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Chapter 1

Introduction

1.1 Proactive Decision Support: What and Why?

Future maritime battlespace environments are expected to be more complex and dis-
tributed, and given our ability to collect massive amounts of data using heterogenecous

sources, 1t 1s imperative to process the collected data and present decision-relevant

information to the decision makers (DM) 1n a timely manner for making ettective
decisions under dynamic, uncertain and unpredictable mission conditions (e.g., sud-
den changes 1in mission goals, environment, assets and mission tasks). In addition to
data/information processing, it 1s also crucial to dynamically allocate the scarce and ex-

pensive resources to maximize the amount of decision-relevant information collected.

while increasing the probability of mission success. These challenges incur the need to
develop Proactive Decision Support (PDS) tools for the acquisition, tusion, and trans-
fer of the right data/information/knowledge tfrom the right sources 1n the right context
to the right DM at the right time for the right purpose, a concept known as 6R [1].

By context-driven, we mean dynamically integrated knowledge that 1s (1) relevant to



the mission, the environment, assets and tasks (including activities), (1) informed by
up-to-date data sources/INTEL, and (111) congruent with the workflow and individual

DM's role 1in the mission, workload, time pressure and expertise.

PDS 1s a systematic decision framework for automated processing, interpretation,
and development of intelligent decisions using large volumes of structured, unstruc-
tured and semi-structured data, while simultanecously decreasing the time necessary to

arrive at a decision. kig. 1.1 briefly describes the PDS framework, where the envi-

ronmental changes are given as intelligence updates, chat commands and situational
reports. Given the real-time situational reports/updates, 1t 1s important to detect and di-
agnose the cause tor the change or event occurrence 1n order to evaluate and predict the
impact and severity on the current plan. Based on the calculated impact or the probabil-

ity of occurrence of the event, the decision model should anticipate and adapt 1ts plans

to the changes 1n the mission environment. Further, as these plans are conveyed to the
DM/user as recommendations, 1t 1s crucial to represent the context-relevant courses of
action (COASs) 1n a meaningtul and succinct manner. In this thesis, we tocus on devel-
oping and vahdating PDS algorithms for a) proactive allocation of Unmanned Aenal

Systems (UASs) by extracting, processing, and integrating context relevant informa-

tion, while balancing operator workloads:; b) enhancing dynamic routing and re-routing
capabilities; ¢) unobtrusively conveying COA recommendations to DMs: and d) adapt-
Ing plans as new targets of opportunity appear or information 1s updated about a target

and/or UAS. The proposed algorithms are embedded 1n the Supervisory Control Op-
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Fig. 1.1: Proactive decision support system 1n a nut shell.

erations User Testbed (SCOUT'™), an experimental paradigm developed by the Naval

Research Laboratory-Washington D.C.

1.1.1 Motivating Application

Unmanned Aenal Systems (UASSs) are becoming ubiquitous and have been playing an

increasingly important role in military and civilian operations due to their exceptional

operational advantages, such as high-risk mission acceptance and ultra-long endurance

capabilities, which cannot be reasonably performed by manned aircraft. Current UAS



operations are characterized by teams ot operators with highly specialized roles, where
the task demands on each operator are independent and highly variable resulting 1n

sub-optimal tasking, and consequently reduced mission performance and occasional

mishaps. Channelized attention (or cognitive tunneling) has been implicated 1n numer-
ous operational mishaps, which could have been preventable. A 2012 U.5. UAS System
Report to Congress |2, 3] stated that 68% of UAS accidents are attributable to human

crror. As an example, operators flying an MQ-1B Predator in Afghanistan in 2009 were

so focused on a fierce firefight that they tailed to notice that the unmanned aircraft was
headed toward a mountain |4]; the aircraft was destroyed on impact, and damage was
estimated to be $3.9 million. In effect, eight of the soldiers, who were to be provided
air support by the Predator, were killed. It alerts and tasking had been appropnately

provided to the right operators on the team, those lives could have been saved.

Additionally, tuture UAS operations envision multiple ground-based, aerial, sur-
face and subsurface unmanned vehicles to be simultanecously controlled by teams of
operators, which requires etfective coordination and workload hand-offs among opera-
tors. Thus, research 1s needed to develop methods to quantity the value of information
and to proactively present this information to the UAS operators for faster, context-
specific anticipatory decision making.

Motivated by the need to assist UAS operators in efficiently managing their work-
loads, we consider a decision task where an operator must manage multiple UASs and

determine the best routes to send their assets to search for targets of varying reward.



Targets have some degree of uncertainty associated with their locations, requiring the
UAS to search tor targets within the circular regions of varying radii. During mission

execution, the user must update UAS parameters and target parameters (e.g., speed, al-

titude etc.), based upon real-time intelligence provided via chat messages to re-balance
workload among human operators, and (re)schedule operator-to-task assignments de-
pending on the operator workload. The dynamic assignment and routing algorithms

developed 1n this thesis provide time-critical decision support to the user on emerging

and changing tasks, thereby increasing the time available for human decision making.
We embed our proposed decision support algorithms within the Supervisory Con-
trol Operations User lestbed (SCOUT™) [5]. an experimental human subject testbed
developed by the Naval Research Laboratory-Washington DC. SCOUT '™ was designed
for the purpose of exploring UAS operator performance 1n a single operator-multi UAS
environment, but assumes some advances 1n automation necessary to conduct supervi-
sory control operations involving multiple heterogeneous systems. One such advance-
ment includes updating plans based on mission context in order to provide courses of
action (COA) recommendations to the operators 1n a proactive and unobtrusive manner.

Specifically, the decision support algorithms we embed in SCOUT'™ software have

the tollowing capabilities: a) dynamic allocation of targets to UASS 1n order to maxi-
mize reward within the target deadlines; b) plan updates based on context changes (eg..
new target, updated information); and c¢) plan adaptation to operators risk propensity

(viz., risk seeking, risk neutral, risk averse). The overall goal 1s to develop a proactive



SCOUT™, which permits the evaluation of COAs, while assuring that the operators
are attending to the right task at the right time and that task demands do not exceed the

operator's capabilities 1n a multi-mission environment.

The real-time update of the UAS target parameters or the mission context changes
need to be conveyed to the operator 1n a transparent and easily understood manner. UAS
operators would benefit greatly from the COA recommendation algorithms proposed 1n
this thesis by way ot enhanced rapid planning and re-planning capabilities, eftective
allocation of the UAS to maximize mission success, while handling high workloads.
Additionally, SCOUT'™ has the ability to capture and synchronize data streams from
cye tracking sensors, heart and respiration sensor systems, mouse logging and keystroke
logging, all of which are synchronized with stmulation events. This allows the investi-

gation of the impact ot decision support on both the operator's physiological state and

simulation-interaction (e.g., decision support causes the operator's eye gaze patterns to
become more varied and keystrokes to be less frequent). Real-time analysis ot the op-
crator data (performance, eye tracking, physiological, mouse and keystroke data) can
drive alerting and decision support when data indicates that performance 1s trending

negatively.

1.1.2 Related Research

T'he UAS routing problem 1s closely related to the vehicle routing problem (VRP).

T'he VRP 1nvolves the synthesis of a set of mmimum-cost vehicle routes for a fleet



of vehicles that provide service to a set of customers. The VRP has a wide range
of apphcations 1n the real world, e.g., collection ot mail, pickup ot children by school

buses, inspection tours, etc. In [6], Mandell proposed a method to convert the m-vehicle

routing problem to a single-tour traveling salesman problem (15P) passing through
n+m points, thus converting the VRP into a 15P with restrictions. Christofides |7/, 8]

proposed a branch-and-bound method with a spanning tree and shortest path relaxations

of the VRP problem.

The UAS allocation and routing problem considered 1n this thesis has a num-
ber of distinct features that makes 1t more challenging than the existing VRP problem.
T'hese include asset safety, uncertain service times, and dynamic targets. ler Mors |9]
proposed a context aware route planning, where a conflict tree shortest-time route plan

1s developed, while avoiding deadlock situations. However, context aware route plan-

ning 1s computationally expensive in comparison with traditional route planning tech-
niques. From the perspective of computational complexity, VRPs are quite difficult and
become even worse when time window constraints are added. Kohl [10] proposed an
algorithm for the VRP with ttime windows using Lagrangian relaxation ot the constraint

set requiring that all customers must be serviced.

The open vehicle routing problem (OVRP) 1s a variant of the standard VRP.
Sarikhis [11] proposed a heuristic method to solve a symmetric OVRP that does not
include a maximum route length restriction. Li [12] proposed VRP algorithms with

stochastic service times and compared their performance against tabu search, deter-



ministic annealing, and neighborhood search techniques.The OVRP corresponding to
the UAS assignment and routing problem has a source node for each UAS (1ts initial

position) and a route (a sequence of targets) that terminates at the last target on 1its

route. The OVRP 1s known to be NP-hard and, consequently, the UAS routing prob-
lem discussed 1n this thesis 1s NP-hard. as well. Unlike the conventional OVRP, here
the UASSs start from arbitrary locations; they have variable speeds and sensor sweep

widths, rendering the search (service) times dynamic. In addition, targets have oppor-

tunity windows (deadlines).

Due to the limited success of exact methods, considerable attention and research
ctfort have been devoted to the development ot etficient approximate algorithms (or
heuristics) which can provide near optimal solutions to large-sized problems. Tabu

search implementation 1s the first metaheuristic implementation ot VRP by Tlaillard

113]. Osman |14] proposed tabu search with simulated annealing which reduces the
computational time by more than 50%. Later lToth [15] proposed granular tabu search
based on the use of drastically restricted neighborhoods also known as granular, and
may be seen as an etficient implementation of candidate-list strategies proposed for

tabu-search algorithms. Tarantilis [16] proposed an adaptive memory heuristic called

BoneRoute - a population-based method where a new solution 1s produced out of com-
ponents of routes of previous solutions. Li [17] proposed a deterministic annealing
method, a variant ot metaheuristic using a vanable-length neighbor list to solve large

scale VRP's. Mester |18, 19] proposed active guided evolution strategies and also ge-



netic search with large neighborhood search to solve large scale vehicle routing prob-
lems with time windows. Pisinger |20 ] proposed an adaptive large neighborhood search

by choosing among a number of insertion and removal heuristics, to intensity and di-

versity the search where high quality solutions are produced, as the algorithm 1s selft
calibrating. Nagata |21]| proposed a edge assembly-based memetic algorithm, a hy-
brid evolutionary algorithm that combines the global and local searches. Prins [22]

proposed a heuristic which 1s a combination ot greedy randomized adaptive search pro-

cedure and evolutionary local search hybrid. The main features of this algorithm are
Its stmple structure, and alternating between solutions encoded as tours and a fast local

search based on a sequential decomposition of moves.

1.2 Organization of Thesis

T'he rest of the thesis 1s organized as follows: Section 2.1 introduces the problem and
section 2.2 tformulates 1t as an OVRP. Section 2.3 describes the optimal and heuristic
algorithms to solve the problem and discusses simulation results. Decision support

TTM

enhancements to SCOU arc discussed 1n chapter 3. Finally, the thesis concludes

with a summary and future work 1n sections 4.1 and 4.2, respectively.
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Chapter 2

Problem Description and Solution Approach

2.1 Problem Description

NRL-DC developed the Supervisory Control Operations User lestbed (SCC}UTTML

which 1s a highly flexible simulation/testbed environment created for the purposes of

exploring operator tasking and performance during unmanned systems missions. 1his

testbed will be utilized tor data collection and 1terative development and assessment

™ will

of optimization algorithms. Human subject experiments within NRLs SCOU
be used to assess the impact ot various alerting and task allocation algorithms within

a single operator-multiple UAS environment. The SCOUT'™ 1.0 version is a single

user plattorm that allows an operator to control multiple simulated unmanned assets.

SCOUT™ was developed to be a complex unmanned systems simulation that users
(operators) can learn to interact with quickly, but features many ot the core elements
of unmanned vehicle control (e.g., route planning, target risk assessment, restricted
operating zone management and customer/team-member communication). It also en-

ables the nvestigation of higher order cognitive processes, such as decision making

[ ]
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under uncertainty and the impact ot low or high workload on risk taking behavior in a

UAS environment. The key objective of this thesis 1s to attempt to develop a proactive

version of SCOUT™.

SCOUT™ has 1) a mission planning phase where the user must determine the
best plan tor sending multiple unmanned vehicles to search for multiple targets, with
varying priority levels and constraints, and 2) a mission execution phase where the

user monitors vehicle statuses, responds to communication requests, and makes up-

dates to the overall plan as new targets or intelligence reports are provided. The design
of SCOUT™ and the tasking/functionality was informed by interaction and feedback
from actual UAS operators. However, 1n order to enhance user motivation, scouT™
has elements of a game, such as points that are awarded for finding targets and re-

sponding to communications, as well as points being deducted for sending a UAS 1nto

a restricted area without requesting access.

SCOUT™ has a mission editor graphical user interface (GUI), which allows
rapid and intuitive design of new scenarios of interest, such as varying mission man-
agement levels or planning difficulty by altering the numbers of targets and their as-

sociated constraints (deadlines, priority level, and location uncertainty level). The GUI

cnables scheduling of events at specific times, such as where and when various targets
appear and types of unmanned assets the user 1s controlling.
SCOUT "™ has the ability to capture and synchronize data streams from eye track-

ing sensors, heart and respiration sensor systems, mouse logging and keystroke logging,



[ 3

(a) Lett Screen - shows the position of the UASs, targets in Google Maps, and information

about the UASs and targets

!.JH_*?H

| TR —

| A e

(b) Right Screen - shows the sensor feed, UAS information (speed, altitude), and two chat

windows for INTEL updates and commands

Fig. 2.1: Supervisory Control Operations User Testbed (SCOUT'™)
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all of which are synchronized with simulation events. This allows the investigation of
the impact of decision support on both the user's physiological state and simulation-

Interaction (e.g., decision support causes the user's eye gaze patterns to become more

varied and keystrokes to be less frequent). Real-time analysis of the user data (perfor-
mance, eye tracking, physiological, mouse and keystroke data) can drive alerting and

decision support when data indicates that performance 1s trending negatively.

2.2 Problem Formulation

T'he notation used 1n the rest of this thesis 1s included 1n Table 2.1. Consider a scenario
where a team of UASs. [V = {ui|i — 1..... -m..}, are to be scheduled to search for
a set of geographically distributed targets, 7" = {f;|7 = 1,...,n}. Each target {; is
characterized by 1ts geographic location and a region of uncertainty around 1t, given by
the radius r;, reward [i; and a deadline ); by which the targets need to be searched
to obtain the reward. The opportunity to search for each target disappears atter the
corresponding deadline has passed. Each UAS w;, has a velocity v;, and sensor sweep
width sw;.

During the mission, a UAS u; can obtain a reward [7; by completely searching the
uncertainty region of target /; before the target's deadline [);. It the target s uncertainty

region 18 not searched completely, a partial reward 1s earned (to be tormalized below).

In addition, targets cannot enter restricted operating zones (ROZs), modeled as n-sided

polygons, without obtaining prior permission to do so. It a UAS enters a ROZ, then
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a penalty 1s incurred by the UAS, which reduces the cumulative reward. The mission
scenario 1s dynamic 1n that new targets may appear at random times and positions, and

TTM

information on a UAS may be updated at any time. A screen shot of the SCOU user

interface is shown in Fig. 2.1. The SCOUT"™ user interface displays two windows to
the operator: one on the left screen and the other on the right screen. The left screen
shows the positions of targets, UASs, and ROZs on the Google map. It has the target

information box, which provides the operator with information on the minimum time

for each UAS to reach a target and the latest time to leave the target after searching. It
also has UAS route builder boxes, where an operator assigns targets to UAS(s). The
right screen shows the sensor feed, and speed of each UAS. It also includes Intelligence
and Command chat boxes, which provide the updates on target position, uncertainty

radius, and UAS speed during mission execution.

Table 2.1: SUMMARY OF NOTATION

1 Set of targets

U lTeam of UASS

ROZ Group of restricted operating zones
i) Set of target indices

10 Set of asset indices

1 Asset index

] larget index or dummy 1ndex



S,

M1
(¥
m(2)
i a)

O i,a)

larget index
Dummy index (Depot)
Radius of uncertainty ot target £

Reward associated with target 7

Velocity ot UAS wu;

Sweep width of UAS wu;

Binary decision variable

Arrival time of assigned UAS at target 1,

Utility obtained from target 1

I1me taken by UAD u; to travel from target {; to target /;
1T1me spent by UAS u; 1n searching for target £, 1n targets,
uncertainty circle

1T1me required by UAS u; 1n searching for target 7 1n tar-

oets, uncertainty circle completely

Deadline of target 1,
Cumulative utility
Mission time

Sequence index

Set of all feasible single routes from UAS u;
Path sequence assigned to UAS

Set of targets explored in path sequence 17; )

16
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(Mg ); Number of targets UADS u; explores inthe  sequence 17; )
| Jon Set of unassigned targets
O (r k1) Feasible single route assigned to UAS

2.2.1 Modeling Search Time

Mission time 1s defined as the maximum time taken by the UASs to completely ex-
plore the targets 1n their respective routes (referred to as makespan 1n the scheduling

literature). Iraversal times and search times are the constituent components of mission

time. While calculating the distance traversed by UAS wu; to reach target £, we first
evaluate 1f the line of sight (LOS) between the UAS and the target intersects with any
of the active ROZ. If there 1s an ROZ conflict, and no LOS exists between u; and 7,
then a graph of nodes and arcs 1s created, where the nodes are the vertices of each ROZ

and the positions of u; and £;. The arcs are formed by joining a node to every other

node in the graph. Arc cost corresponds to the distance between the nodes 1t the arc
does not intersect any ROZ, and 1s set to infinity, otherwise. We use Dykstra's algo-
rithm [23] to obtain the shortest path between wu; and {; without intersecting the ROZ

(and hence avoids incurring any penalty). The intermediate nodes 1n the path are added

as waypoints of the path trom u; to {; as shown in Fig. 2.2.
Each target has a radius of uncertainty around 1t. Therefore, once the UAS wu,

approaches the vicinity of the target £;, it performs the search activity in the form of
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Calculating Travel Time:

Fig. 2.2: Travel time calculation

concentric circles as shown n Fig. 2.3. Given the sweep width sw; of the sensor

associated with UAS w;, the sensor scans the uncertainty region from the center of the
uncertainty region to its outer edge. The time taken by the UAS u; to completely search

target £, s uncertainty region 1s given by

3

= 21 ((p— 3) % sw;)
ﬁifj — FZ] v: (2.1)

where 7, 1s the uncertainty radius of target {;, sw; 1s the sweep width of the sensor, and
v; 18 the velocity of UAS u;. The total time spent by UAS u; on target £, 18 the sum of

time taken to reach the target {; and the time taken to search its uncertainty region.

2.2.2 Expected Reward for Partial Searches

Each target £; has a corresponding deadline, betore which the UAS u; has to search 1n

the target s uncertainty region to obtain the associated reward. There may be allocations
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Fig. 2.3: UAS wu; associated with sensor of sweep width sw; searching 1n the uncer-

tainty region of target £, in concentric circles.

where the UAS u; can only partially search the uncertainty region of target £;. This

depends on the UAS's arrival time 7; at target £; and 1ts deadline ). The time spent by
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the UAS wu; 1n searching target 7, s uncertainty region before its deadline ) 1s given by

[ max (), D; — T.;r')'- it 7; f-‘fij > D
$ij(75) =
\ I8 otherwise
The estimated reward from partial search 1s the ratio of the time searched by UAS

u; 1n the uncertainty region of target {; to the time required by UAS w; to search the

uncertainty region completely, multiplied by the corresponding reward /7;. Formally,

Rij(r;) = —2 — X R, (2.2)

2.2.3 Modeling Risk Propensity of Operators

Expected utility theory has dominated the analysis of decision making under risk. It
has been generally accepted as a normative model of rational choice [24]. It 1s assumed
that all reasonable people would wish to obey the axioms of the theory |25/, and that

most people actually do, most of the time [26].

In order to incorporate risk into our decision support system, we provide the COA
recommendations to the human operator based on his/her risk propensity. Risk propen-
sity of an operator can be broadly classified into three categories: a) risk averse, where

targets are devalued 1f they cannot be completely searched: b) risk neutral, where targets

arc valued based on the percentage of the corresponding uncertainty region that can be
searched:; and c¢) risk seeking, wherein targets with high rewards (and low probability

of complete search) are prioritized over targets with low rewards (and high probability
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of complete search).
When UAS w; arrives at target {; at time 7;, the expected utility (£) based on

operator's risk propensity 1s defined as

Eij(75) = R; X pi; (j:'.' Hi'jﬁjj) (2.3)

where the weighting function p(e) is defined as:

pii | T, 55 (73) — min Hiff(Tj)._ 1 (2.4)
| IS I8

Here, & 1s the risk factor defining the risk propensity ot an operator (this 1s essentially

the utility theory-based approach). The plot of this weighting tunction 18 shown 1n

Fig. 2.4. 'The red and green colored regions ot the plot depict the risk-seeking and
the risk-averse behavior, respectively. The yellow line corresponding to x = 1 shows
the risk-neutral behavior. As can be seen, tor a risk-seeker, the value of the weighing

function p(e) rises rapidly with increasing s;;(7;)/fs.., whereas this rise is much more

ij
oradual for a risk-averse decision maker, implying that a risk-averse operator spends
more time than a risk-seeker to obtain the same reward.

In order to illustrate this concept, consider the scenario 1n lTable 2.2. Here, the

target Bravo has a maximum achievable reward of 750 and only 88% of 1ts area can

be searched within the stipulated deadline. Based on our risk-propensity algorithm, a

risk-seeking operator (r = 0.6) would expect the maximum achievable utility of 750,
while the risk-neutral operator assigns it a utility of 660 (= (.88 x 750). On the other

hand, a risk-averse operator (i = 1.4) devalues this target to an expected utility of 471
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Table 2.2: TARGET EXPECTED UTILITY BASED ON USER RISK PROPENSITY

Risk Seeking (r<C1) Risk Neutral(x=1) Risk Averse(r<_1)

Target | Reward (r=0.6) (z=1) (r=1.4)
Area Expected Area Expected Area Expected

Searched | Utility | Searched | Utihity | Searched | Utihity
Kilo 1500 62% 1500 100% 1500 100% 1500
Charhie | 1000 100% 1000 89% 390 100% 1000
Bravo 750 88% 750 88% 660 38 471 |
Alpha 500 69 % 500 29% 45 — — |

(= 0.88 x 750/1.4).

2.2.4 Optimal UAS Scheduling Problem Formulation

Given T = {1,....n}, the set of target indices, U = {1,..., m}, the set of UAS indices.
and 1 = {¢;|1 = 1,...,m}, a set of initial locations of the UAS, the prioritized bi-

objective function 1s given by

max F = maxz Z Z Ei (1) &k (2.5)
i€U jeu;UT k€T
min M7 = min :‘ ;%}ET(T;E - Sik) (2.6)
subject to
> ) &Gp<1 (2.7)

el geb; T



5:(1;1= time allocated to search

X = risk factor

P Weight

T — ’Tj. = D ng_{h — 1

23

fs,_: = time required to completely search the target

(2.8)

(2.9)

(2.10)

(2.11)

(2.12)
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Ty = 0, Vi (2.13)
where
it UAS wu; 1s assigned to target

immediately after target {; or UAS

‘( |
Cijk = i initial position

L (). otherwise

The objective 1s to find a solution with the maximum cumulative utility from

the set of feasible solutions. If there are multiple solutions with the same maximum

utility, the objective 1s to select a solution with the mimnimum mission time (makespan)
in (2.6). Thus, the objective tunction n (2.5) has higher priority over the objective
function 1n (2.6). Constraint (2./) states that, not every target 1s assigned to a UAS.
Constraints (2.8)—(2.9) ensure that each UAS 1s assigned only once and the number of

UASs assigned must not exceed the available number of UASs. The definition ot the

arrival time variable and the deadline constraints are given in (2.10)—(2.13).
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2.3 Solution Approach

2.3.1 Optimal Solution

Each UAS w; can visit a subset of the targets in / represented by a path sequence 17; )

and the concomitant target set ©; ,,), given by

IJ{L{I} — {I-“I“ ) = - :Tln.ujl}i; {;}[i,m] — {:'-:'1: no o :?:]'1.;1} (2'14)

where « is the sequence index and (7, ); is the number of targets UAS u; explores in the
sequence 17 o): ©iq) 18 the set of targets explored in the sequence /7; o). A feasible
assignment 18 determined by finding the target sets for the m UASSs such that each target

is searched by only one UAS, i.e., Oy NOun = Vi # i, 1 €{1,23,...,m}. Let

ordered list
IJ(EE-.I _-"31 - . -y ﬁf) = {IJ{l,u‘.u]z I}[E,_ﬁ}v R Ij{m;ﬁ,r'}} (2.15)

A depth-first tree search algorithm 1s employed to generate all the feasible solutions.

route, which includes targets that are not explored by the previous UASs. The set 7 (i)
1s generated by forming all possible sets of targets, so that the UAS wu; reaches the last

target in its route before the target’s deadline. The state represented by P(cv, 3, ..., 7)

1s shown 1n Fi1g. 2.5, where

Fro =T =) O (2.16)
i—1
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represents the set of unassigned targets after stage m. Once we reach the bottom of the
tree or the end of m stages, we obtain the ordered list I’(«x, /3, ..., ), which specifies

the optimal routes for all m UASSs.

Stage 1 KA \

.-—-.I-D

o

s
&+

o’

Stage m ' \ ..

_, Y List rt(m) representing all
Pim P teasible single routes by UAS
| in remaining targets from F

Solution represented by Pla, B, ,...7)

Fig. 2.5: lIree structure for branch on route algorithm.

Let the expected utility corresponding to the ordered list I’(«x, 3, ...,7) be de-

noted F(«, 3, ...,7). The target sequence which gives the optimal utility is

(a*, B*,...,7") = arg max F(a,f3,...,7) (2.17)

{I,ii,...,'ﬂlr'
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and the ordered list ’(a*, 5%, ...,~") is the optimal solution with E'(«a*, 5*,...,v") as
the concomitant optimal expected utility. The flow of operations to obtain the optimal

route sequence utilizing the above tree search procedure 1s shown 1n Table 2.3.

2.3.2 Obtaining g-best Solutions

Sometimes the optimal solution 1s not the only solution of interest. The operator might
be interested 1n top ¢ solutions (¢ > 1). Murty [27] proposed an algorithm to etficiently
compute a set of g-best solutions to an assignment problem, which has proven useful
in | 28] and |[29]. We display these assignments to the operator, where ¢ 1s specified by

the operator. The g-best solutions also provide a means to rank order the performance

of UAS operators. Fig. 2.6 shows a case where an operator requested the four best

solutions for a scenario described 1n Table 2.4.

2.3.3 Heuristic Methods

Since OVRP 1s an NP-hard combinatorial optimization problem, the heuristics are gen-
crally used 1n practice [30]. Here, we compare the performance of the optimal UAS-

target assignment algorithm with two heuristics: a) target equalization; and b) path time

cequalization.

Target Equahization

T'he target equalization method strives to equalize the number ot targets assigned to

cach UAS 1n a greedy manner. This 1s done 1n stages. First, the UASSs are prioritized
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Table 2.3: PROCEDURE FOR BRANCH ON ROUTE ALGORITHM

[

.

Read 1n information pertaining to a team of UASs, U = {u;jt = 1,...,m}, to be

scheduled to search for a set of geographically distributed targets, T = {L;|7 =

For each UAS wu;, find the set ot all feasible single routes, denoted by 7 (z), using a

depth-first search.

Find all the combinations ot m feasible single routes, ecach denoted by

Ple, 3,...,7), and consohdate them into an ordered list.

Calculate the cumulative expected utility and the mission time for every

Pla,,...,7).

Save the top solution, as measured by the cumulative expected utility obtained and.
It two solutions have the same cumulative expected utility, then choose the solution

which has the shorter mission time.
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Table 2.4: SCENARIO DESCRIPTION

Velocity  Sweep Width Uncertainty Radius  Target Deadline
Assels Targets Reward
(km/hr) (km) (km) (mm:ss)
UH - 28§ 203 .75 Charhe 1000 4.5 14:45
uv -172 380 1.50 Foxtrot 250 3.4 32:15
UH - 53 203 1.00 Alpha 5.0 15:15
Victor 1500 3.5 31:30
Kilo 1500 11 26:45
Parallel v
m-value 4 Generate
Reward & Time Rank  UH-28 UV-72 UH-53
3183.76 1 ->Chadie->Foxdrot -»Alpha->Yictor ->Kilo
32-24 1.1 ->Chardie->Foaxdrot -»Alpha->Victor ->Kilo
3109.87 2 ->Charie ->Alpha->Foxtrot ->Victor
3035.64 3 ->Charie ->Apha->Victor ->Kilo
3007.99 4 ->Charie->Foxrot ->Alpha ->Victor
€ >

' Show on Gantt Chart

Fig. 2.6: g-best allocations; 4-best solutions are shown, as per the operator's request (g

= 4),

based on their speeds and then, each UAS 1s assigned to the best available target based
on 1ts expected utility. This process 1s continued until each UAS 1s assigned to a target

in the current stage. This stage-wise assignment 1s repeated until all the targets are



assigned.

Path Time Equalization

T'he path time equalization method strives to equalize the mission time of each UAS

route. The first target 1s assigned to each UAS 1n the same way as was done 1n the
target equalization method. Then, a target 1s selected and assigned to a UAS so that the
cumulative time ot all routes 1s a minimum. This process 1s repeated until all the targets
arc assigned. ['his method ditters from the target equalization method 1n that 1t chooses

the next UAS based on the cumulative time taken by all UASSs, rather than a priorntized

order. This 1s an explicit attempt to balance route times.

2.3.4 Modes of Operation

SCOUT™ is developed to operate in two modes: a) parallel mode, where the optimal
COA recommendations are generated (independent of the operator's actions); b) co-

ordinated mode, where the optimal COA recommendations are generated atter taking

the operators™ actions into consideration. The latter 1s akin to a navigation system that
adapts to a driver's route.

Consider a scenario of three UASs and five targets with specifications shown 1n
Table 2.4. Suppose the operator assigns target Alpha to UH-28 and target Charlie to

UV-72 before the mission execution phase. The suggested allocations for the parallel

and the coordinated modes are shown 1n Fig. 2.7. In the parallel mode, the maximum
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Fig. 2.7: Gantt chart depicting the change in COA when an assignment 1s made by the

operator (Parallel versus Coordinated modes).
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utility solution 1s computed, whereas, 1n the coordinated mode, 1t computes the con-
strained optimal assignment, given the operator's actions. In the coordinated mode, it

can be observed that, given target Alpha 1s assigned to UH-28 and target Charlie 1s as-

signed to UV-72 by the operator, the algorithm allocates the remaining targets to UASS

in a way which maximizes the remaining achievable utility.

2.3.5 Simmulation Results

In order to assess the pertormance of optimal allocation over heuristic methods, we

evaluated these algorithms on ditterent scenarios, each having three UAS and geograph-

ically distributed targets. The number of targets 1s varied from 5 to 13 1n increments
of 2, where each UAS starts from an arbitrary position. Fig. 2.8 shows the expected
utility versus the number of targets. The simulations are performed on a computer with

an Intel 17 processor with 16 GB of RAM 1n C#.

It 1s evident that the optimal allocation can be substantially better than the heuris-

tic ones, but when run times are considered, the optimal allocation takes multiples or-

ders of magnitude more time as compared to solving by target or path time equalization

TTM

methods. So, tor small numbers of targets, as 1s the case in SCOU , the optimal al-

location 1s preferred. For large scale scenarios involving hundreds of UASSs and targets,

heuristic methods are preferred.
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Fig. 2.8: Expected utility as a function of the number of targets.
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Chapter 3

Enhancements made to SCOUT '™ software

3.1 Decision Support Enhancements to SCOUT " Software

The decision support algorithms embedded in SCOUT'™ provide the following capa-
bilities to reduce the operator workload and to increase the available time tor decision

making.

3.1.1 Optimal Assignment

T'he optimal assignment at 6.5 minutes into the mission scenario 1s shown 1n kFig. 3.1,
where the UASs are shown 1n the left column. Each row gives information on the
assigned route (targets) for each UAS and the expected cumulative utility to be ob-

tained from that route, UAS location, and the utility expected from the UAS-target

assignments. [he algorithm adapts to context changes, such as a target appearance or
information update, that occur within the scenario and provides the updated optimal
solution to the operator. All the past interaction history 1s maintained to allow the oper-

ator to analyze and compare how the change 1n context atfected the optimal allocation



and adapt the plans accordingly.

UAS Assignment

UH-26 > harlie

(17.615,62.394)

UV-/2 ->Alpha->Foxtrot

(17532 62.287)

UH-53 ->Victor

[1/.6U8,-63.043)

1 otal

Fig. 3.1: Optimal assignment atter re-planning at £ = 6 minutes and 30 seconds during

the mission execution phase.

3.1.2 Gantt Chart

A Gantt chart 1s a graphical 1llustration ot a schedule to aid the operator in decision

making. It 1s a pictorial representation of UAS-target allocation over time, where UASS

arc shown along the vertical axis and a time scale 1s shown along the horizontal axis, as
in Fig. 2.7. The vertical markers represent the deadlines of the corresponding targets
and the red bar 1s the time shder which indicates the current time. The Gantt chart

is integrated into SCOUT'™ and enables the operator to experiment with alternative
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plans.

3.1.3 Utility Chart

A utility chart provides the time evolution of cumulative utility 1n the parallel and the
coordinated modes, as shown 1n Fig. 3.2. For a given mode, the thick line represents the

actual utility obtained so far and the dashed line represents the future expected utility.

3500

e sssssssss== = Parallel - utility obtained
: w——= Co-ordinated - utility obtained
: === Parallel - utility expected
30004 ppp—— d === Co-ordinated - utility expected
-l
1
|
2500+ :
: ro--—
| :
1
'y ; I
B ——————— i J
E :
1500 :
Ppp———— -
1000+
500+
0
0 20 40
Trme{min)

Fig. 3.2: A utility chart showing comparisons between the user obtained utility versus

the optimal utility.

3.1.4 Event Chart

An event chart allows the operator to keep track of all the events that occurred 1n
chronological order as shown 1n Fig. 3.3. An event, may be: a) a new target; b) an

Intelligence update via chat update on a target’s position or 1ts uncertainty radius; c)
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an Mission Command request via chat command to change the speed of a UAS: d) an

operator adding a way point manually.

EVENT CHART

Time (HH:MM:55) Event

00:06:31 New objective Hotel added
00:06:50 Alpha is completed

00:08:13 Charlie is completed

.ﬂ'D:13:D1 New objective REDFOR UAV added
IDD:1E:EE . New objective REDFOR Amphib added
.GD:1E:1E message:Increase speed of UH-53 by 10
I-:}D:ED:DE New objective REDFOR Submarine added

. 00:22:27 message Decrease set speed of UH-52 by 5
IDD:23:31 New objective REDFOR Sub Updated added

Fig. 3.3: An event chart showing all the mission events 1n chronological order.



Chapter 4

Conclusions and Future Work

4.1 Conclusion

T'he existing unmanned air systems (UAS) mission planning processes require an enor-
mous amount of human cognitive processing, and 1s therefore error-prone, leading to

mission tatlures. The enhanced version ot the proactive supervisory control operations

user testbed (SCOUT'™) discussed in this thesis provides the user with rank-ordered
courses of actions (COA) options, while adaptively updating plans based on user work-
load under changing mission contexts. It enables the investigation of higher order cog-
nitive processes, such as decision making under uncertainty and the impact of low or

high workload on risk taking behavior in a UAS environment. It also provides a timely

comparison of the operator's solution in comparison to the optimal one. The g-best

solutions provide a means to rank-order operator performance.



4.2 Future Work

Though the exact algorithm that we present 1n this thesis gives an optimal solution,

it works only for relatively small instances and can find solutions for up to 15 targets
and 3 assets. lo scale the problem to a large number of assets and targets, we present
heuristic methods, such as the rollout algorithm [31] (one step lookahead, two step

lookahead) to generate near optimal solutions, even for a large number of targets and

asscts. The quality of these heuristics will be assessed based on their accuracy, speed.
simplicity and tfiexibility.

In the future, we plan to enhance our proactive decision support algorithms to
learn the behavior of the operator's risk propensity tactor () (risk seeker/risk averse/risk

neutral) on-line and provide the operator symbiotic recommendations. We want to de-

velop a framework for automatically learning human user risk-model from the action
sequence of the human collaborating with the robot (here, the parallel mode). For this,
we will first use the operator's action sequences to cluster them into different human-

types (risk averse, seckers or neutral) using an unsupervised learning algorithm. A

separate reward function will then be learned for each of these operator behaviour clus-
ters.

The newly learned model can then be incorporated into a mixed-observability
Markov decision process |32 (MOMDP) formulation, where the operator type would

be a partially observable variable. With this framework, we could infer the operator

type of a new user that was not included 1n the training set, and can compute a policy



for the operator that will be aligned to the preterences ot this particular operator.
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Appendix A

Appendix A

A.1 Vehicle Routing Problem

(iven a list of customers. distances between them and a set of vehicles. VRP finds
tours that minimize the total length of the tours, such that one vehicle visits each lo-

cation. It 1s first formulated 1n 1939 by G. Dantzig and J. Ramser |33] for the Truck

Dispatching Problem. VRP 1s used to solve Real-life objectives, such as minimize
distance, maximize profit, minimize time, maximize customer satistaction, minimize
employee workload etc. Typically, a normal VRP problem consists ot a depot, m 1den-
tical vehicles based at the depot, n customers with respective demands. Its objective

1S to determine a set of m or atmost m vehicle routes starting and ending at the depot.

visiting each customer exactly once, satistying the capacity constraint of minimal total
cost. A typical VRP 1s shown 1n fig. A.l.

The current scenario discussed 1n this thesis ditfers from common VRP 1n the
following ways: a) multiple depot's or assets have different starting locations; b) non-

identical vehicles 1e., each asset has difterent speed and sensor sweep width; ¢) each

41
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Depot

Fig. A.1: Typical vehicle routing problem.

target has specified radius of uncertainty; d) each target has specific deadlines betore
which 1t has to be searched; e) time deadlines lead to partial searches making 1t more
uncertain for the asset to obtain reward; f) environment contains restricted operating

zones nto which assets cannot enter without prior permission. This can be nearly

related to one of the variants of VRP called open vehicle routing problem (OVRP) and

a sample scenario 1s shown in fig. A.2.

A.2 Depth First Search Algorithm

Depth first search (DES) 1s an algorithm for traversing or searching a tree or graph data
structures. Starting at the root node, 1t explores a path all the way to a leat node betore

backtracking and exploring another path. The time and space analysis of DES difters
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Depot

Fig. A.2: Problem scenario defined 1n thesis related to open vehicle routing problem.

according to 1ts application area. In theoretical computer science, DES 1s typically used

to traverse an entire graph, and takes time ©(|V'| + |E|). linear in the size of the graph.
[n these applications, it also uses space (J(|V'|) in the worst case to store the stack of
vertices on the current path and the already visited vertices. A sample iteration in DES

1s shown 1n Fig. A.3.



Fig. A.3: Sample path of exploring nodes of a tree by depth first search algorithm.
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