Process in AOI k

Sensor Operation Process(Exponential Random on/off )

Model 2 has the same target activity process as Model 1. However, a sensor is assigned to

monitor AOI k according to exponentially distributed sensor on/off times with rates 6 and ¢,

respectively. That is, a sensor does not necessarily monitor an AOI k all the time.

Target
activity
arrival

P(I2 M)

Pm<I<M, S=[mhlI])

L

P(otherwise)

Sensor on/off

N~/

, Target
detection or not

Figure 3.4: Target activity detection process diagram
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In Figure 3.4, consider a sensor that can be in one of two states: on or off. Initially, the
sensor is off, and it remains off for a time X;. Then, it turns on and remains on for a time Y;.
It then turns off for a time X5, then on for a time Y,; and so on. It is assumed that the random
vectors (X, Yn), n>1 are independent and identically distributed. That is, both the sequence of
random variables {X,} and the sequence {Y.} are independent and identically distributed; but

we allow X, and Y, to be dependent [56].

4 Intensity
I target
M
2 target
mT mh | | -
[FE T R ] | time
I sensor “ sensor 3™ sensor f
on period n period on period
e Y »
O—O— > N (@)
B - ic
O » N, ©
BN . K
> NL()

Detection was affected
by target activity which arrived prior
fo current sensor on period.

Figure 3.5: The dependency of target activity detections on the sensor on/off cycle

Figure 3.5 suggests that the renewal reward process cannot be applied directly to Model 2
due to the dependency of target activity detection on the sensor on/off cycle. For

convenience sake, define the classes of target activities and types of target detections as

given in Table 3.1:
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Table 3.1: Classes of target activity and types of target detection

Class | Intensity of target activity: | > M
Class (.)f target Class Il | Intensity of target activity: m<1<M
activity
Class 11 | Intensity of target activity: | <m

Type 1 | Class | target activity arrival when sensor is on

Type of target Type 2 | Class | target activity arrival when sensor is off
detection Type 3 | Class Il target activity arrival when sensor is on

Type 4 | Class Il target activity arrival when sensor is off

Let Py, be the long run proportion of time that the sensor is on and Py be the long run

proportion of time that the sensor is off. Thus,

t
jol(sesnsor ison attimes)dS _ E(Sensor is On) _ E(Y) _ 1/6 _ gg -1 § 0

P, =Ilim _q_ _
0+¢& O0+¢&

> t "~ E(cycle length)  E(X)+E(Y) 1/&+1/6 6+&"

Then, the long run rate of type 1 and type 2 detections can be derived by conditioning sensor

on/off when a target activity occurred:

t

t—oow

= AP(type 1&2 detection occur)= AP(1* > M, detection occur)

P(arrived when sensor on) P(1* > M, detection occur | arrived when sensor on) +
P (type 1 detection)
P(arrived when sensor off) P(1* > M, detection occur | arrived when sensor on)

P (type 2 detection)

= A[P,,P(type 1 detection)+P,, P(type 2 detection)]

= /I[PonP(I “>M)+P,P(1*>M)P(S* > remaining sensor off time)]
=AP(I* > M){P, + P P(min(S*, X ') = X )}, where X ' is the remaining sensor off time
=AP(1* > M){P, + P, P(min(S*, X) = X)} by lack of memory property of X

:ieyM{ ¢ 9 . ¢ }:}Le’“"—gzﬂ%Jrg“
0+& O0+& u+é @+ (u+8)
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Therefore, the expected number of type 1&2 detections by time t, i.e., E[N/, (t)] is

Ate M SRl for large t.
0+ (u+8)

Similarly, the long run rate of type 3 and type 4 detections becomes

k
!imNAT(t) = AP(type 3&4 detection occur) = AP(m < 1 < M, detection occur)

P(arrived when sensor on) P(m < 1* < M, detection occur | arrived when sensor on) +
= ﬂ, P (type 3 detection)

P(arrived when sensor off) P(m < 1 < M, detection occur | arrived when sensor off)

P (type 4 detection)

= A[P,,P(type 3 detection)+P,, P(type 4 detection)]

Here, a type 3 detection event can be divided into two cases. First, type 3 detection occurs
during the sensor on cycle. In this case, the target activity continuance time and remaining
sensor on time should be larger than the required time to detection. Second, type 3 detection
occurs other than the sensor on cycle at which the target arrived. Thus, the target activity
continuance time should last until next sensor on time. Once it lasts until the next sensor on

time, the type 3 detection event starts over again due to the memoryless property. Thus,

P(type 3 detection) = P(m< 1* <M, min(S¥,Y") ZT—kh)+

detection occurs at the first sensor on cycle

P(M<1* <M, min(S*,Y" <T—P,S" >Y '+ X)P(type 3 detection)

once it last until next sensor on time without detection, it start again by memoryless property

, Where Y ' is remaining sensor on time
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= [" P(min(s*,v) > M0y e-dw + P(type 3 detection) [ P(min(s*,Y) < M Sk sy 4 X)yedw
m w m W

, by conditioning on the intensity of target activity

M —(u+0)

mh
=y| e ve "™dw+ yP(type 3 detection)J'M P(min(S*,Y) < m_h,Sk >Y + X)e"dw
m m W
, Where min(Sk Y) ~ exponential with rate (u+ 9)

;1+49
= 7/J' e w dw+yP(type 3 detectlon)j P(min(S*,Y) < — mh Sk >Y + X)e ™dw

In order to find P(min(S*,Y) < m—h,S" >Y + X), condition on the target activity
W

continuance time. Thus,

P(min(s*,Y) <~ M sksy 4 x)

mh mh

= P(min(S* Y)< ,SE>Y + X [S*>Y)P(S* >Y)+P(min(S* Y)< ,SE>Y + X |S*<Y)P(S* <Y)

0

—P(Y<—h SK>Y + XS >Y)P(Sk>Y)=P(Y < hS">Y+X SE>Y)=P(Y < hS">Y+X)

_(6+u)mh

OE(l-e v )
O+ )&+ )

mh mh
[T T A, ) e (dsdyde = w0z [ [0 [ e asayex =

M 7[(,u+6)mh+yW]
_ )/I e v dw
Overall, P(type 3 detection) = = G
1- L 1 Lem ey J' e{ + w}d
@+ &+ 7

The probability of type 4 detection also can be derived by using the probability of type 3

detection and the memoryless property of sensor off time (X).
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Thus, P(type 4 detection) = P(S* > X)P(type 3 detection)
[(,u+9)mh+yw]
5}/‘[ e dw

M- (60+4)mh W}

p+éE- 79 l(e’ym—e’“\")—.[me{ w dw

Therefore, the expected number of type 3&4 detections by time t, (i.e., E[NX(t)]) is

E[NK(t)] = At[P,,P(type 3 detection) + P, P(type 4 detection)]
N (;z+9)mh+ W _r(u+0)mh
7F’on,fMe[ o dw éVFLﬁIMe[ N
0z - (oxmh + 10E N %(9+y)mh+yw}
S L B { em-e)-["et W dw} ,u+§—{ (€ —e)-["e dw}
O+ )&+ 1) (0+n)

+yw]

=t

Therefore, the expected number of detections by time t, i.e., E[N§ (t)] is

EINE (0] = EINY 0]+ EINX (0] = ate -5+ 05 =61

O+ (u+S)
(erl))thr W 7M+ .,
+At IME[ ”W i 57Pofr.[Me[ oo
((J+,u)mh+ W (9+,u)mh+ »
L[ (e —ym e/M) J-Me{ y}dW] Py y0& [ (e’”‘ e’“") J~Me{ V}dW]
O+u)(S+m)y O+ y

The analytical solution for Model 2 can be verified using a discrete event simulation (DES).

In this DES for Model 2, we use the variables given below.

Variables

® Time variables
- t: Amount of time that has elapsed
- Target(i,1): Arrival time for target activity i

- Target(i,2): Exit time for target activity i
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- Target(i,3): Detection time for target activity i
- Sensor on(j,1): jth sensor on starting time
- Sensor_on(j,2): jth sensor on ending time

- ta: Poisson process target activity arrival time

® Counter variables
- NtotA (f): Total number of target activity arrivals by time ¢

- NtotD (t): Total number of detected target activity by time ¢

® (uantative variables
- Target(i,4) : Intensity for target activity i
To start the DES, we initialize all the variables. Since we assume that the ‘target activity
process’ is independent of the ‘sensor operation process’, we generate values for ta,

Sensor_on matrix and Target matrix separately except target activity detection time (refer to

Figure 3.6).

ta: 1 Target: 1 2 3 4 i Sensor_on: 1 2
1:  6.21 1. 621 644 0 221 1. 094 134
2: 7.83 2: 7.83 8.04 0 11.68 2: 1.70  2.08
3: 1345 3: 1345 1346 0 5.3 3: 325 444
4: 16.93 4: 1693 17.34 0 7.19 4: 530 5098
5: 18.36 5: 1836 18.49 0 712 50599 672
6: 19.71 6: 19.71 19.72 0 8.99 6: 697 7.38
7: 2023 7: 2023 2027 0 066 75 1229 12.82
8: 22.53 8: 2253 2324 0 4.05 g: ig;; iggg
9:- 2397 9: 2397 2437 0 1.08 10'_ 19'65 20-20
10- 24.05 10: 24.05 2424 0 12.18 11: 21-06 21-13
11: 27.73 11: 27.73 27.86 0 327 12: 24‘94 25‘19
ety sciuny | | iy || sevy || aeuany 13: 2578 2584
arrival arrival exit detection intensity 14 Inf Inf

e e time fime Sensor Sensor
:t:urting ;:ding

time time

Figure 3.6: Initial ta, Sensor_on, and Target matrix example with
(4, &, », M, m, h, 6, & Simulation time) = (0.5, 4, 0.2, 8, 1, 0.25, 2, 0.5, 30)

33



First, we classify target activities into 3 classes depending on their intensity. Next, we check
if the class | and II target activities are detected or not by observing sensor on/off time and

then save the detection time in the Target matrix.

ta: 1 Target 1 2 3 4 1 Sensor _on: 1 2
1: 621 1 [ 621, 6441 632 221 ] 1: 094 134
2: 783 2: 783 8.04 Inf 11.68 2: 170 2.08
3: 13.45 3: 1345 1346  Inf 5.3 3: 325 444
4: 1693 4: 1693 1734 Inf 7.19 4. 530 5.98
5: 18.36 5: 18361849  Inf 7.2 5: 1599 672
6: 19.71 6:119.71._19.72] 1971 899 6: 697 738
7: 2023 7: 2023 2027 Inf 066 71229 12.82
8 2253 8: 2253 2324 Inf 405 o ey e
9: 2397 9: 2397 2437 Inf 108 Lo, 553030
10: 24.05 10: 2405 2424 Inf 1218 . 3T0e a1
11: 27.73 11: 2773 2786 Inf 327 12 2494 2519

et ot | | e (| vy || e 13: 2578 25.84

arrival arrival exit detection intensity 14 Inf Il’lf

time time time time P P

on on
starting ending
time time

Figure 3.7: Target activity detection time storage example with
(A, &, y, M, m, h, 6, & Simulation time) =(0.5, 4, 0.2, 8, 1, 0.25, 2, 0.5, 30)

In Figure 3.7, the first target activity arrival time was 6.21 and it classified as a class II due to
its intensity 2.21 which is between M and m. Therefore, we need to check if the overlap time
between target activity continuance time and sensor on time is bigger than mh/l, where mh/I
is 1x0.25/2.21, i.e., 0.11. In this case, it satisfies the detection requirement and the actual
detection time is 6.32 which is the target activity arrival time (6.21) plus the required time for
detection (0.11). The 6™ target activity was classified as a class | and then immediately
detected because the sensor was on when the 6™ target activity arrived. The following flow

chart (Figure 3.8) explains the DES for Model2 in detail.
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Initialize : NtotA=NtotD=0, i=1
generate ta, Target, Sensor_on Matrix
Mapping : Index mapping between target activity and

GoTo
<Main For Loop Box>

Type 2 detection
Yes—u NtotD=NtotD+1

sensor on/off process Sorsirison Type 1 detection
Idxon(i}=the first sensor on period index which is hiast aevical Yesp! NtotD=NtotD+1
overlapped with the ith target activity Targetii,3)=Target{i,1)
Idxon_exit(i}=the last sensor on period index which is
No
Target{i,3)=Next sensor on starting time

overlapped with the ith target activity
i Next sensor on starting
times Target{i,2)
No [
P
Target(i,4)zM

<Main For Loop Box>
i=i:total number of target arrivals
K= tdxon(i):/dxon_exit{i)
T=max({Sensor_on(K,1),Targetii,1)}+ mh/Target(i,a)
No
<=Targetli,2) and
ms Torget(i,d)<M T<=Sensor_on{K.2
No

Yes

Type 3 detection
NtotD=NtotD+1
Target{i 3)=T

<For Loop>

K= ldxon(i):/dxon_exit(i)
T=Sensor_on(K,1)+ mh/Target{i,4)
No
<=Target{i,2) and
T<=Sensor_on(K,2

Yes

Type 4 detection
NtotD=NtotD+1
Target{i,3)=T

Figure 3.8: DES for Model 2’s flow chart

3.1.3 Model 3: M*/M¥ M*/o + Alternating Renewal Processes

Target Activity Process in AOI k Sensor Operation Process(Deterministic S ensor on/off )

In Model 3, we assume a deterministic sensor on/off process with times 1/6 and 1/,
respectively. The derivation procedure of the long run rate of type 1 and 2 detections for
Model 3 is analogous to the Model 2. Accordingly, the long run rate of type 1 and type 2

detections are
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\M

!im t(t) =1P(type 1&2 detection occur)

=AP(1“ > M)[P, + P P(min(S*, X ") = X "], where X' is remaining sensor off time
However, unlike the Model 2, we cannot use the memoryless property for the remaining
sensor off time. In other words, X " is not equal to X. Therefore, let X " equals to U/& where

U is Uniform distribution with range from 0 to 1. Then,

P(min(S*, X ) =X ") = P(min(SkéU) :%U) = j:P(min(skéU) :%u |U =v) f, (v)dv

- I:P(min(Skév) = %v)dv = j:j: P(min(Skév) = %V| $* =) f (s)dsdv

. I P R | P - S- e P
IOI; fsk(s)dsdv J.O{l F(gﬂdv foe dv P /ue (1 e j

Y7,

As a result, the expected number of type 1&2 detections by time t, i.e., E[Ny (t)] is

Agte ™ {1 +§[1_eg H for large t.
0+¢& u

For the convenience sake, we define the probabilities of the four different events;

1. P(D*") = P(type 3 detection)

2. P(D°") = P(type 4 detection)

3. P(D,") = P(type 3 or 4 detection occurs at the next sensor-on cycle)

4. P(D;") = P(Sensor had been on before target activity arrived, type 3 detection)

Note that P(D*") and P(D,") are the same since the sensor-on event and target activity

arrival cannot occur concurrently in continuous time. Thus, the long run rate of type 3 and

type 4 detections are can be denoted as:
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k
! mNAT(t) = AP(type 3&4 detection occur) = A[P, P(D")+P, P(D°")]. To derive the explicit

form of P(D;"), it is necessary to divide the D;" event into two cases. The first is that type

3 detection occurs at the sensor-on cycle when the target arrived. The second is that type 3
detection occurs in other than the first sensor on cycle. Therefore,

mh

P(DT) =P(m<1* <M, min(s* Y)>—)+ P(m<1*<M, min(S",Y )< Sk>Y+§)F’(D°”)

detection occurs at the first sensor on cycle once it last until next sensor on time without detection, it start again as D" (by memoryless property)

where Y ' is the remaining sensor on time, Y ' ~ % U ~ Uniform(0,1).

mh

_7j P(min(S¥, 9)> )e ’de+7P(D°”)I P(mln(SkU) sk 5 %)e‘””dw

Furthermore, by conditioning on U and S* in sequence, the P(D;") becomes

_H
o[ e R I i) o ] G orPOEe ¢ [ e e[”‘”[‘é”mh) ] "
H H n

Similarly, by conditioning on 1" and S¥, the P(D¢") can be expressed as

P(Dg")=P(m<1“<M, min(S*, )>_) 7[ P(min(S", —)szh)e'Vde

detection occur on this sensor on cycle

) L e )
:yj e " —e " 1P(w>6mh)e o dw

max(m,&mh)

M ™) famaE ™)) & cmax(M omh)
=)/J. e v —e o w dw+ ye Hj e "dw

M —(ﬂww) —[ﬂmax(ivmfh)WW] L -
N R S dw+e (77 mMmom) _grrmexthom) )
m
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The P(D°") also can be derived by using P(D{") and the lack of memory property of target

activity continuance time S~.

Thus, P(D°") = P(S* > X )P(DJ")

—P(s* > %)P(Dg’“) = P(D) . P(S" >%|u —v) f, (v)dv

=P(D{")[ P(S* > é)dv - P(Dg”)J':ngdv - P(Dg”)%(l—e_gJ

All in all, the expected number of detections by time t for the Model 3 is

0+¢

ELNg (0] EINK (1]
_#
:i gefyM 1_,_2 1—e ¢ +§P(an:n)+9P(Doff)
9+§ y7i

Now the basic detection mathematical models are developed. The next step we need to

E[N (t)]_’me;M [1 2[1 egﬂm{ < _p(D)+ 9§P(D°ﬁ)} for large t

3.1

check is to compare the analytical results with DES results. The parameters used in this

analysis are as follows:

e Target activity process
- Arrival rate of target activities (1) 0.5/hour

Intensity of the target activity: exponential with mean (1/y) 5
uniform with mean (1) 5

Continuance time of the target activity: exponential with mean (1/u) 0.25 hour

uniform with mean (u2) 0.25 hour

Intensity threshold of target activity M=8, m=1
Maximum required time to detect target activity h=0.25 hour
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e Sensor allocation process (Alternating renewal process)
- Exponential sensor on/off with rate § =2/hour and & =4/hour

- Deterministic sensor on/off with 1/ & =0.5hour and 1/ &£ =0.25hour

Therefore the mathematical formulas and results for each model are as follows.

1) M*/M¥, M* /oo + Dedicated sensor allocation

mh
AT %)

Detection ratio=E[N (t)]/ E[N*(t)] = At| e "™ +7I: e x dx}//lt

Mo (M 8 -(L+029)
=e/M +7/.[ e * dx=gt +0'2.[1 e *dx=0.6383

2.1814

2) M*/U¥, U* /o + Dedicated sensor allocation

Detection ratio =[1— F*(8)] +J'18[1—Gk (%)] f. (x)dx=0.796
X

3) MY/M¥, M*/oo+ Alternating Renewal Processes (Exponential on / off )

Detection ratio
15 15
2 8 —[W-ﬁ—O.ZW]dW 4 8 —[W“‘O-ZW]

5 1541 1541 dw
—e162 15 + 15

6 1 02 16 8 (2402w} 4 02 .16 8 (2102w}
1-—[5(e"“ —-e")—| e v dw] 8—-—[5(e"“—-e )| e V¥ dw
301 -], 1 8- 5 )-| ]

1

4) M¥*/M¥, M*/co+ Alternating Renewal Processes (Deterministic on/ off )

Detection ratio = %{4e‘1'6 {1+ %(1— et )} +4P(D")+2P(D°" )} =0.5222
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Comparison between analytical solutions and DES approach (1 replication)
1 T T T T T

Detection ratio
<6
(
\
|
|

—— M/M+M/Inf (Model 1)

—— M/U+U/Inf (Model 1 with Uniform distributions)
——M/M+M/Inf + Exponential sensor on/off (Model 2)
0.3 M/M+M/Inf + Deterministic sensor on/off (Model 3) —
Analytical Result for Model 1

Analytical Result for Model 1 with Uniform distributions
021 Analytical Result for Model 2

— Analytical Result for Model 3

0.1+ —
0 1 | | | | | |
50 100 150 200 250 300 350 400 450 500
Simulation time(hours)
Case 1: one replication with no truncation
Comparison between Analytical solutions and DES approach(100 times replications)
1 T T T T T T T T
0.9 —
0.8
0.7~ —
o 06 —
B
S05
S50
2
D
Oy —— M/M+M/Inf (Model 1)
—— M/U+U/Inf (Model 1 with Uniform distributions)
—— M/M+M/Inf + Exponential sensor on/off (Model 2)
0.3 —— M/M+M/Inf + Deterministic sensor on/off (Model 3)
Analytical Result for Model 1
02l Analytical Result for Model 1 with Uniform distributions
: —— Analytical Result for Model 2
— Analytical Result for Model 3
0.1 —
| | | | | | | |
950 200 250 300 350 400 450 500 550 600 650

Simulation time(hours)

Case 2: 100 replications with truncation
Figure 3.9: Graphical comparison between Analytical results and DES approach

From Figure 3.9, it is evident that the discrete event simulations converge to the analytical
results. Comparing to Case 1 which is a single simulation result with no truncation, Case 2

eliminates transient states and averages 100 simulation results out. In the long run, the 99%
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confidence interval includes the analytical results. Moreover, there is no overlapped

confidence interval among the different simulation models. (Refer to Table 3.2)

Table 3.2: Numerical results comparison between analytical and DES approaches (101
replications, 500hours, t-distribution with 100 degrees of freedom)

Analytical result DES result
T . ) . . 99% Confidence Interval
(detection ratio) (mean detection ratio)
M/MANM/ 0.6383 0.6382 (0.6298, 0.6467)
M/U+U/eo 0.796 0.7951 (0.7889, 0.8014)
M/M+M/so+Exponential ) -
I 0.49178 0.4976 (0.4904, 0.5048)
sensor on/off
M/NM+M/wo+Deterministic - - e tos no=a
0.5222 0.5267 (0.5185, 0.5349)
sensor on/off
Boxplot of M/M+M/Inf Boxplot of M/U+U/Inf
(with Ho and 99% t-confidence interval for the mean) (with Ho and 99% t-confidence interval for the mean)
% -
e e
0.550 0.575 0.600 0.625 0.650 0.675 0.700 0.750 0.775 0.800 0.825 0.850 0.875
M/M+M/Inf M/U+U/Inf
Boxplot of Model 2 Boxplot of Model 3
(with Ho and 99% t-confidence interval for the mean) (with Ho and 89% t-confidence interval for the mean)
%
a—— e
Ho Ho
0.40 0.45 0.50 055 0.60 0.45 0.50 055 0.60 0.65
Model 2 Model 3

3.1.4 Model 4: M*/M*, M¥* /o + Deterministic Sensor Allocation Process for K =5

Now let us consider the monitoring of five AOIs with one sensor. Suppose a deterministic

rotating sensor allocation schedule is used for the AOIs 1,2,3,4, and 5, i.e. the sensor
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allocation schedule is (1,2,3,4,5,1,2,3,4,5,--). Each time the sensor is allocated to AOI k, the

sensor will monitor it for time t*.

>

- P EBHNFE OENFE HRFEEE BEEEE
| | | |
[ I | I

\ A A A A J
Y Y Y Y Y

15t Cycle 2nd Cycle 3 Cycle 4th Cycle 5th Cycle

Figure 3.10: Example of deterministic rotating sensor allocation schedule

In Figure 3.10, a red cell means that target activity was detected by the allocated sensor
during the period. Even though target detection events occur, there is no change in the sensor

allocation schedule under Model 4 assumptions.

Fixed Rotation Schedule
o T T T T T

—— Target area 1,arrival rate:2/hr
—— Target area 2,arrival rate:0.5/hr
—— Target area 3,arrival rate:1/hr
— Target area 4,arrival rate:1.5/hr
— Target area 5,arrival rate:0.1/hr

Detection ratio

| | | |
0
50 100 150 200 250 300 350 400 450 500

Simulation time(hours)

Figure 3.11: DES results for deterministic rotating sensor allocation schedule with
(5, 7, M¥, m", ", t)=(4, 0.2, 8, 1, 0.25, 0.5) for AOI k, k=1, 2, 3,4,5

Figure 3.11 gives some insight for the deterministic rotating sensor allocation schedule.

Regardless of the target activity arrival rate, assuming the same parameters for each AOI
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except for arrival rate, the detection ratio will converge to the same values. This can be

shown as follows. Using Eq. 3.1, the detection ratio for target area k is

At o |10 9(1 67 ||+ ep@yrop(D™)
EINs (] _ 9 H
DA/l _ L —= for large t
E[N*()] A%t
=L{§eﬂM 142 1—e7§ +§P(D;")+9P(D°”)} (3.2)
0+¢& | H |
1 { 1.6|: 2[ AJ:| on off }
= 0.5e™¢|1+=|1—e 2% | |+0.5P(D2")+2P(D")
2+0.5 4

= 0.040379x1.49983+0.2P(D°") +0.8P(D°")
=0.06056 +0.2x0.365193+0.8x0.054516 ~0.1772  fork =1,2,3,4,5

where a sensor on time for AOI k (1/6) in each sensor allocation cycle is t=0.5 hour, and a

sensor off time for AOI k (1/&) is 2 hours (cycle length —t* = 25 t" —t* =2 hours for all k).

w=1
The independency of the arrival rate in the detection ratio for a deterministic rotating sensor
allocation schedule is well explained by Eq. 3.2 because there are no arrival rate A* terms in

the detection ratio formula.

3.1.5 Model 5: M*/M¥*, M* /oo + Dynamic Sensor Allocation Process for K =5

In Model 5, there is basically an initial rotating sensor allocation schedule for the AOIs. For
instance, in Figure 3.12, the initial sensor allocation schedule is (1, 2, 3, 4, 5). Each time a
sensor is allocated to AOI k, the sensor will monitor it for t time units. If target activities are

detected in a certain AOI during the previous cycle (let’s say target areas 1 and 3), the next
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sensor allocation schedule will be changed to the (1, 2, 3, 4, 5, 1, 3). In other words, the next
sensor allocation schedule is a function of the previous cycle’s target detection events.
Sensor allocation schedule of the 1* cycle = {1, 2, 3, 4, 5}

(i+1)™ cycle sensor allocation schedule = f (i"cycle's detection event) fori=1, 2,3, ---
={1, 2, 3, 4, 5}+{AOIs where detection occurred at i"cycle}

9

"B NP nEn  RPRENnEaEEn  Bne

| | | 1 | -
I | | | | v
N A A\ A

Y v Y Y

1% Cycle 2" Cycle 3 Cycle 4t Cycle

Figure 3.12: Example of dynamic rotating sensor allocation schedule

As expected, Figure 3.13 clearly shows that the detection ratio for each AOI converges to
different values which are proportion to the target activity arrival rate. This convergence
characteristic in a dynamic rotating sensor allocation schedule has important implications for

the possibility of estimating unknown arrival rate of new AOI.
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Dynamic Rotation Schedule
B3 T T \ T T

—— Target area 1.arrival rate:2/hr
—— Target area 2 arrival rate:0.5/hr
—— Target area 3,arrival rate: 1/hr
—— Target area 4,arrival rate:1.5/hr
— Target area 5.arrival rate:0. 1/hr

0 | | 1 | | | 1 | |
50 100 150 200 250 300 350 400 450 500
Simulation time(hours)

Figure 3.13: DES results for dynamic rotating sensor allocation schedule

Suppose we try to estimate ‘target activity arrival rate (4)’, which is the most important factor
of the target detection, for a newly assigned AOI. If other target activity parameters such as
‘intensity threshold of target activity (M, m)’, ‘maximum required time to detect target
activity (h)’, ‘distribution of the target activity intensity’ and ‘distribution of the target
activity continuance time’ follow generalized values depending on target characteristics.
That is, we already have categorized and generalized target activity analysis data. In order to
estimate 4, set all t* to the same value and then apply the dynamic rotating sensor allocation
schedule in real world HALE UAVs operation. If we assume that target activity arrival rates

in each AOI do not change over time, we can estimate the long run average sensor allocation

cycle length and sensor on/off time (1/ 0 and 1/ f) for each AOI in a cycle based on

collected data. Finally, we can estimate the unknown arrival rate for an AOI using equation

3. 3 which is rearranged form of equation 3.1.
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E[NL(©)] = A oM 149126 ¢ +EP(DM)+OP(D°")
0+< H
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Without a doubt, this method to estimate a target activity arrival rate is better than simply
designating a sensor to the newly assigned AOI for a long to get the value because the latter
will lose chances to detect target activities in other AOIs. It will be less biased estimator than
simply assigning the same amount of time consecutively to get the target activity arrival rate

in the newly assigned AOI.

Deterministic Rotation Schedule
oo \ \ \ \ T T T T
Target area 1.arrival rate:2/hr
80— Target area 2, arrival rate-0 5/hr
g Target area 3. arrival rate-1/hr
§ 50l Target area 4,arival rate:1.5/hr
E Target area 5, arrival rate-0 1/hr
s
z 40
a
E
=
=
20
0 | : | t t I
50 100 150 200 250 300 350 400 450 500
Simulation time(hours)
Dynamic Rotation Schedule
i \ \ \ T T T T
120 — Target area 1.arrival rate-2/hr —
- Target area 2, arrival rate-0 5/hr
5 10 Target area 3.amival rate:1/hr —
i Target area 4, arrival rate-1 5/hr
3 80— Target area 5,arrival rate-0_1/hr =
2 60| —
@
=
5 ap -
20 /
0 | | | ! Il
50 100 150 200 250 300 350 400 450 500
Simulation time(hours)

Figure 3.14: Number of detections for Model 3 and Model 4 using DES

46



Moreover, as you can see the Figure 3.14, a dynamic rotating sensor allocation schedule
outperforms a deterministic rotating sensor allocation schedule with respect to overall

number of detections.
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Chapter 4

Monitoring Value problem formulations
A good plan, violently executed now, is better than a perfect plan next week.
- George S. Patton

4.1 Overview

The primary focus on this chapter is to derive an optimal sensor allocation schedule that
maximizes the monitoring value. A detailed explanation and mathematical expression for the
monitoring value is found in Chapter 1.2. A discrete time integer program is formulated and
then more simple approaches are presented to get a judicious sensor allocation schedule

within a time constraint.

4.2 Discrete Time Integer Programming (DTIP) formulation

By its nature, the scheduling problem is continuous in time. However, in practice,
continuous time is frequently approximated by discretized time for computational
effectiveness. The performance of the discretized problem is closely related to granularity of
the time intervals. Bertsekas [6] proved that the solution of a discretized algorithm
converges to the solution of the continuous algorithm, as the granularity of discretization
becomes finer. Moreover, if we treat each scheduling decision as a 0 or 1variable, it can be

formulated as a binary integer program. The notation used in the DTIP is as follows.
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T  total number of time periods for a HALE UAV operations, t =1, 2, ---, T

K  total number of AOIs, k=1, 2, ---, K
N  total number of different combinations of types and modes of sensors, n=1, 2, ---, N
1=EQO/spot, 2=EO/area, 3=1R/spot, 4=1IR/area, 5=SAR/ spot,
6 =SAR/area, 7=SAR/GMTI
V. monitoring value of AOI k per time period unit
T sensor processing time for AOI k
TS residual monitoring value sustainment time for AOI k
M (k, n) degree of matching between assigned sensor type/mode n and AOI k
where 0< M (k, n) <1

|1 if sensor type/mode n is allocated in AOI k at time period t
%0 =10 otherwise

Assuming that the objective of the discrete time IP is to maximize overall monitoring value,

the IP formulation is as follows:

Maximize iii[ﬁ OxM(K, n)xx,, ]

=1 k=1 n=1

—

subject to

i Z X oo =1 forall t 1)
i D Xyen =1 for all t )

N
D Xoen <1 for all k and t (3)
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T
le.k,n > Ty XXy kn forallk and n (4)
t=1

min{T £+T4 -1}

okn + Z Xeon = MIn{Ty T —f+0xx, | 5)
t=t

fort=2,3 ---, T-1, allkandn

T;(xx

min{T 4T +TE -1} N
S Y Xy, <mingTy, T-f+13 forf=1 2,3, -, T and allk ©
t=t n=1

X «n are binary variables
Constraint (1) ensures that only one of the EO or IR sensor modes can be assigned for each
time period t since they share the same gimbaled sensor package. Constraint (2) allows only
one of SAR sensor mode to be assigned for each time period t. Constraint (3) shows that
only one sensor mode can be assigned to an AOI k for each time period t. Constraint (4)
indicates that once a sensor is assigned to an AOI k, then the sensor allocation has to be

continued during the sensor processing time. Constraint (5) means that once a sensor is

assigned to AOI k at time period f and no sensor was allocated to AOI k at f —1, then the

sensor allocation should be continued during the sensor processing time for AOI k.
Constraint (6) forces the total number of sensor allocations between period f and
f +T¥ +T¥ —1 to be less than equal to the sensor processing time for AOI k. Combining

constraints (5) and (6), guarantees that no sensor is assigned to AOI k during a residual
monitoring value sustainment time for AOI k. Overall, the total number of binary variables

is TXKxN and the number of constraints is 2T+2KT+KN(T-1).

For instance, consider the following parameters:
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T=6 K=5V,={3310,8,32,33}, T, ={3,3,1,3,3}, T, ={1, 2,3,3,3}
N=7@:EO/spot, 2: EO/area, 3:IR/spot, 4:1R/area, 5: SAR/ spot,
6:SAR/area, 7:SAR/GMTI)

11 5 8 6 5 .7 3]
211 4 6 .7 8 4 7
And the matching matrix: M(k,n)=3/.8 3 1 9 3 8 .9
46 6 9 2 6 61
5.8 8 5 .4 91 2]

That is, there are total 5 AOIs. Each AOI has different characteristics. For example, the
monitoring value, sensor processing time, and residual monitoring value sustainment time of
the AOI 1 are 33 per time unit, 3 time unit, and 1 time unit, respectively. We have 7
heterogeneous sensor types/modes available. We only interested in a sensor allocation
schedule to maximize the overall monitoring value for 6 time periods. According to the
matching matrix, the best matching sensor type/mode with AOI 1 is EO/Spot since M(AOI 1,
1) is equal to 1. If SAR/area sensor type mode is assigned to AOI 1, then the matching value

is 0.7. The IP formulation corresponding to these parameters is as follows:

Maximize 33x1xx;,,+33x0.5xX,;,+33x0.8xX;,+33x0.6x X, + -+ + 33x0.2x X,

subject to

X111+X112+X113+Xt14+xt21+xt22+X123+X124+"'+Xt51+xt52+xtss+xt54:1 forall t

Xas + Xuae + X7 + Xigs T X + Xegg 77 F Xisg + Xisp + X5y =1 forall t
Xya + Xy + Xz + Xea + Xyes + Xg T X7 <1 for all t and k
Xy + Xopn 70+ X > T, % Xy forallk and n
.
k . K R
Tp % Xk X T Xesrn T T Xt 6418k 2min{T,, T -t +1}xx,

fort=2,---, T-1,allk and n
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- k ~
Xg + X2 T Xaes T Xaea T X5 T Ko T Xaer T X i mi gy < MIN{Tp, T-1+1}
forallk andt=1,---, T

X4, are binary variables for all t, k, and n
Using the CPLEX Optimizer, the optimal overall monitoring value for the 6 time periods and
5 AOIs sensor allocation scheduling problem is 368. (Refer to Figure 4.1) In the upper part
of Figure 4.1, blue dots indicate non-zero binary variables. The x-axis is the index of binary
variables from x;11 t0 Xgs7 and the total numbers of binary variables are 6x5x7=210. The y-
axis tell us the total numbers of constraints which are 2x6+2x5x6+5x7x (6-1)=247.
Therefore, we can easily understand the structure of discretized time-indexed integer

programming with the Figure 4.1.
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Integer Programming constraints layout
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5o \\ \\ \\ | || Constraint (4)
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Index of binary variables
status: 101 SDlutiDn_SEt. =
stat.usst.r:?.ng: 'integer optimal solution' Period AOI n
time: 0.2540
dettime: 1.9553 1 1 1
objval: 368 i = a
®x: [210x1 double]
method: 12 = 1 1
mipitenc: 57 2 5 G
ax: [9Z2x1 double]
hestobjval: 368 3 1 1
cutoff: 368 3 5 &
miprelgap: 0O 4 5 3
pool: [1xl struct]
4 g 7
Elapsed time iz 0.246393 seconds. 5 1 i
integer optimal solution
5 g 7
TC = & 1 1
26@ 6 g 7

Figure 4.1: IP constraints layout and CPLEX Optimizer result for a small size problem
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Type Monitoring value dynamics
— 33 33
2
c
L4
(3]
x
3
= Z
- 33 32
c \: s s s et st rssss s sy
(3] 2 2
< & e
Type Mode Period1 Period2 Period3 Period4 Period5 Period6
o Spot AOI1 AOI'1 AOI'1 A0l 1 AOI 1
%‘ E Area
s R Spot AOI 3
Area
. Spot
= 3
- Area AOI 5 AOI 5 AOI 5
& GMTI A0l 4 A0l 4 A0l 4

Index AOI Coordination  Characteristics  Time Type  Mode LOI AMPN  IMCN
1 1 RDR Site - EO Spot 33
2 5 Border Linel - SAR Area 33
3 4 - Trucks - SAR GMTI 32
4 3 - Airfield - IR Spot 8 -
5 2 - Port - EO Spot 10 -

Figure 4.2: Representation of ‘ISR MSN card’ and ‘Sensor allocation scheduling card’ (Refer
to section 1.2.3)

Then, in order for the UAV controllers to interpret the CPLEX results, these mathematical
results can be converted to the ‘ISR MSN card’ and ‘Sensor allocation scheduling card’ by

analysts to make them understood more clearly. (See Figure 4.2)

In this small toy problem, CPLEX can give an optimal solution. However, consider a real-
size sensor allocation schedule for T=10,000 seconds (2.77 hours) and K=500 AQIs. The
total number of decision variables is 35,000,000 and the total number of constraints is
45,016,500. It is not likely to get an optimal solution using CPLEX in a reasonable amount
of time. For instance, for a randomly generated problem which considers sensor allocation to

100 AOIs with a time horizon of 100, CPLEX cannot solve it within 6 hours. If it is assumed
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that each time unit corresponds to 1 second, the calculation time for CPLEX should be less
than 1 minute 40 seconds in order to satisfy the requirements of a rolling horizon scheduling

scheme. This might be necessary to adapt to a dynamic environment.

In Figure 4.3, the average computation time of experiment set (T=60, K=10) is approximately
5,017 seconds. Suppose that the time unit of this experiment is 1 second. This means that it
takes 5,017 seconds to determine a sensor allocation schedule for 60 seconds of real time,

even for this tiny test problem.

MILP computation time with 10 AOIs (K=10)
10" ¢ T T T

—#— MILP with random number generator seed: 2072
—©— MILP with random number generator seed: 7000
MILP with random number generator seed: 1124
10° —&— MILP with random number generator seed: 7
MILP with random number generator seed: 100

Computation time (seconds)

~

10’1‘ I | | |

10 20 30 40 50 60
Time horizon: T
(T, K) (10,10) (20,10) (30,10) (40,10) (50,10) (60,10)
Number of binary variables 700 1400 2100 2800 3500 4200
Average computation time® 0.52 9.12 4.09 83.59 1034.49 5017.14

Figure 4.3: CPLEX Computation time with 10 AOlIs

8 CPU seconds on Intel® Core™ i7 870 @ 2.93GHz Processor / 8.00GB RAM / 64-bit
operating system
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For this reason, it is necessary to find an alternative methodology to determine sensor

allocation schedules within the operational tempo time constraint.

4.3 The Myopic Greedy Procedure (MGP)

Since the optimal solution for small size problems can be found by CPLEX, there is a base
criterion for the performance of other algorithms. The objective of the rest of this chapter is
to introduce alternative heuristic methodologies which can find a relatively good solution

with significantly little computation effort.

The choice of a heuristic algorithm [3, 51, 53] largely depends on the characteristics of the
problem at hand. As one has seen in discrete time integer programming, the HALE UAVs
sensor allocation schedule incorporates lots of strict operational constraints. It is necessary to
consider solution feasibility from the construction phase to the improvement phase. The
computation time for generating a single solution may take a nontrivial amount of time. The
most successful heuristics such as Genetic Algorithm (GA) [19, 20, 21, 25, 28, 31] and Ant
Colony Optimization (ACO) [10] may require a significant amount of solution construction
time since it is a population-based search method. They need a number of initial feasible
solutions, and a large number of replications to achieve a desired quality solution. Moreover,
it is not easy to represent a time-line scheduling problem in a single string solution format
and local search operators may produce infeasible schedules. Another heuristic category,
namely single point search methods [Simulated Annealing (SA) [40, 65], Tabu Search [22],

and Greedy Randomized Adaptive Search Procedure (GRASP) [13, 14, 15, 54]] need a
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properly designed neighborhood structure as well as appropriate parameter selection schemes

to control the rate of convergence (refer to Figure 4.4).

Local optimal @ /
@ <;,
A /

Q—\
%sbm optimal

b i o
Wbl s

& | Neighborhood
I\l Structure

"\G‘;ob;’loplim'l , > ! i o Solution trajectory
3-Dimension solution surface (Side view) Solution trajectory (Top view)

Figure 4.4: Example of a single point search heuristics

In addition, single point search heuristics usually use a certain type of memory structure as a
form of adaptive temperature, tabu list, pheromone, and pool of elite solutions to adjust the
level of exploration (expanding the search space to escape local optima) and exploitation
(restrict search space around a good solutions to find local optima). Unfortunately, these
complex structures lead to more reliance (and time consumption) on parameter tuning for

different problem sets.

As an alternative we present the Myopic Greedy Procedure (MGP). The main idea of MGP
is to choose an action which gives the biggest immediate unit time return at each decision
epoch without violating operational constraints, and consider sensor allocations to each AOI
as rectangular monitoring value block sequencing (described below). This will ensure that
the AOI which has a high monitoring value can be assigned a sensor at an early stage. In

Figure 4.5, the height of the block is the monitoring value, and the length of the block is the
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sensor processing time. The objective of this rectangular monitoring value block sequencing

is to maximize the total area of blocks within time horizon T.

I,
I
r \

} Vi) x Mk, n)

Figure 4.5: Rectangular block when a sensor type/mode n is allocated to an AOI k

Using the rectangular monitoring value block, notation and state transition dynamics are as

follows:

Stages m: number of sensor assignment events, m=1, 2, ---, M

States x_ ,=[t. ,, (15" t%), H ], m=1,2, ---, M

Initial state x,=[0 (0 0) 0 0---0], one by (K+3) row vector

action a, =[k, n,]: assign a sensor type/mode n_ to an AOI k_ at stage m,

ke Snﬁ;\ol, n e 1{t§9{'R<t;‘}§*} x{L,2,3, 4}+l{t§?{"‘>t§{i§*} x{5, 6, 7}+l{tnf91“R=t,§ﬁ§} x{1,2,---, 7}

State transition dynamics: [t_, (t=°" t>**), H_1=D| [t ,, (t5%/"® t**%), H_ .1, [k, n_]
X Xm-1 am
t,ﬁO“R =mint_, +Tkm T}, t,f]AR :t:i?, t = min{tEO/IR tSAR} if n,<4
{EO/R =t EO/R tSAR =minft, , +Ts", T}, t, =min{t:"" 2} if n, >4
hy =max |0, hi - (ty s +1g g X (Te" +Tg")

Elapsed time between stage m—1 and stage m

forallk and m=1, 2, ---. M
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where, t

! 'm-1

=sensor allocation decision point/time of stage m

t=9/"" = EO/IR sensor assignable time at stage m

t>*% = SAR sensor assignable time at stage m

H, .= [h, h2 h® - h% ]=residual monitoring value sustaiment time for each AOI
h¥ , is a required extra time from t__, to consider a sensor allocation to AOI k

S2°' =set of AOIs that can be allocable at stage m = zero index set of matrix H,_,

Every constraint regarding the requirements of the sensor allocation schedule is reflected in

the input data, state variables, and state transition dynamics. The MGP chooses an action
a,=[k,, n,] which maximizes the immediate unit time return {V, xM(k, n_)} for all

stage m. Define the immediate return with state xn,.; and time horizon T as

g(Xm—l’ T) =Vl\;m X M (km’ nm)x[min{T -tm—17TF!<m}] (4 1)

immediate unit time return

Therefore, the overall monitoring value achieved, with initial state X, and time horizon T, is

£ (%, T) =00, T) 49X, T+ g% 1, T)= 2 9%y, T) (4.2)

m=0
In the MGP, at each stage, check ‘where am I (state)?’ and decide the best action based on
available sensors and allocable AOIs to maximize the immediate unit time return. Then

calculate the next sensor allocation time and monitoring value dynamics for each AOI

corresponding to the current decision. The procedure continues until t, isequalto T. A
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schedule is a set of triples (Km, Nm, tm-1) for stage 1 to M. In other words, a sensor type/mode

nm was allocated to an AOI ki, at stage m from time ty. to min{ty.1+ T2, T}.

If the same example in Integer Programming is considered, we have the following

parameters:

T =6, K=5,V,={33,10,8,32 33}, T, ={3, 3,1,3,3} T, ={L 2,3,3,3}

N =7 (1:EO/spot, 2: EO/area, 3:IR/spot, 4:1R/area, 5: SAR/ spot,

6:SAR/area, 7:SAR/GMTI)

112 5 8 6 5 .7 .3
211 4 6 7 8 4 7
And the matching matrix: M(k,n)=3/.8 3 1 9 3 8 .9
416 6 9 2 6 61
518 8.5 .4 .91 2]
EQ/Spot EO/Area IR/Spot IR/Area SAR/Spot SAR/Area SAR/GMTI
AOIZ | 1o 2 | & I — s AN
S T e n | a o | G
MOV | B | Bl | B | s | B | B | U
26.4 26.4 29.7 q # S
A9 T OO DI  Hy

Figure 4.6: Layout of all potential decisions with respect to value and time

In Figure 4.6 shows the various possible decisions at each stage. When examining the

logical flow of the procedure, it is useful to observe each decision stage by stage.

1) Starting at stage 1.

™ Stagel
’:, ]

Figure 4.7: At stage 1, Xo=[0 (0 0) (0000 0)], S;**' ={1,2,3,4,5}

0
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Choose an action at stage 1 which maximizes the immediate unit time return

{VE M (k, n)}, where k e{1,2,3,4,5}and n, e{L2,3,4,5,6,7}.

Vy xM (1, 1) =33 when a, =[1 1], then x,=[0 (30) (40000)]
Vi xM (2, 1) =10 when a, =[2 1], then x,=[0 (3 0) (0500 0)
. max< Vg xM (3, 3)=8 whena, =[33], thenx,=[0 (10) (004 00)
Vyy xM (4, 7) =32 when a, =[4 7], then x,=[0 (0 3) (0006 0)
Vy; xM (5, 6) =33 when a, =[5 6], then x,=[0 (0 3) (0000 6)
g%, T)=Ve xM (@ D)x[min{T —t,,T;}] =33x1x3=99

Immediate return

[

2) At stage 2,

33

AQrY

5 EQ/IR sensor

3 SAR sensor
I"“*Stagez
0

Figure 4.8: At stage 2, x;=[0 (3 0) (4000 0)], S;°' ={2,3,4,5}

Choose an action at stage 2 which maximizes the immediate unit time return
{ViexM(k,, n,)}, where k, €{2,3,4,5} and n, {5,6,7}.

V2 xM(2, 5)=8 whena,=[2, 5],%x,=[3(33)(12000)]
e Vi xM(3, 7)=7.2 whena, =[3, 7], x,=[1 (31) (30300)]
h Vy xM (4, 7)=32 whena, =[4, 7], x,=[3(33) (1003 0)]
Vy xM(5, 6)=33 whena, =[5, 6], x,=[3(33) (1000 3)]
S g(x, T)=VE xM (5, 6)x[min{T —t,, T5}]=33x1x3=99
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3) Atstage 3,

33

AOTY
EO/IR sensor

3%
_»Stage3
3“' SAR sensor

Figure 4.9: At stage 3, X;=[3 (33) (1000 3)], S ={2,3,4}

33

where k, e{2,3,4}and n, €{1,2,3,4,5,6, 7}.

VZxM (2, 1)=10 whena, =[2, 1], ,=[3 (6 3) (1500 3)]
~.max< Vi xM (3, 3)=8 whena, =[3, 3],%,=[3 (43) (1040 3)]
Vyy xM (4, 7) =32 when a,=[4, 7], x,=[3 (36) (1006 3)]

~g(X,, T)=Vy xM (4, 7)x[min{T -t,, T, }]=32x1x3=96

4) Atstage 4,

33

_-~Staged

EO/IR sensor

SAR sensor

Figure 4.10: At stage 4, x3=[3 (36) (1006 3)], S;°' ={2,3}

where k, e{2,3} and n, e{1,2,3,4}.

Vi xM(2 D=10whena, =[2, 1], x,=[6 (6 6) (020 30)]
Vi xM (3, 3)=8 whena, =[3, 3],x,=[4(46)(00352)]
2.0(X;, T)=10x1x3=30

Since t4 equals the time horizon T, the procedure stops. The overall monitoring value

derived, f(xo, T), is 324 which is less than the optimal solution from CPLEX (for large

problems, the MGP performs much better).
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EQ/IR sensor

L A A )
H20000000 09404094 P4 904590000940%)

SAR sensor

0: 0 0 0 0 O O 0 0O 0: - - 0: -
i1- 0 3 0 4 0 0 0 O 1- 1 1 1: 99
2: 3 3 3 1. 0 0 0 3 2: 5 b 2: 99
3: 3 3 6 1 0 0 6 3 3: 4 7 3- 96
4: 6 6 6 0 2 0 3 0 4: 2 1 4: 30

total: 324

Figure 4.11: Final status, X,=[6 (6 6) (0 2 0 3 0)], and summary of results

In Figure 4.10, the decision to maximize the immediate unit time return at stage 4 was to
allocate an EO/IR sensor to AOI 2 at stage 4. However, in the CPLEX solution (See Figure
4.2), if an EO/IR sensor is allocated to AOI 3 at time period 4 then another EO/IR sensor can
be allocated to AOI 1, which has the highest monitoring value, from time period 5 to 6 since

the extra required time to consider a sensor allocation to AOI 1 at stage 3(h;) is 1.

Table 4.1: Pseudo code of Myopic Greedy Procedure (MGP)
Myopic Greedy Procedure (MGP)
Initialize state: xo=[0 0 0---0]

Stage index(m)=1

while the sensor allocation decision time(ty,-1) is less than the time horizon T do
Find the available sensor type/mode and allocable AOIs based on state Xp.1
Choose the action(an,) which maximizes the immediate unit time return
Update next state: Xm=D(Xm-1, @m)
m=m+1

end while

The MGP may not give the optimal sensor allocation, particularly at the very end of a

schedule. As shown in Table 4.1, the procedure is extremely simple. The complexity of the
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procedure is O(MxKxN). In Figure 4.12, it can be seen that the computation time of the
MGP for a problem with 500 AQOIs and 100,000 time periods takes about 1.0 second. Given
a one second increment, that is a 27.77 hour schedule. This dramatically increases a potential
tactical value of a solution in that the computation time is not a constraint to the practical

application of the scheduling model.

—+—random number generator seed: 2072
—s=—random number generator seed: 7000
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Figure 4.12: Computation time comparisons for different random seeds and problem sets
(K=1,000, M=1,000,000)

4.4 Enhanced procedures for scheduling

CPLEX can find an optimal solution, but can solve only toy problems. The MGP can solve a
large size problem within a few seconds. However, the quality of its solution is not
guaranteed. In addition, it may be possible to enhance the performance of the procedure
without investing significantly more computation time. In succeeding sections

improvements to the procedure are investigated to determine the trade-off between solution
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quality and computation time. The first key idea is to consider randomization in the

scheduling procedure. The second one is to apply a local search technique.

Here, following two questions can be asked to introduce these procedures as alternatives:
First, are the proposed procedures good enough in terms of solution quality to use as an
alternative for CPLEX? Second, are they fast enough to solve large scale problems? In
order to answer the first question, ‘relative difference with respect to optimal solution’ for

small size problems was calculated by the following formula:

CPLEX —Proposed procedure
CPLEX

Relative difference =

x100% (4.3)

Note that it is not possible to find the optimal value for large size problems with CPLEX.
Thus, it is necessary to define the ‘Relative Improvement from the MGP (AMGP)’ to

measure performance of a proposed procedure.

Proposed procedure — MGP

Relative Improvement from MGP (AMGP) =
MGP

x100% (4. 4)

4.4.1 Hybrid Myopic Greedy Procedure (H-MGP)

The advantage of MGP is an efficient computation time. However, its schedule is
deterministic. A H-MGP which incorporates randomness in choosing an action at each stage,
and repeats it a predetermined number of times, may achieve better results. Note that the H-
MGP shares some common aspects such as ‘multi-start” and ‘iterative random choice’ with

the Greedy Randomized Adaptive Search Procedure [83, 84, 85, 86]. The randomness has
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two implicit advantages. First, it can generate several different high quality schedules in a
reasonable time. Second, even though the enemy has knowledge of the flight trajectory and
scheduling algorithm of the HALE UAV, it is difficult to predict the exact sensor allocation

schedule. In the case of the H-MGP, three additional parameters need to be defined.

N,: Number of replications
N, : Number of action choices
P, : Probability of exploration

Table 4.2: Pseudo code of Hybrid Myopic Greedy Procedure (H-MGP)

Hybrid Myopic Greedy Procedure (H-MGP)

Set Nrep, Pe, and N
for Nep, do
Initialize state: xo=[0 0 0---0]
Stage index(m)=1
while the sensor allocation decision time(ty.-1) is less than time horizon T do
if uniform(0,1) < P, then do not explore
Find available sensor type/mode and allocable AOIs based on state Xm.1
Choose the action(am) which maximizes the immediate unit time return
Update next state: Xm=D(Xm-1, @m)
m=m+1
else do explore
Find the top N, AOIs among all available AQIs at state Xm.1
Choose an action(an,) among the top N AOIs (other than the top 1)
Update next state: Xm=D(Xm-1, @m)
m=m+1
end if
end while
end for
Choose the best among the Ny, different sensor allocation schedules and the MGP

Randomness in the H-MGP is controlled by ‘number of action choices’ and ‘probability of

exploration.” Suppose the ‘number of action choices’ is 3. Then, one of the actions among
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the “Top 3’, in terms of immediate unit time return, will be chosen at each stage. For
instance, in case of MGP, the top choice at each stage is taken. The ‘probability of
exploration’ means that the top alternative will be chosen with probability (1-P¢). An action
other than the top one is chosen with probability P equally spread among the ‘action choices

(Nc-1)’ (See Table 4.2).

Without exploration, i.e., P = 0, the H-MGP is the same as the MGP. If the P, = 1, that
leads to a completely random choice at each stage with ‘action choices’ other than the top
one.” In general, most of the actions at each stage in an optimal solution are the same as the
top one. The question is: What should the P be, and how many repetitions are needed to

achieve good results?

(Pe=0.5, Nc=5)
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Figure 4.13: Distribution of Pr(Top j) for j=1,2,-- -,5 (P¢=0.5, N.=5)

At each stage of the H-MGP, check whether a randomly generated number is greater than the

Pe. If the answer is yes, the action is the top one. Otherwise, choose from the N¢-1 choices.
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For instance, in Figure 4.13, the top action will be chosen if the random number is greater
than 0.5. If the random number is 0.2, the Top 4 action will be used. Overall, suppose the
number of available AQIs at stage m is greater than or equal to N, then Pr(Top 1) = 1-P,,

and Pr(Top j) = Pe/(Nc-1) where j is between 2 and N, (See Figure 4.14).

Rand > P, » Topl  Pr(Top )=(1-F,)
- P
{(N-2)*Pr(Top2)}<Rands P,——  » Top 2 | Pr(Top 2)= '—\T
Generate
Stage m —» Random number — {(N.-3)*Pr(Top2)}<Rands {(N.-2)*Pr(Top2)——> Top 3 Pr(Top 3) =—
Rand~ Unif(0,1) (N.-)
I)
‘—————0< Rands Pr(Top 2) Top N. Pr(Top N.)= ‘\7]
i =1)

Figure 4.14: Action choice decision tree diagram of a H-MGP

It is necessary to consider the desired number of repetitions to achieve good solutions within
a time constraint. Moreover, the N; and P, which are the primary factors in the diversity of
solutions, also play pivotal roles. In order to understand the effects of these various factors,
the following design of experiments is executed. In Figure 4.15, there are 4 different
combinations of time horizons (T) and number of AOIs (K). Each problem has 100 randomly
generated parameter sets. The sub-experimental design composed of 3 factors and 3 levels,
respectively. Therefore, the total number of data points we studied in this initial design of

experiment is 4x100x3x3x3=10,800.
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Main-experimental Design

| | | |
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| ]

Number of action Probability of exploration # of Repetition
choices (N,) (Pe) (Nrep)

2 3 4 0.1 0.2 0.3 100 500 1000

Figure 4.15: Initial design of experiment layout for a H-MGP

Figure 4.16 offers clear evidence of a significant difference between the MGP and the H-
MGRP results. Admittedly, the 95% confidence interval of the relative difference for the H-
MGP is much narrower than the MGP’s. Apparently, there is a dramatic ‘relative difference’
drop from 100 to 500 repetitions, however, no noticeable decrease from 500 to 1000
repetitions since the 95% confidence intervals overlapped each other. When approached
from the perspective of computation time, it is linearly proportional to the number of the
repetitions. Notice that the ‘relative difference’ can be reduced into less than 1% with 1000

repetitions.
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Figure 4.16: 95% confidence intervals of relative difference with respect to optimal value for
initial experimental designs (Pe, N, repetition times)

On the surface, the minimum relative difference can be achieved at the (Pe =0.3, N¢ =3,
Nyp=1000). By and large, it is likely that as the number of action choices increases, the
relative difference decreases. In addition, the relative difference is inversely proportional to
the probability of exploration. It is worthwhile to consider additional levels which are Top 5

and P, =0.4.

In Figure 4.17, only 1000 repetitions is considered. Interestingly, there is no improvement
for Top 5 cases and P, =0.4. Since the MGP is the same as the Top 1 case, the linked line of
each case is convex. It can be concluded that there exists a best value for probability of
exploration and number of action choices in this experiment, that is (P =0.3, N =3). Note
that the average relative difference of the MGP is almost 6 times larger than the H-MGP with

(P =0.3, N =3).
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Figure 4.17: 95% confidence intervals of relative difference with respect to optimal value for

1000 repetitions’ experimental designs (Pe, N¢)

For small size problems, the parameter set (Pe =0.3, N =3, Ny¢,=1000) gives good results.
How about large size problems? As has been noted earlier, the optimal action at most of
stages is an action which maximizes immediate return. That is to say, only a few stages’
action is not an action which maximizes immediate return. Presumably, this observation
contains a hint of small values for the parameter set (Pe, N¢) also will give reasonably good
solutions for large size problems. Then, what are the best choices in terms of Pe, N¢, and
number of repetitions? Based on the best choices for small size problems, the initial

experiment setting is as the following Figure 4.18.
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Experimental Design
(T=10,000, K=500)

b

100 Replications with different random seeds
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Figure 4.18: Initial design of experiment layout for a H-MGP (large size problems)

In Figure 4.18, the problems have time horizons (T) of 10,000 periods and 500 AQls (K).

The N¢ has five levels from 2 to 6. The P has six levels: 0.05, 0.01, 0.1, 0.2, 0.3, and 0.4.
The Nyep is critical for large problems with respect to computation time. The Ny, ranges

from one to 1,000. To begin, each set of three factors is replicated one time to grasp a broad
idea. Then, it is replicated 100 times with different random seeds to get meaningful averages.

The total number of data points in the initial DOE is 1x5x6x1000x100=3,000,000.

In Figure 4.19, it appears that P, = 0.05 and P, = 0.1 perform relatively well over the range of
the Nyep and N¢. There is little improvement from 500 to 1,000 repetitions. In order to
achieve more clarity, the experiment is repeated 100 times to calculate the average values of
AMGP. The results are displayed in Figure 4.20. As speculated, P, =0.05, and P, =0.1
performed the best. The value of AMGP gradually decreases as P, increases from 0.1. Also,
the value of AMGP gradually decreases as the P, decreases from 0.05. As the value of P,
increases from 0.1, the sensitivity to N increases. For instance, in case of the P, =0.1, there

is little sensitivity to N.. However, the sensitivity increases as P increases. Interestingly,
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‘Top2’ and ‘Top3’ performance reverses as the value of P, decreases from 0.1. Again, there

is little improvement as N increases from 500 to 1,000.

In order to find the best parameter set for large-size problems, the 95% confidence intervals
for the different parameter sets are compared in Figure 4.21. It gives persuasive evidence
that performance is concave with respect to P, and peaks between P,=0.05 and P, =0.1. In
addition, the effect of N. is relatively minor in this range. These observations indicate that
the best parameter set for large size problems may be (0.05<P¢<0.1, 2<N.<6). However,
depending on the characteristics of different problems, more detailed analysis to may be

required.

It is necessary to reiterate the two questions presented earlier in Section 4.4 as to the
adequacy of H-MGP as an alternative procedure for CPLEX. First, is H-MGP good enough
in terms of solution quality? It may be appropriate to say ‘partially yes’ for this question.
For small size problems, H-MGP achieves less than 1% relative difference to CPLEX. With
a potential improvement of less than 1.0%, and a serious time value for analysis, it is not
likely that this would be a productive effort for small size problem. However, for large-size
problems, the solution space is quite large as opposed to small-size problem. Moreover,
since the H-MGP solution is iteratively constructed without any local search technique, the
gap between the H-MGP and the unknown optimal solution may be increased. For this
reason, it is desired to consider local search technique for large problem to improve solution

quality.
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Figure 4.19: The characteristics of AMGP in terms of parameters and number of repetitions

(one replication, X-axis: number of repetitions, Y-axis: AMGP)
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Figure 4.21: 95% confidence interval comparison for the different parameter sets (1000
replications, 100 different problems, Y-axis: AMGP)

Second, is the H-MGP fast enough to solve large scale problems? In this case, Table 4.3 can
give us some insight. In Table 4.3, the average computation time for T=100,000, K=500 is
approximately 1,001 seconds with N¢,=1,000. Since the computation time is consistent from
iteration to iteration, it is possible to predict the overall computation time for the specific

number of iterations.

Table 4.3: MGP and H-MGP computation time comparisons (K=1,000)

T=# of time periods, K=# of AOIs | 500,100 | 1K,500 | 10K,500 | 100K,500
Average MGP 0.0166 | 0032 0.082 0.996

Computation | H-MGP(Nre;=500) |  1.67 10.18 36.23 | 499.03

time(seconds) |y MGP(Nep=1K) | 3.328 | 20.444 | 73133 | 10018

Assume that the operational time unit is 1 second. This means that it takes less than 17

minutes to determine a sensor allocation schedule for 27.7 hours of real time. It may suffice

76



to say that the H-MGP should work well for large-size problems in terms of computation

time.

4.4.2 One Stage Look Ahead (OSLA) procedure

As seen from the H-MGP, the objective value can be improved by randomly choosing an
action among a small number of ‘top choices.” In this regard, it is reasonable to restrict the
search space at each stage to the ‘top choices.” The OSLA procedure in Table 4.4 considers
just the ‘top choices’ at each stage m for the temporary time horizon Ty, and chooses the best

action which maximizes the combined values (immediate return and future return).

Table 4.4: Pseudo code of One Stage Look Ahead Procedure (OSLA)

One Stage Look Ahead Procedure(OSLA)

Set T and N
Initialize state: xo=[0 0 0---0]
Stage index(m)=1
while the sensor allocation decision time(tn.1) is less than time horizon T do
Find the top N, AOIs among all available AQOIs at state xn,.; based on immediate return
for k1 the top Nc AOIs do
Calculate the immediate return when AOI k is chosen
Apply the MGP to calculate the future return for min{ty.1+ T, T}
Calculate the combined return (immediate return+ future return)
end for
Choose the action(an,) which maximize the combined return among the top N; AOIs
Update next state: Xm=D(Xm-1, @m)
m=m+1
end while

Since there is no repetition in the OSLA procedure, the computation time is negligible given
that the temporary time horizon is properly selected. The quality of the sensor allocation

schedule may be enhanced by considering future return.
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In order to implement OSLA procedure, additional notations are necessary to be defined:

T,: Temporary time horizon of stage m, m=1,2, ---, M

q(x,,, [k, n,1): immediate return when action [k n_] is chosen at state X, ,

best .
m -

a best action chocie at stage m

where q(X, ;. [K, nm]):Vh;m xM (AOI K, n,)x[min{T —tm_l,TFl‘m}]

X

best

——— .
a, =max4q(x,,, a)+ f(D(x,,, &), T,);, ae{Top choices at stage m}

immediate return future return until time T,

From the previous example in Chapter 4.3, the OSLA gets the same solution at CPLEX (See

Figure 4.22).
33 33
Aol1 8 AOI3 AGI1

EOQ/IR sensor

33 32 6

< SAR sensor

X: 1 2 3 4 5 6 7 8 action: 1 2 stage: g(X)
0: 0 0 0O OO O 0 O 0: - - 0: -
1-: 0 3 0 4 0 0 0 0 1: 1 1 1: 99
2: 3 3 3 1.0 0 0 3 2: 5 6 2: Q99
3: 3 4 3 1 0 4 0 3 3: 3 3 3: 3
4: 4 4 6 0 0 3 5 2 4: 4 7 4: 96
5: 6 6 6 2 0 1 3 0 5: 1 1 5: 66
total: 368

Figure 4.22: Summary of OSLA procedure results

Two hundred randomly generated small-size problems are compared using the MGP, the H-
MGP, the OSLA procedure, and CPLEX. Clearly, the MGP performs poorly relative to
CPLEX (see Figure 4.23). Note that the relative difference of the H-MGP is less than OSLA.
For small-size problems, the potential search space is relatively small. Thus, the feature of
the H-MGP (many repetitions accompanied by random choice) works better than a single

implementation with a local search technique. If the OSLA is implemented several times
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with random ‘top choices’ and ‘a temporary time horizon’ at each stage (call this OSLA-

replications), the solution quality improves significantly.

5,
Variable Mean  StDev
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Figure 4.23: 95% confidence interval of relative difference comparisons for small-size
problems ((K=10 or 20, T=20 or 30), H-MGP 1000 repetitions)

To compare the relative improvement of the OSLA and H-MGP for large-size problems, 30
randomly generated problems were conducted. From Figure 4.24, the OSLA outperforms the

H-MGP.

variable Mean  StDev 1000 1 el
.

cos H-MGP 0.7004 0.2674
pb OSLA 211526 0.3264
OSLA-replication 2.4416 0.3707
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Figure 4.24: Relative improvement and computation time comparison for 30 randomly
generated large-size problems (K=500, T=100,000 seconds, H-MGP 1000 repetitions)
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In addition to an improved objective quality, the computation time for OSLA is much faster
than the H-MGP. For instance, suppose that the computation time for MGP is 1 second, and
then the H-MGP with 1,000 repetitons takes approximately 1,000 seconds. It takes only 17
seconds for the OSLA procedure. A better solution approach is possible, but would typically
take significantly more computational effort. In reality, since several input parameters such
as monitoring value of each AOI are often not known exactly, a decisive distinction between
near optimal and the optimal solution may not exist. Moreover, as one can see in Figure 4.25,
the OSLA procedure is very intuitive and simple to understand. For these reasons, it is
relatively straightforward to achieve the desired accuracy from the OSLA procedure for large

problems. Overall, the OSLA procedure is a rational alternative to the alternatives presented.

MG OSLA

o

1-P,

Top -
% choices P(Top2)=F, /2

aRalaae,
D DOOD

& P(Top3)=F. /2
g Immediate g Future
return . return
Deterministic decision Stochastic decision Deterministic decision
among ‘Top choices’ among ‘Top choices’

Figure 4.25: Snapshot comparison of different procedures at each stage
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Figure 4.26: Sample sensor allocation diagram as a function of the time horizon T (Green:
SAR sensor, Red: EO/IR sensor, Star: starting point, Blue circle: unallocated AOI)

A sample sensor allocation diagram using the OSLA procedure is illustrated in Figure 4.26.
One hundred randomly generated AOIs are located within a 100 by 100 notional theater of
operation. As the time horizon T increases, the number of unallocated AQOls (blue circle)
decreases. At the same time, the frequency of the sensor reallocation to the high-valued

AOlIs increases.
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Chapter 5

Methodologies for the development of input parameters
If our Air Forces are never used, they have achieved their finest goal.
- General Nathan F. Twining

5.1 Overview

The focus of this chapter is to introduce methodologies for the development of input
parameters. The chapter consists of two parts: (1) a modeling approach using conjoint
analysis [38, 47] to obtain a ‘monitoring value’ for each AOI; and (2) a meaningful way to
set the ‘Matching Matrix’ with both a quality of the information obtained and the time

required to determine that quality of information as a function of the sensor mode.

5.2 Monitoring value of AOls

The sensor allocation schedule for HALE UAVs is very sensitive to the target detection and
monitoring value of each AOI. In this section, a practical way to derive a numerical
monitoring value (or utility) of each AOI is introduced. In other words, the relative value of

allocating a sensor to an AOI versus allocating the sensor to another AOI is introduced.

It is important to perceive the principle behind value assignment in a military campaign.
Ancient Chinese strategist Sun Tzu said ‘know the enemy and know yourself; in a hundred
battles you will never be in peril.” In this context, much attention should be given to the

following questions in order to assign a meaningful monitoring value of each AOI:
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(1) What is the probable course of action of the enemy? (Know the enemy)
- How is the enemy expected to make surprise attack?
- What do they intend to accomplish in first 24 hours?

- What are the assets they will use to achieve their objective?

(2) What is the core value to protect? (Know yourself)

What is most vulnerable to enemy attack?

What are the necessary assets to continue our mission?

What are the imminent threats to these assets?

What is the primary objective of the HALE UAV mission?

In short, high monitoring values should be assigned to AOIs which the enemy wants to hide,

and which is critical to their mission.

US Joint Forces Command developed the Target Value Analysis (TVA) tool [8, 36] to assign
values for each target and to establish engagement priorities. The TVA is defined as ‘a
process identifies potential High Value Target (HVT) sets associated with critical enemy
functions that could interfere with the friendly Course Of Action (COA) or that are vital to
enemy success.[36]” The integral part of the TVA is target spreadsheets which provide a
recommended priority and attack sequence (Figure 5.1). The right side of the relative value
matrix in the target spreadsheet shows the relative worth of each target using a bar chart. The
relative worth of a target is the relative effect on friendly force’s operations when a
successful attack on the target occurs. However, the primary objective in this dissertation is

identifying signs of enemy provocation or war rather than attacking potential targets.
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(Classification)
/Title and sheet number
| DIV | TACTICAL DEPLOYMENT ‘ 18 VRelatlve value matrix /Attack rationale column
D D L Command centers coordinate Main CP (28, 38)
I E ) movement, refuel, resupply, Rear CP (27, 40)
security. Fire support centers Forward CP (39)
2 k T TARGET SET RELATIVE close b
WORTH Lines of communications Checkpoints
U Y T allow high speed Major travel routes
P transit/resupply
T Maneuver elements bunched Deployed elements
X c and vulnerable. Primary force (46,48)
X X Fire Support component. Movement (50, 51)
X X Maneuver Fire support systems Fire direction (1, 2, 3)
APA active later in the Weapons (19, 20)
Engineer operation/screen
X X RSTA - movement.
" < " Reconna\ssanlce RSTA assets perform route Radar (14, 17)
Nuclear/Chemical reconnaissance and flank Recon patrol (84, 85)
X X Class Ill POL security.
Class IV Ammunition
I X Mai lu f POL storage and transport Transport (111, 128)
ass .a'n enance aid transit and maintain Storage (114, 115)
X Lift momentum.
X LOC o
——  Specific high value target
(Classification)

Figure 5.1: Example of target spreadsheet-Front [36]

For this reason, it is necessary to introduce a somewhat different value assignment procedure
which is simple enough to understand for end users and can easily determine new value in a

dynamic environment.

Conjoint analysis is one of the terms used to describe a broad range of techniques for
estimating the value people place on the attributes or features that define products and
services. The actual values obtained by these statistical methods are not important, only the
relative values or relationship between each of the attributes are needed. The main idea is to
construct a value system by asking about preferences on a small subset of AOIs and then

using conjoint analysis to make predictions about relative preferences for any other AOI.
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The monitoring value elicitation procedure is composed of two parts using inductive
reasoning and conjoint analysis. In inductive reasoning, a list of all potential AOIs is made.
Then major attributes of these AOIs are determined. In conjoint analysis, statistical analysis

is used to quantify the monitoring value of each AQI (see Figure 5.2).

Representative AOI Lists / ’ Direct \ Monitoring value of AOls R
. attack  / ‘
- AOI 1: Air defense RDR site e T 3 V4 N -AOI1:3.2
- AOI 2: Border line troops B - B o -AOI2:4.8
- AOI K: Heavily mechanized unit | /|~ Major Lot -AOIK: 10.7
attributes /'
(oo 3 /" Lethality
g time
\ J\ . :
Inductive reasoning Conjoint analysis
(Discern major attributes) (Statistical analysis)

Figure 5.2: The monitoring value elicitation procedure
The detailed monitoring value elicitation procedure is as follows:

Step 1: List the representative AOIs

List the representative AOIs which reflect the commander’s intent and intelligence
needs (Table 5.1).
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Table 5.1: Example of the representative AOI list* with the description of major attributes
Lists Description Location Response time Lethality
AOI 1 Air defense radar site 100km from friendly force 30 minutes Low
AQI 2 Border line troops 5km from friendly force 10 hours Medium
AOI 3 Combat jet airbase 150km from friendly force 30 minutes Medium
AOl 4 Naval port 50km from friendly force 48 hours Medium
AOI 5 Chemical plant 200km from friendly force 72 hours Medium
AOI 6 Nuclear facility 300km from friendly force 1 week High
AOI'7 Long range artillery 20km from friendly force 10 hours High
AOI 8 ICBM launch facility 180km from friendly force 48 hours High
AOI 9 Helicopter airbase 50km from friendly force 1 hour Low
AOI 10 POL storage 220km from friendly force 2 days Low
AOI 11 C3 center 250km from friendly force Not Available Low
AOI 12 Heavily mechanized unit ~ 200km from friendly force 72 hours High

Step 2: Determine major attributes and its associated levels

Determine major attributes and their levels that reflect the commander’s intent as well
as intelligence needs from the AOI list. Experience, intuition and qualitative research
are needed to discern the major attributes. It is critical to carefully determine the
major attributes. Too many attributes can increase the difficulty of the ranking task
and reduce the predictive accuracy of the conjoint model. Too few attributes can
reduce the predictive capabilities of the model. From the literature [64], eight
attributes with three levels for each attribute are commonly used in conjoint analysis.
For simplicity, the major attributes and levels used in this analysis are:
(1) Direct attack capability: 2 levels (Possible/Not Possible) with consideration of the
distance from friendly forces and the inherent range of the threat;
(2) Response time: 2 levels (Short - less than 24 hours (imminent threat), Long -
more than 24 hours (remote threat));

(3) Lethality of the threat: 3 levels (High 7, Medium <>, Low |).

* This list illustrates just an example of a notional situation. The actual list may have more
detailed descriptions of each AOI including its battle field function.
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Step 3: List all representative AOIs with the description of major attributes and levels.
One of the outstanding advantages of making a list for all the representative AOls
with the description of major attributes and levels is that it provides the big picture of

the current situation in a concise form.

Step 5: Determine commander-analyst interaction format.
In the case of commercial analysis, the data collection methodology is crucial to the
quality of data and its cost. However, in the military, the ranking decision can be

made by the commander and/or staff his/her officers.

Step 6: Decide on response type.
If the number of AOISs in consideration is small e.g., less than 20, then assign ranks
directly (Table 5.2).

Table 5.2: Commander’s ranking decision examples for each AOI

) Attributes
Categories _ _ _ Rank Value Note
Direct attack Response time Lethality
@] < 24hrs 1 1 12 AOI 7
A @] < 24hrs — 2 11 AOI 3
@] > 24hrs 1 3 10 AOI 8
(Value: 8~12)
X < 24hrs 1 4 9 AOI 12
X > 24hrs 1 5 8 AOI 6
@] > 24hrs — 6 7 AOIl 4
B 0] < 24hrs 1 7 6 AOI 9
(Value: 4~7) @] > 24hrs 1 8 5 AOI 11
X < 24hrs — 9 4 AOI 2
c X < 24hrs 1 10 3 AOI 1
X > 24hrs — 11 2 AOI 5
(Value: 1~3)
X > 24hrs l 12 1 AOI 10

If the number of AOIs is large, then paired comparison with tournament ranking or a
top-to-bottom ranking may be more accurate. Ranking n AOls is equivalent to

making n(n-1)/2 paired comparisons, or choices. For a top-to-bottom ranking, the
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Step 7:

Step 8:

commander is first asked to sort the AOI descriptions into three piles, like A/B/C.
Then the commander is asked to rank within the piles. Conjoint analysis can be used

to assign a rank to each AOI and derive values for each attribute in the AOls.

Decide on a data analysis technique to quantify the commander’s ranking.

There are several statistical analysis tools that might be used. Multi-regression
analysis, Monotone Analysis Of Variance [43, 49], logit regression [24], and Linear
Programming Techniques for Multi-dimensional Analysis of Preference [59] are
candidates here. In this example, multi-regression analysis is used due to its
relatively superior performance for ranking ordering data, and for its simplicity. The

final equation of the multi-regression model should be Value=fo+ f1X(Dircct attack) ™

Box<2anesyt B3X(Lethality High) BaX(Lethality Medium)-

Derive multi-regression model.
There are three categorical variables. The ‘direct attack’ and ‘response time’

variables have two levels. The ‘lethality’ variable has three levels (Table 5.3).

Table 5.3: Data input example for multi-regression analysis

AOI Rank Value Directattack Response time(<24hrs) Lethality High Lethality Medium
7 1 12 1 1 1 0
3 2 11 1 1 0 1
8 3 10 1 0 1 0
12 4 9 0 1 1 0
6 5 8 0 0 1 0
4 6 7 1 0 0 1
9 7 6 1 1 0 0
11 8 5 1 0 0 0
2 9 4 0 1 0 1
1 10 3 0 1 0 0
5 11 2 0 0 0 1
10 12 1 0 0 0 0

Using the statistical package MINITAB, the final equation of the multi-regression

model is Value = 0.75+ 4X(pirect attack)t 2X(<24nrs)+ OX(Lethality High)+ 2.25X(Lethality Medium)-
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Table 5.4: Multi-regression analysis results

Predictor Coef  SE Coef T P Analysis of Variance

Constant 0.75 0.7520 1.00  0.352 | Source DF SS MS F P
Direct attack 400  0.6726  5.95 0.001 | Regression 4 133.5 33375 24.59 0.000
Response time 2.00 0.6726  2.97 0.021 | Residual error 7 9.5 1.357

Lethality High 6.00  0.8238  7.28 0.000 | Total 11 143.0

Lethality Medium  2.25  0.8238  2.73  0.029 S=1.16496 R-Sq=93.4% R-Sq(adj)= 89.6%

First, in order to check the utility of the multi-regression model, conduct a test of the
overall model adequacy using the F-test with a null hypothesis Ho: o= f1= f2= f3=
ﬁ4:0. In

Table 5.4, the F-statistic value is 24.59 which is bigger than F 05 4, 7=4.12. Thus,
reject the null hypothesis with 95% confidence. Second, check the P-value of each of
the S parameters. Notice that all of the f parameters except Sy are significant. Third,
see the R-Square value. It indicates that approximately 93.4% of the sample variation
in ‘Value’ can be explained by this model. Finally, order the explanatory power of
the each attribute in accordance with the T-statistic value. As can be seen, the order
of the degree of contribution is Lethality High> Direct attack> Response time>
Lethality Medium.

Step 9: Calculate the monitoring value of each AOI using the model.

Substitute each AOT’s attributes into the model and reevaluate their values.

Table 5.5: Monitoring value of each AOI as calculated by the multi-regression model

AOIl1 AOI2 AOI3 AOI4 AOI5S AOI6 AOI7 AOI8 AOI9 AOII0 AOIll AOIl2

Value

2.75 5.00 9.00 7.00 3.00 6.75 1275 10.75  6.75 0.75 4.75 8.75

Thus,

once one knows the attributes of a newly assigned AOI, the multi-regression model can

be used to calculate its monitoring value. In addition, this whole procedure should be

repeated as the tactical situation progresses. Note that the existence of alternative
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intelligence resources such as Human Intelligence, and Signal Intelligence can be an
additional attribute to consider. In summary, the monitoring value represents the relative
importance of each AOI in terms of commander’s overall SA. Obviously, conjoint analysis
provides a methodology for assessing an individual’s value system, which specifies directly

or indirectly the value a commander puts on each of the attributes.

5.3 Matching matrix

The degree of matching between AOI k and sensor type/mode n, which is represented as a
matching matrix, M(k, n), is a crucial factor to a sensor allocation schedule. Where sensor
type/mode n is composed of 1: EO/spot, 2: EO/area, 3: IR/spot, 4: IR/area, 5: SAR/spot, 6:
SAR/area, and 7: SAR/GMTI. For instance, suppose that IR/area mode is the most
appropriate sensor type/mode to get the desired information for AOI 1 which is a heat
transfer facility. If IR/area mode was assigned to AOI 1, then the matching value, M(AOI 1,
4), is 1. However, the matching values for other than IR/area mode may be less than 1. The
question is how to determine the matching values for other sensor type/mode with AOI 1?
The one way to decide on these values is using the concept of Time Trade-Off (TTO). The
TTO technique which was introduced by Torrance et al [61] mainly focuses on the utility of
health states. In general, the utility of perfect health state equals to 1 and the utility of dead
equals to zero. In order to evaluate a health care program which improves patients’ health
condition, policy makers need to know the utility of the current and improved health states.

Apparently, the utility of these health states are somewhere between zero and one. Suppose
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that some patients can live for t years with health state i followed by death. If they receive a
new treatment, then their health state will be improved to j without changing expected life
length. The question one can ask to find the utility of each health state is ‘If you can live in a
perfect health state instead of a current health state of i, how many years (x;) are you willing
to trade for perfect health?” The time x; can be changed until you are indifferent between the

two alternatives. At this point, the utility of health state i, that is h;, becomes xi/t (see Figure

5.3).
Utility Udliy
‘r e ettt i ‘r r : 1
lUtility of health state i(h) = —~= 0.4 lUtility of health state j(h,) = ~L=0.6!
Perfectl l_.‘_.‘_‘._‘._.._.._.‘_.‘_..i ‘‘‘‘‘ — |________._“_”________‘_“_"r _______ |
health 1 :
i h
h
: > i i >
Dead () P ~10  fime " X6 =10  time

Figure 5.3: The utility of health state i and j elicited by TTO

Similarly, the degree of matching for a certain sensor type/mode to an AOI can be measured
with additional sensor allocation time to achieve equivalent information to the best fit sensor
type/mode (Refer to Figure 5.4). The key ideas are, first, the length of time to get desired
information is different depending on AOI characteristics and sensor type/mode. Second, we
prefer to allocate a sensor which has a short length of sensor allocation time to get the same
level of information since time is money. In the upper part of Figure 5.4, when sensor
type/mode 4 (IR sensor/area mode, green line) is assigned to AOI 1, it takes t, time to get
desired information from AOI 1. As one can See, t, is the smallest one among all other times

since the matching value, M(AOI 1, 4) = t4/ty, is 1. If sensor type/mode 7 (SAR sensor/GMTI
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mode, purple line) is assigned to AOI 1, then it takes t; time (o) to get the desired
information from AOI 1. In other words, sensor type/mode 7 is not appropriate for

assignment to AOI 1. Thus, the matching value, M(AOI 1, 7) = t4/t;= 0.

Matching value
A
1
tu/ts
ti/tr
to/'t
ta/ts
tuts
0 i T ; f > time
Iy t; 4 ts ts t, =m0
M(AOIln)[[i LoLL L L@[& Lol WL
L L Loy L0 L ot L, I

Figure 5.4: Rainbow time tradeoff graph for AOI 1 and corresponding matching matrix
In summary, the matching matrix can be established by following steps:

Step 1: The intelligence analyst chooses the most appropriate sensor type/mode for each AOI

to get the intended information and to determine the required sensor allocation time.

Step2: Ask following question to the analysts- “Suppose that the most appropriate sensor
type/mode is available and it is required to assign an alternative sensor type/mode i,
how much more time should be assigned to achieve the same quality of information?”’

min(t,t;,-
k

Y : .
Step3: Calculate M (k, n)= 1) for all k and n, where t*is the required

n

sensor allocation time for sensor type/mode n to AOI k.
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Chapter 6

Application to the baseline scenario

Information is a source of learning. But unless it is organized, processed, and available to
the right people in a format for decision making, it is a burden, not a benefit

- William Pollard

6.1 Overview

This chapter presents the baseline scenario of a HALE UAV mission and shows its
application with the customized OSLA in rolling horizon sensor allocation scheduling. An
effective way to combine detection value and monitoring value functions as a simple

mathematical formula without sacrificing characteristics of each component will be discussed.

6.2 Baseline scenario

In order to demonstrate a real world application case for OSLA which was discussed in
Chapter 4, the following baseline scenario is given. The scenario presents several issues

faced by sensor allocation schedulers, while providing nominal, unclassified scenario.

For the baseline scenario, consider the case that a single HALE UAV operates in a 24 hour
shift to observe a militant nation that routinely threatens to strike friendly territories.
Providing early warning of hostile activity is essential to the success of follow-up defensive
military action. There are a large number of AOIs that require surveillance. The HALE
UAYV cannot fly over enemy territory. However, it is equipped with a high-performance

integrated IMINT sensor suite and flies in parallel with the border. The integrated IMINT
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sensor suite includes three types of sensors: SAR, EO, and IR. The SAR can be operated
independently, but the EO and IR sensors need to be coordinated due to the shared gimbal.
EO and IR sensors are not effective in adverse weather conditions. Each sensor has several

different modes.

The sensor scheduler (OSLA) has to generate a sensor allocation schedule, in a target rich
environment, using available resources over a time horizon T. The scheduler is relatively
efficient and utilizes a state-of-the-art computing hardware. It is proposed to use rolling
horizon scheduling to implement the process to update the sensor allocation schedule as new
information is acquired. However, the time to compute a schedule is an issue. We assume
that the roll period, which is closely related to the operational tempo and computation time, is
6 hours, and that the projection horizon, determined by the HALE UAV endurance, is 24
hours. In each roll period, the scheduling process consists of several major tasks: 1. Collect
data and update information; 2. Analyze the information and revise the input parameters; 3.
Compute the sensor allocation schedule using OSLA; and 4. Final review and approval by a
commander/monitor. For this reason, the scheduler also should take into account the time to

process these tasks in each period.

Throughout this scenario, weather forecast and sun/moon/star illuminance are also important
factors in the sensor allocation schedule. Moreover, it should be easy to reflect situational
changes such as sensor malfunctions and target activity detections during the mission period.

When an unexpected sensor failure occurs, the scheduler needs to revise the sensor allocation
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schedule immediately. In case target activity is detected in an AOI, the scheduler decides

whether an additional consecutive sensor allocation to the AOI is required or not.

6.3 Customized OSLA procedure

Given this baseline scenario, we intend to answer the question: how the OSLA should be
modified or customized to achieve judicious sensor allocation schedule in a dynamic
environment? In fact, there are several limitations for the direct application of the OSLA due
to the implicit assumptions. First, we assumed that the sensor processing time for an AOlI is
the same regardless of the allocated sensor type/mode. In practice, the processing time of the
SAR sensor is much faster than the EO/IR sensor. Second, there is no sensor failure during
the mission for either mechanical failure or weather interference. Third, the physical
coordination of the HALE UAV does not affect a sensor allocation schedule. In other words,
the mounted sensors on the platform always can cover every AOI in the theater of operations.
However, considering inherent sensor range and capability, these underlying suppositions

need to be modified.

Following the basic decision rule concept of the OSLA which is to choose one action from
the ‘Top number of choices’ in terms of reward at each stage, what do we need to revise in
the OSLA to embody the scenario? The answer for this question is ‘input data structure” and
‘state transition dynamics.” As one can see in Figure 6.1, the sensor processing time of an

AOI k becomes a function of sensor type/mode n. Thus, a corresponding sensor processing
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time will be determined by a choice of an action which is a combination of an AOI and a

sensor type/mode.
r* T, (n)
/_A_\
}V;(t)xM(k, n) |:> }V;(n, Dx Mk, n, 1)
< Rectangular block for OSLA > < Rectangular block for customized OSLA >

Figure 6.1: Structural change of rectangular block

Moreover, the matching matrix is now a function of time in order to reflect the sensor status
at each time (t). For instance, the EO sensor cannot be used during night time, t; ~ t,, then
set M (all AOls, 1:2, t3:ty) =0. The second argument (sensor type/mode 1 and 2) means
EO/spot and EO/area. As a result, once we recomputed the sensor allocation schedule with
the revised matching matrix, the ineffective EO sensor will not be allocated. Because the

criteria for the choice of action (AOI k, n) at time t is related to immediate unit time return

which is V5 (n, t)xM (k, n, t) =V (n, 1).

Here, one thing to notice is the dimension of the monitoring value matrix. Inthe OSLA, the
monitoring value matrix was a two dimensional. That is to say, the monitoring value can be
represented as a two dimensional matrix in the OSLA. However, the monitoring value of the

customized OSLA becomes a three dimensional matrix (See Figure 6.2).
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AOI1 _AOI2 AOI3 .+ AOIK AOIlL _AOI2 AOI3 e AOIK
1 1
2 2
3 % 3
T T
<Monitoring value for OSLA > <Monitoring value for customized OSLA >

Figure 6.2: Input parameter structure for monitoring value comparison between OSLA and
customized OSLA

In Figure 6.3, suppose that a HALE UAV cannot cover AOI 1 with IR/spot sensor type/mode
from time t; to t; due to its flight path and sensor coverage limitation. Then set Vi (3, t, :t,)

=0, in order to prevent the choice of action (AOI 1, 3) during that period.

Theater of operations

Figure 6.3: Illustration of the IR/spot sensor coverage (dotted line)

In this regard, it becomes apparent that the input data manipulations enable us to generate

more realistic sensor allocation schedule.
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Up to this point, we have mainly discussed limiting the choice of action at each decision
epoch by assigning zero value to the desired input parameter. The next thing necessary to
consider is the decision epochs (i.e., stages). Previously, in the OSLA, the change of stage
was triggered only when the assigned AOI’s sensor processing time completed or the sensor
allocation procedure reaches the time horizon (T). However, in a dynamic environment,
examples could be when the aircraft flight path changes sensor coverage or a change of (non-
identical) aircraft can induce a change of decision epoch. For this reason, more complex
state transition dynamics are required. The main idea of the state transition dynamics in the
customized OSLA is to continually keep track of the nearest future event which is only
relevant to the current decision. The state transition dynamics of the customized OSLA is as

follows:

State transition dynamics: [t_, (t=°"™ t*%), H 1=D|[t_,, 22" t>**), H__.1, [k, n ]
—

X

X a,

m

1) If n, <4, i.e.,, EOor IR sensor is allocated at the stage m

'm-1 m

EO/IR : K : : K — : —
t :m|n{tm_1+TP (nm),mln{mm[HVM (nm,t)—O], mLD[HM (km,nm,t)—O}}, T}
tSAR:tSAR t

EO/IR SAR}
m m-17 "m

m 1™m

= min{t
2) If n, >4, i.e., SAR sensor is allocated at the stage m

m m? ' m?

t5A" min{tm_1+TP"m(nm),min{trntin[t|Vh§m(nm,t):0], min[t|M(k n t):O]}, T}

k _ k K K
hm = max 0’ hm—l - (tm _tm—l) +1{km:k} X (TP +TR )
—
Elapsed time between stage m—1 and stage m

forallk and m=1, 2, ---, M
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According to the state transition dynamics, current state (Xy,) is updated based on previous
state (xm-1) and current action choice (an). The next decision epoch corresponds to the
nearest future event occurrence time among several possible different events such as the end
of allocated sensor processing time, change of allocated sensor coverage or illuminance and

SO on.

All in all, the customized OSLA with revised ‘input data structure’ and ‘state transition

dynamics’ can effectively relieve the limitations of the previous procedure.

6.4 Rolling horizon UAV sensor allocation schedule

Rolling horizon planning [44] is a common practice in production facilities with a dynamic
environment. A key concept of rolling horizon planning is to revise or review schedules as
more reliable up-to-date information becomes available. Well organized rolling horizon
planning tends to minimize changes in manufacturing activities at each period and improves
the stability of operation. Each period, a production plan for a projected horizon is generated
based on updated information. However, only the first period’s plan is implemented, the rest
remains tentative (see Figure 6.4). In a production facility, this is important because there is
a need to establish manufacturing activities in advance according to the updated forecast. In
the same context, rolling horizon planning can be applied to UAV sensor allocation
scheduling. For our purposes, it is assumed that the rolling period and projection horizon

used in the UAV sensor allocation schedule is 6 hours and 24 hours respectively.

99



Roll

period
Projection horizon (24 hours) R
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(O o 060 & 6 T 6 6 —® Ji—)
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\l

|l :
| UAYV 1 mission horizon(24 hours) UAYV 2 mission horizon(24 hours) |
Figure 6.4: A sample structure for rolling horizon planning

There are several attributes of UAV a mission to be taken into account. First, a schedule
within a UAV mission horizon is relatively homogenous compared to a subsequent UAV
mission horizon schedule. For example, the starting state of a UAV mission may not be the
same as the end state of the previous UAV mission since the platform configuration or initial
geographic location for the second UVA may be different. Even though the same type of
UAV is operated, the functional status of the integrated IMINT sensor suite may not be
identical depending on the platform status and configuration. In Figure 6.4, UAV 1 is fully
functional with respect to sensors but UAV 2 needs to take off with a degraded Electro-optic
sensor. Second, there is a negligible lead time required to select or change sensors. However,
smooth data transfer during a UAV mission via radio communication to a ground controller
is important. Third, for each period, computing a sensor allocation schedule for the projected
period should be fast enough to keep pace with the operational tempo. In the light of these
considerations, two different schedule types compose the rolling horizon UAV sensor

allocation schedule.
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Table 6.1: Description of the schedule types

Schedule types Note
e A base schedule for each projection horizon
Master e Back up schedule for communication interruption
schedule e Reflect the up-to-date accumulated information

e Periodically(every 6 hours) upload during mission

e Improvised schedule until the next master schedule implementation

ntingen . .
Contingency e Response urgent situation changes

schedule . .
e Upload whenever the contingency schedule is generated

As one can see in Table 6.1, the master schedule is the backbone of a single HALE UAV
mission because it covers each projection horizon. Thus, the time horizon of the master
schedule is associated with the endurance time of the HALE UAV. Since it may have more
time to compute, a large number of replications of OSLA with different parameter sets such
as top choices (N¢) and temporary time horizon (Tn) can be used to achieve a better sensor
allocation schedule. The initial part of each ‘master schedule’ is implemented as planned,;
however, the remaining part will be replaced by the follow-up master schedule with the up-
to-date accumulated information. The master schedule is updated periodically via data
communication between ground and the HALE UAVs. However, if a jamming or radio
interruption occurred then the latest master schedule is automatically implemented until the
end of the affected UAV mission. A dynamic mission environment for the HALE UAVs
calls for one additional type of schedule. That is, a contingency schedule. The contingency
schedule responds to urgent situational changes such as a sensor malfunction, severe weather

conditions, and target activity detection, etc. in a timely manner. For this reason, it may
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require a very short time to generate a judicious sensor allocation schedule using one time
implementation of the OSLA. In general, the time period of contingency schedule is the

remaining time until the next master schedule starting time from the urgent event.

00:00 - 06:00 06:00 - 12:00 12:00 - 18:00 18:00 - 00:00
Master schedule | Master schedule Il Master schedule Il Master schedule IV
/ N AN AN AN N
1 r—— =
L I ] I [
]
! I L I |
/ ~
Day n Y ™o Day n+1
00:00 08:40 ~ 00:00
7 : ~
/IR Sensor failure ~
~
7/ ~
/ Contingency Schedule ~ ~ Master schedule Il
7 AL ~
/ —~
L ~ #
| |
08:45 12:00

Figure 6.5: An example of a single HALE UAV mission outline

In Figure 6.5, an example of a single HALE UAV mission outline is described. It is assumed
that a single mission operation time for a HALE UAVs is 24 hours. Thus, in this case, it is
apparent that the time horizon of the master schedule is 24 hours. The computation time for
the 24 hour sensor allocation schedule with OSLA of 100 replications is less than 30 minutes.
There are a total of 4 master schedules in a single HALE UAV mission and each of the
master schedules covers 6 hours. In other words, a newly updated sensor allocation schedule
is executed every 6 hours. In each master schedule, four major tasks should be done step by
step (Figure 6.6). First, collect data and update information. Second, analyze data and revise

input parameters. Third, compute sensor allocation schedule using OSLA. Fourth, once the
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master schedule is established, then a final review and approval can be done by a

commander/monitor.

Collect data and update information Analyze data and revise input Compute sensor allocation schedules Approve sensor allocation schedules
parameters

o W Q Q

Figure 6.6: Task flow for each of the ‘Master schedule’

In the case of a contingency schedule, suppose that an IR sensor failure event occurred at
time 08:40. Since this failure can deteriorate the overall performance of the HALE UAV
mission, a contingency schedule is immediately generated. This contingency schedule will
be replaced by the master schedule 111 at 12:00. As one can see, the Rolling horizon UAV
sensor allocation makes it possible to reflect the dynamic operational environment swiftly
and conduct an autonomous mission with a disruption of data communication between

ground and the HALE UAVs.

6.5 Effective way to combine monitoring and detection value function

Using discretized time, the newly defined objective function is

T K N
Maximize > > > {w xVy (0, 1) x M (K, 0,) x X, 4w, XV () x M (k,n, ) xx, b (6.1)

=1 k=1 n=1

-

where wy and w;, are weights for the detection and monitoring values respectively. Activity
detection values (Vp) and monitoring values (Vy) are a function of AOI k, sensor type/mode

n, and time t. The monitoring value can have non-zero values only when the binary variable
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Xwn 1S ONe. However, the activity detection value requires one more condition to be non-zero.
That is, detection occurs when the binary variable x, is one. It is very hard to estimate the
actual number of detections in the sensor allocation scheduling process. One way to solve
this problem is to calculate the expected number of detections (which is derived in Chapter
3). The problem of this approach is additional requirements for more information, such as
the distribution of target activity arrivals, continuance time, and target activity intensity.
What if there is no historical target activity detection data available? In this case, the
monitoring value dynamics and the contingency schedule in the rolling horizon can be clues

to solve this problem. In equation 6.1, it is natural to assume that the activity detection value
(Vp) is proportional to the monitoring values (V). In other words, VX (n,t) = axV,s (n,t)

where « is a constant. Then, the objective function is

T K N
D> W@ x Vi (0 1) M (K, 1) x X, 4w, <Vl (0,8 x M (K, 0,8 x X, |

t=1 k=1 n=1
T K N

= 23D (et ) Vs () x M (K x K,
k

t=1 k=1 n=1 constant

In the end, the objective function needed to be considered becomes

Maximize iii{v& (<M (K, N, ) x X, , | (6.2)

=1 k=1 n=1

—

Interestingly, this means that the only value we need to consider is the monitoring value. As
seen at Chapter 3.1.5, the dynamic sensor allocation process (i.e., if target activities are
detected in a certain AOI, then the next sensor allocation schedule will be changed)

effectively puts weight on target activity detection. Then, how can we reflect the target
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activity detection event to sensor allocation scheduling just using the monitoring value

objective function? The answer is by manipulating the ‘residual monitoring value
sustainment time (T< )’ in a contingency schedule. Once target activity detection occurs at
AOI k, then a contingency schedule is generated by setting the residual monitoring value
sustainment time T to zero. Thus, AOI k will be added to the candidate AOI set in the next

decision epoch and it can be assigned another sensor consecutively depending on the
monitoring value of AOI k. This methodology is explained in Figure 6.7. In case 1, target

activity detection occurs in AOI 1 and the contingency schedule 1 is immediately generated
by setting the residual monitoring value sustainment time T. to zero. Thus, AOI 1 is added

to the candidate AOI set. As one can see, if the monitoring value of AOI 1 is greater than
AOI 3, another consecutive sensor allocation is made to AOI 1. In case 2, even though target
activity detection occurs in AOI 3, contingency schedule 2 is the same as the ‘master
schedule’ due to the relatively low monitoring value of AOI 3 compared to other candidate

AOls.

T'arget activity detection in AOI 1

33 = = =
I AOI1 [ AOI1

{j SN N I .
M AOI4 ]

<Case 1: Contingency schedule 1>

33 33

AOI1 l&{ Aol |

33 32

AOlI4

I'arget activity detection in AOI 3

6
<Master schedule> 33 ;9 33
AOIL l&{ Aol ]
—> |33 22 6

AOI4

[} 3889

<Case 2: Contingency schedule 2>

Figure 6.7: Example of the effect of target activity detections on the ‘master schedule’
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Consequently, there is no need to calculate the expected number of target activity detections
prior to constructing the sensor allocation schedule because detected target activities are
treated as an urgent situation change that triggers the contingency schedule with a modified

residual monitoring value sustainment time for the corresponding AOI.
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Chapter 7

Conclusions and Future Research

It is difficult to say what is impossible,
for the dream of yesterday is the hope of today and reality of tomorrow.
- Robert H. Goddard

Basically, the Image Intelligent (IMINT) sensor allocation scheduling problem is similar to
the N jobs, M machines classic job shop problem [31, 60] because there are multiple jobs
(AOI to be observed) and multiple machines (sensors to observe the AOI). Target priorities
or importance levels correspond to job deferral costs. The required image quality and the
size of an AQOI determine the minimum required sensor allocation time which is linked with
the process time for a job. In the present case, there is no restriction on the frequency of job
executions as long as it worthwhile to do as the value of a job is a function of the time since
the job was last executed. The potential solution search space expands exponentially with
the size of the problem. It is unlikely that exhaustive search methods will provide good
solutions in a reasonable amount of time. This process involves the allocation of expensive
resources with prioritized tasks which will affect the situational awareness of decision
makers. Thus, an appropriate and timely IMINT sensor allocation schedule can result in a

more effective use of the resources available.
The main contributions of this research can be summarized as follows:

1. A mathematical expression of target activity detection and monitoring value dynamics was

proposed. The model is based on the author’s field experiences and intuition. The
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mathematical formulas measure the relative value of different scenarios, and enable

understanding of the implicit dynamics.

2. Analytical target activity detection models for combined processes between enemy
behavior (target activity process) and friendly behavior (sensor allocation process) were
derived. To the best of the author’s knowledge, this is the first attempt to construct these

combined processes mathematically.

3. A One Stage Look Ahead (OSLA) procedure to determine a judicious IMINT sensor
allocation schedule within an operational time constraint was developed. Since the
structure of the OSLA is simple and intuitive rather than a complicated mathematical

model, there is a higher chance of actual implementation by decision makers.

4. Two methodologies for the derivation of input parameters, using conjoint analysis and
time trade off, were suggested. Even if we have good algorithms (or procedures), it is
important to examine its input parameters and data in a logical manner to fully appreciate

them.

5. A baseline scenario of a HALE UAV mission is used to demonstrate its applications with
the OSLA in rolling horizon sensor allocation scheduling. The rolling horizon schedule
consists of the master schedule and contingency schedule that are effectively adapted to a

dynamic environment.
In a high tempo battlefield, a commander’s first priority is a simple and high-fidelity decision
making process with prompt response to situational changes, rather than finding an optimal
solution several hours later. The OSLA can achieve an excellent sensor allocation schedule
within operational time constraints. Additionally, minor changes in the input data structure
and state transition dynamics of the OSLA rolling horizon schedule allow the implementation

of a more flexible sensor allocation. For these reasons, it is expected that this proposed UAV
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sensor allocation procedure (OSLA) will help decision makers in a wartime environment,

and will offer insights for effective HALE UAVs operations.

It is ironic that since introducing advanced UAVS, there is an increased need more human
intervention to accomplish its mission. As former USAF Chief of Staff General Norton
Schwarz noted, “Actually, they’re not ‘unmanned’ vehicles - they’re very manpower-
intensive.” For instance, each mission in Iraq or Afghanistan by one of the sophisticated
UAVs such as the MQ-1 Predators or MQ-9 Reapers requires a total 192 support personnel
(as of Sep 2010). USAF Colonel Bradley Hoagland emphasized that the USAF is struggling
to keep up with the demand for pilots who can fly drones. However, the real problem
associated with the manpower shortage is in the processing, exploitation, and dissemination
the information acquired. The USAF Chief added: “The volume of incoming data is
unprecedented; our analysis personnel now outnumber aircrew by 8:1. We’ve added 2,500 to

our pool of manpower for exploitation, but this is by no means a problem solved.”

),

Maintenance

- Le :
MCE PED ' LRE
49 Personnel 84 Personnel 59 Personnel

Figure 7.1: Total 192 personel required for a single 24/7/365 MQ-1/9 CAP mission [29]
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Once HALE UAVs have the capability to conduct image recognition processing coupled
with a dynamic sensor allocation scheduling algorithm, then autonomous operation can be
realized without concerning of communication interruptions between the UAVs and Ground
Control. It is expected that UAVs operations will trend toward autonomous operations. This
research mainly focuses on sensor allocation scheduling. Automatic analysis process is a
challenge for the future. Thus, an automatic analysis process, accompanied by a sensor
allocation schedule is the desired end state. Another research area worth exploring is the
coordination of multi-HALE UAVs in the same theatre of operation. As the number of
resources increases, the importance of effective management using automatic scheduling and

central control will be more crucial factor.
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