OPTIMIZATION AND DEC ISION STRATEGIE S FOR MEDICAL
PREPAREDNESS ANDEMERGENCY RESPONSE

A Thesis
Presented to
The Academic Faculty

by

ChienHung Chen

In Partial Fulfillment
of the Requirements for the Degree
Doctor of Philosophyn the
H. Milton Stewart School of Industrial and Systems Engineering

Georgia Institute of Technology
December 2013

COPYRIGHT © 2013 BY CHIEN-HUNG CHEN



OPTIMIZATION AND DEC ISION STRATEGI ES FOR MEDICAL
PREPAREDNESS ANDEMERGENCY RESPONSE

Approved by:

Dr. EvaK Leg Advisor

School ofindustrial and Systems
Engineering

Georgia Institute of Technology

Dr. David Goldberg

School ofindustrial and Systems
Engineering

Georgia Institute of Technology

Dr. Yajun Mei

School of Industrial and Systems
Engineering

Georgia Institute of Technology

Dr. Renato D.C. Monteiro
School of Industrial and Systems
Engineering

Georgia Institute of Technology

Mr. Ferdinand Pietz

Division of Strategic National
Stockpile

Centers for Disease Contrahd
Prevention

Dr. Hongyuan Zha

School of Computational Science ar
Engineering

College of Computing

Georgia Institute of Technology

Date Approved22 August 20B



To my parents



ACKNOWLEDGEMENTS

First and foremost, | would like to express my gratitude to my advisor, Dr. Eva Lee. |
am eternally grateful for her patiee and encouragement thlgiide me through this
toughest doctoral program and completgthesis. | learned a lot from her about how to
be a good researcher, and what it really is to conduct excellent research. | would also like
to thankProfessorDavid Goldberg ProfessorYajun Mei, Professor Renationteirg
Mr. Ferdinand Pietzand ProfessoHongyuan Zha for sering on mythesiscommittee,

and myheartfeltappreciation to their encouragement and support.

| gratefully acknowledge the funding sources that made my Btubypossible.The
work was partially supported by grarib Dr. Lee fromthe Centers for Disease Control
and Preventio and fromthe National Science Foundatio8Special thanks gdo the

Geagia Aquariumfor providing invaluable collaboration opportunity.

Fellows from the Center for Operations Research in Medicine and HealthCare
KyungduckChg TsungLin Wu, AnnaYang Niquelle Brown, FanYuan and all other
group members, it has been my bpand pleasure to wodnd learrwith you onvarious
projects.l thank all my friends in Atlantdrom the bottom of my hearfThank youfor
sharing part of your life with me. My life in Atlanta is not without struggle. Some of you
taught me life can be iperfect, some of yotaught me life can be colorfult is all of

your friendship that definesho | am today.

Lastly, | would like toexpress my deepegtatitudeand loveto my parentsfor their
encouragementolerance, and lovd am the most fortunate person in the world to be

their son.



TABLE OF CONTENTS

ACKNOWLEDGEMENTS iv
LIST OF TABLES Vil
LIST OF FIGURES Vil
SUMMARY Xii
CHAPTER 1 1
CHAPTER 2 6
2.1 Background and Motivation 6
2.2 Problem Formulation 7
2.3 Genetic Algorithbased Heuristics 9
2.3.1 Chromosome representation 12
2.3.2 Initialization 13
2.3.3 Geneti Operators 14
2.3.4 Decoding Procedure 15
2.3.5 Ranking and Selection Mechanism 16
2.3.6 Diversification (kick move) 17
2.3.7 Local Improvement 17
2.4 Computational Performance 18
2.5 A RealTime Decision Support System: Real@Regional 24
2.5.1 System Architecture and Design 25
2.5.2 System Functionalities 27
2.6 Conclusions 34
CHAPTER 3 36
3.1 Introduction 36
3.2 Optimization of Poirbf-Dispensing (POD) Operations 38
3.2.1 Minimize Resource Allocation and Maximize Throughput: Previous Wa8k
3.2.2 Solution Engine 40
3.3 Disease Propagation and Mitigation Strategies for Effebtags Dispensing 43
3.3.1 Background and Motivation 44
3.3.2 Compartmental Model for Disease Propagation 45
3.3.2.1 Poinbf-Dispensing 45
3.3.2.2 Force of Infection 46
3.3.2.3 Sixstages Compartmental Model 48
3.3.2.4 OuteiPOD Disease Propagation 49
3.3.2.5 IntraPOD Disease Propagation 50
3.3.3 Simulation Model for Disease Propagation 52
3.3.4 Generalized Comparental Model for Disease Propagation 54



3.3.4.1 Mathematical Formulation 54
3.3.4.2 Implementation of a Unified Platform for POD Operations and Disease

Compartmental Model 58
3.3.5 Numerical Validation 59
3.3.51 Parameter Values 60
3.3.5.2 Model Validations 63
3.3.5.3 Base Case Results 66
3.3.5.4 Strategies for Mitigating intRROD Diseas®ropagation 68
3.3.5.4.1 Triage Accuracy versus inP&®D Disease Propagation 69
3.3.5.4.2 Centralization versus Decentralization Dispensing 73
3.3.5.4.3 Alternating Batch Size versus ifd@D Disease Propagation 76
3.3.5.4.4 Summary 79
CHAPTER 4 81
4.1 Receipt, Stage ari8torage of Strategic National Stockpile 81
4.1.1 Background and Motivation 81
4.1.2 RealOpRSS and Layout Design 83
4.1.3 RealOpRSS and Order Picking 85
4.1.4 RealOpRSS and Process Time 86
4.2 Designing Guest Flow and Operations Logistics for the Dolphin Tales 86
4.2.1 Background and Motivation 87
4.2.2 Point of Interest 87
4.2.3 Agentbased Simulation 89
4.2.4 Integration of Process Flow and Layout Design 90
4.2.4.1 Flowchart Panel 90
4.2.4.2 Layout Panel 92
4.2.4.3 Integration of Process Flow and Physical Layout 93
4.2.5 Local Path Finding 95
4.2.6 Global Path Finding 95
4.2.6.1 Global Path Finding with Full Information 96
4.2.6.2 Global Path Finding with Partial Information 98
4.2.7 Agertbased Simulation 100
4.2.8 Integration of Process Flow, Physical Layout, Simulation, and Optiomzati
105

CHAPTER 5 106
REFERENCES 110

Vi



LIST OF TABLES

Table 1 Approximation algorithms for uncapacitated facility location problefis
Table 2 Geneticalgorithm parameters 12
Table 3 Demographic information of metro Atlanta area by counties 20
Table 4 Process service times in this floorplan 61
Table 5 Parameters for disease transmission and progression 63

vii



Figure 1
Figure 2
Figure 3
Figure 4
Figure 5
Figure 6
Figure 7
Figure 8
Figure 9

Figure 10

Figure 11

Figure 12

Figure 13

Figure 14
Figure 15

Figure 16
Figure 17

LIST OF FIGURES

Theweb-based RealOpRegional environment for determining optimal
network of dispensing sites 4
The integration of the diseapropagation and RSS modules within the
CDC-RealOptPOD realtime simulatioroptimization environment 5
Computation scheeof a genetic algorithrhased heuristic for the facility
location problem 12

Conversion from chromosome representatiooaimesponding targeted

cells 13
lllustration of genetic operators 15
lllustration of potential served sets 16
lllustration of local improvemerd insertion 18
lllustration of local improvement switch 18

Map of 11 districts and corresponding counties in metro Atlanta aréa
Number of binary variables in each P@dgation MIP instances for 11
districts [56] 21
Number of facilities required under different maximum allowed travel
distance (mile) when capacity limit is 2000, 1500, 1000, and 500
individuals per hour [56] 22
Optimality gap under different maximum allowed travel distances (mile)
and capacity limits (individuals per hour) 23
Actual distance that each household travels to its assigned POD when the

facility capacity is 1500 and travel distance limit is 10 miles [56] 24

System architecture of RealGRegional 27
System interface for public health emergency preparedness directors and
planners [57] 28
System modules of RealOptegional 28
Userdefined city boundary of the City of Los Angeles [57] 30

viii



Figure 18

Figure 19

Figure 20
Figure 21

Figure 22
Figure 23
Figure 24

Figure 25
Figure 26
Figure 27
Figure 28
Figure 29

Figure 30
Figure 31

Figure 32

Figure 33

Figure 34

POD demographics for 10010 De Soto Ave, Chatsworth, CA

91311[57][62] 32

Di fference between POD Demographics.
AHIi spanic/ Latinoo, and AAO0 std8nds fo
Solution engine for the original CDRealOptPOD [59][60][61][62] 41

Local searckbased optimization through hybrid of fluid model and

discrete event simulation 43
Example of a POD design [56] 46
6-stages SEPAIR compartmental model [55] 49

Integration of disease propagation within the GR€lOptPOD
environment 53

System extension from$&tages compartmental model to general

compartmental model 58
lllustrative userdefined compartmental models 59
Floorplan for flu vaccination 61
Underestimation of intr@OD Infections in ODE Model [56] 64

Number of infections (infection rateased) under different batch sizés6
Number of infections (contact based) under different batch sizes 66
The dynamics of number of intROD individuals. (a) shows the number
of susceptible individuals varies over thel8&ur period. (b) shows

number of exposed and infectious individuals, and (c) shows number of
asymptomatic and symptomatic individuals. 68
The intraPOD disease progression. (a) cumulative number of HDB
infections and cumulative number of disepsegressions from exposed
stage to infectious stage. (b) cumulative number of disease progression
from infectious stage to asymptomatic and symptomatic stage. 68
Number of intraPOD infections under different triage accuracy and initial
infectious percentage 70
Number of intraPOD infections under different triage accuracy and

symptomatic proportion 72



Figure 35

Figure 36

Figure 37

Figure 38

Figure 39

Figure 40

Figure 41

Figure 42

Figure 43

Figure 44

Figure 45

Figure 46
Figure 47

Figure 48
Figure 49
Figure 50

Figure 51
Figure 52
Figure 53

Number ofintra-POD infections under different triage accuracy and
contact coefficient 73
Number of intraPOD infections under diffent 36hour period
throughput and initial infectious percentage 74
Number of intraPOD infections under different 3&urperiod
throughput and symptomatic proportion 75
Number of intraPOD infections under different d&ur period
throughputand contact coefficient 76
Number of intraPOD infections under different batch size and initial
infectious percentage 78
Number of intraPOD infections under different batch size and
symptomatic proportion 79
Number of intraPOD infections under different batch size and contact
coefficient 79

Distribution of strategic national stockpiles to general population 82

Userdrawn RSS site layout in RealORSS 84
Find picking path iruserdrawn layout 85
Integration of layout design, summarized item information, picklist, and
picking route 86
Building process flow under different precedence constraints 92

The drawn layout of Georgia Aquarium Dolphin Lobby in Reai@BM

[54] 93
lllustrative integration of process flow and physical layout [54] 93
lllustrative multifloor building and corresponding connectivity grapB6

Georgia Aquarium model as physical layaith Connector and

FlowNode [54] 97
Connectivity graph of Georgia Aquarium model 98
Georgia Aquarium model as physical layout with roadmap 100

Layout of loading process in Dolphin Area under ageged simulation
[54] 103



Figure 54 Procesdlow of loading process in Dolphin Area under agbased
simulation 104

Figure 55 Lengths of waiting line in Dolphin Lobby ticketanning process 104

Xi



SUMMARY

The public health emergencies, such as bioterrorist attacks or pandemic outbreaks,
have gainederiouspublic and governmerdttentions since th2001anthrax attacks and
the SARS outbreak in 2003[hese events require largeale andimely dispensing of

critical medical countermeasures for protectiothefgeneral population.

This thesis research focuses on developing matheahamodels, reatime
algorithms, and computerized decision support systems that efiBbleystematic
coordination to tackle multifaceted nature of mass dispensing, (2) diasase
propagation modulé allow immediatenitigation responsedo onsite uncertainies, and
(3) userfriendly platform to facilitate modelirgolution integration and cros®main
collaboration. The work translates operations research methodologies into practical

decision support tools for public health emergency professionals.

Under the framework of modeling and optimizing the public health infrastructure for
biological and pandemic emergency responses, the task first determines adequate number
of pointof-dispensing sites (POD), by placing them strategically for best possible
population coverage. Individual POD layout design and associated staffing can thus be
optimized to maximize throughput and/or minimize resource requirement for an input
throughput. Mass dispensing creates a large influx of individuals to dispensinigefacili
thus raising the risk of high degree of infazility infections. Our work characterizes the

interaction between POD operations and disease propagation.

Specifically, fist genetic algorithrbased heuristicarere developedfor solving the
integerprogrammingbasedfacility locationinstancesThe approaclmas been applied to
the metreAtlanta area with a population of 5.2 million peoppgeadingver 11 districts.

Among the 2,904 instances, the stat¢he-art specialized integer programming solver

Xii



solved all except one instance to optimality within 300,000 CPU seconds and solved all
except 5 to optimality within 40,000 CPU secon@sir fast heuristic algorithnmeturns

good feasible solutianthat are within 8 percento optimality in 15 minutes.This
algorithm wasembedded within an interactive wbhsed decision support system,
RealOptRegiona®. The system allows public health users to contour the region of
interest and determine the network of PA@stheir affected populatiorAlong with the

fag optimization engine,hie system featuregeographical, demographicand spatial
visualizationthatfacilitate reattime usageThe clientserver architecturacilities front

end user interactive desigm Google Maps© while the facility locationmathematical

instancesire generatednd solvedn the backend server.

In theanalysis of disease propaiipn and mitigation strategies, Viiest extendedhe
6-stage ordinary differential equatidmased (ODE) compartmental moddb
accommodat®OD operabns This allows udo characterize the intfacility infections
of highly contagious diseases during local outbnellkn large dispensing is in process
The disease propagation module was th@plemented intahe CDC-RealOptPODO
discreteeventsimulaion-optimization CDC-RealOptPOD is a widely used emergency
response decision support system that includes simuagitmization for determining
optimal staffing and operationsV/e employed the CD@&RealOptPOD environment to
analyze the interactions meten POD operations and disease parameters and identified
effective mitigation strategieI.he disease propagation module allows us to andhge
efficient frontier between operational efficieesi and intrd?OD infections Emergency
responsePOD plannersand epidemiologistean collaborate unddahe familiar CDC-
RealOptPOD environment e.g., design the most efficient plan by designiagd
analyzingboth POD operations and diseasenpartmental model ia unified platform.
Corresponding problem instancesre formed automatically by combining and

transforming graphical inpuend numerical parametdrem users.
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To facilitate the operations of receiving, staging and storage (RSS) of medical
countermeasuresye expanded the CDRealOptPOD layout design functions by
integrating it with the process flow. The resulting RSS sysi#ows modelingof both
system processes along with spatial constraints for optimal operations and process design.
In addition, agentbased simulatiorwas incorporaté inside where integrategrocess
flow and layout desigallow analysis ofcrowd movement and congestion. We developed
the hybrid agent behavior where individual agents make decision through siefteead
process flow and autonomous discretion.e T8ystem was appliedsuccessfullyto
determine guest movement strategies tfee new Georgia AquariumDolphin Tales

exhibit. The goal was to enhangeest experience while mitigatilogerallcongestion.
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CHAPTER 1

INTRODUCTION

Largescale dispensing of @dical countermeasuras vital to protect the pblic
against acts of terrorismatural disaster@nd other public health emergencigs2001,
despitethe limited deathresultedin an anthraxbio-attack, over 32,000 people were
potentially exposedo the biological agerdnd had to receivgrophylactic medication
Largescale dispensing is critically importafttr control of infectious diseaseutbreak

such aghe 2003SARSand pandemic influenza

Since 2004 Cities Readiness Initiatve (CRhas been established
largest cities and metropolitan statistical aredsere more than 50% of the U.S.
population residesOne focus of CRI involvesapid response tpotential aerosolized
anthrax attackn a large metropolitan areAs a resultstate, local and tribgdublic health
departmentswvere requiredto develop dispensingplans to protect the population in
resporse to a largescale bioterrorist.CRI highlights the importance of immediate
responsavithin the 48hour time windowafter outbreakbecause ofhe steep mortality
rate In addition, it emphasizes the importance of last mile dispensing of medical

countermeasurds the affected population.

Medical preparednessissues and strategieshave been investigated in
[21][25][40][47]. Human aspect of biterror preparedness and respoissevestigated in
depth as wel[12][17][52]. In addition to the applications ofiveillance and information
technologies to enhance preparedness adaimserror attack$7][78], many researchers
[20][22][27][44][45][46][73] have studied modeling of emergency responseln
particular,Centers for Disease Control and Preven{@nhand Mason and Washington

[72] investigated optimal staffing arrangements when limited staffingyadadle. The



CDC study has proven to be invaluable because it offers insight on the practicality of a
simulation system in emergencie§iovachino and McCug31] highlighted the
importance of a real time system in which usersdyaramicallychange the floorplan in
response to patient floiee et al, along with CDC, developed the RealOgySten|58]

that combines simulation and optimization into a-teaé decision support environment
[59][60][61]. The system offers strategand tactical capabilities for optimizing staffing

and layout design for individual dispensing sifé8][61][90]. The team also studied
facility location to determinghe best network dispensing facilities for best population
protecton [64]. Prior to this thesis research, RealOpt had over 3000 active public health
user sites. Ithe rest of this thesis, we dentites CDC system as CDRealOptPODO .

As the continuation of L e ehisghesrs gelsdarahb o r a t |
focuses on developing mathematical models, reale algorithms, and computerized
decision support systems that enable (1) systematic coordination to tackle multifaceted
nature of mass dispensing, (2) fasease propagatiomodule to allow immediate
mitigation responseo onsite uncertainés and (3) usefriendly platform to facilitate
modelingsolution integration and crostomain collaborationThe workaims totranslate
operations researahnethodologies into practical decision support tools for public health

emergency professionals.

The first task determines adequate number of pufhdispensing sites (POD), by
pladng them strategically for best possible population coverage. Individual POD layout
design and associated staffiecgn be optimized via CD&RealOptPOD to maximize
throughput and/or minimize resource requirement for an input throughput.-$@alpe
dispenfg creates a large influx of individuals to dispensing facilities, thus raising the
risk of high degree of intrgacility infections. Our work characterizes the interaction

between POD operations and disease propagation.



Fast genetic algorithrbased heustics were developed for solving the integer
programmingbased facility location instances. The approach has been applied to the
metraAtlanta area with a population of 5.2 million people over 11 districts. Among the
2,904 instances, the staiéthe-art gecialized integer programming solver solved all
except one instance to optimality within 300,000 CPU seconds and solved all except 5 to
optimality within 40,000 CPU seconds. The fast heuristic algorithm returns good feasible
solutions that are within 8 pgent to optimality in 15 minutes. This algorithm was
embedded within an interactive wblbsed decision support system, RealRegional.

The system allows public health users to contour the region of interest and determine the
network of PODs for their &cted population. Along the fast optimization engine, the
system features geographical, demographical, and spatial visualization that facilitate real
time usage. The cliersterver architecture facilitates freahd user interactive design on
Google Maps©while the facility location mathematical instances are generated and

solved to neaoptimality in the baclend compute server.

Secondly, in the analysis of disease propagation and mitigation strategies, we
extended the 8tage ordinary differential equatidbased (ODE) compartmental model
that combines POD operations to characterize the-fatiity infections of highly
contagious diseases during local outbreak. This disease propagation module was then
implemented into the CD®RealOptPOD discreteeventsimulationoptimization
environment for modeling intrgacility disease propagation. CDRealOptPOD is a
widely used emergency response decision support system that includes simulation
optimization. We analyzed the interactions between POD operations iaadsel
parameters and identified effective mitigation strategies. The disease propagation module
allows us to analyze the efficient frontier between operational efficiencies ané(®Da
infections. Emergency response POD planners and epidemiologistslizdoorate under

the familiar CDGRealOptPOD environment, e.g., to design the most efficient plan by



designing and analyzing both POD operations and disemspartmental model in a

unified platform. Corresponding problem instances are formed autorhatiosl

combining and transforming graphical inputs from users into mathematical formulation.

Thirdly, to facilitate the operations of receiving, staging and storage (RSS) of medical
countermeasures, we expanded the €REalOptPOD layout design functionsyb

integrating it with the process flow. The resulting RSS system allows modeling of both

system processes along with spatial constraints for optimal operations and process design.

In addition, agenbased simulation was incorporated inside where integnatedess
flow and layout design allow analysis of crowd movement and congestion. We developed
the hybrid agent behavior where individual agents make decision through slefiasd
process flow and autonomous discretion. The system was applied succdsstiiy

Georgi a

Aguarium to analyze and

desi

gn

with the goal of enhancing the guest experience while mitigating overall congestion.

Figure 1 shows the wellased RealOgRegional. Figure 2 shows the integration of

disease propagation and RSS modules withefCDC-RealOptPOD environment.
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Figure 2 The integration of the disease propagation and RSS modules within the
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CHAPTER 2

NETWORK OF DISPENSING FACILITIES

The writing and technicatontent of this chaptanclude excerpts and summaoy
published work[56][57][62][63][64][90]. Our contribution $ presented in Section 2.3
and 25.

2.1Background and Motivation

fiPlanning for acatastrophe involving a disease outbreak or mass cas|id){&$83]

is an ongoing challenge for first responders and emergency managers. They must make
critical decisions on treatment distribution poirggffing levels, impacted populations

and potential impact in a compressed window of time when seconds could mean life or
death. Although extensive resources have been devoted to planning for aaserst
scenario on the local, regional and national sdake,U.S. Government Accountability
Office found gaps still exist. While many states have made progress in planning for mass
casualty events, many noted continued concerns related to maintaining adequate staffing

levels and accessing other resources nacgss effectively respond90]

After outbreaks of potential public health emergencies, immediate and aggressive
responses must be carried out. This includeselatgle medical countermeasures
dispensing[45][87] to mitigate possile deathsand to control epidemic. Besides
di spensing medi cat,ae definedhirfs2][63y, forcf@eod and watet r uct s
distribution, temporary shelters, medical care, screening and registry, and
decontanination may also be required/ithout loss of generality, we call such sites the
point-of-dispensing sites (PODs). These are the places where individuals in the affected

population come to receive services.



AWhile dispensing medical countermeasures or providing medical services require
specific healthcare personnel, distribution of food aader or other personal needs can
be carried out by other emergency workers and volunteers. Nonetheless, both types of
services share key elements: resources are scare, time is precious, risk is uncertain and
evolving, there is a large affected populattorserve, and the ethe-ground conditions
can be exceedingly stressful, for the impacted population and for the emergency workers.
To maximize the throughput that can be served under limited resources of labor, time,
and potential damaged infrastructufODs must be established such that they are
flexible, scalable, sustainable, and agile for operations continuity and fluidity. Policy and
decision makers must know where to establish such network of sites so as tbtirapac
maximum overall outcomed-urther, POD layout must be designed to facilitate the best

operations workflow and throughput while minimizing resource requirendgsitk.

2.2 Problem Formulation

For a given regional population arad geographicaboundary,the problem is to
determine the number of PGDo be openedand their locationso that theentire
population ofhouseholds in #aregion can be served in the most effective and efficient
way. This problem was firsstudied andnodeledvia atwo-stagemixed integemprogram
approach64]. Specifically, the number of PODs to be opernisedirstly minimized next
the assignment dfiouseholds tmpen PODss determinedsuch that the total weighted

travel distanckime from households to PODs is minimized.

In this section we first describethe formulation asntroducedin [64]. This is
followed by discussion ofour rapidgeneticalgorithmbased heuristi¢or finding good

feasible solution§s6] in Section 2.3.

fiLet k be the total number of districts in the region, and let



G, = set ofcellsin districti
d(r,l) = distance betweetellsr andl

d. = maximumallowed travel distance
of = the capacity of the facility aell |.
P, = population otcell r

Let the decisiowvariable

y, =1if facility site atcell | is selected for setting up a dispensing facility, O
otherwise

x, = 1if the population ircell r is served by the facility at grid and O otherwise

ThecapacitatedPOD location problem can be formulated as follows:

k
(COVER-CAP) Minimize § 4 v,

i=11i G,

subject to avz2"i=1..k (2-1)

liG
dir,hx, ¢d_y,"rll G,i=1.k (22
ax =1"ri G,i=1..k (2-3)

i G,

ax,p ¢c,"Il G,i=1..k (2-4)

G

X,y 1 {03,"r,Il G,i=1..k (25

Constraint 2-1) ensures at least 2 POD locations are chosen. ConstéaRjteigsure
that each household will travel mostQ  miles, @-3) ensures that every household is
served, and X4) ensures that the capacity of the facility is not exceeded. Capacity
constraints are needed, for example, when fire code restrictions stipulate the maximum
number of people that can be insidébuilding or areas within a building. Capacity
constraints a also important if there are parking limitatioms the premiseq2-4) can
be removed if no capacity restrictions are requirétthis model, the targeted region is

discretized intacells (one mile by one mile as discretization resolutidhe populabn



of targeted regioran beevenly distributed to each cebir strategically placed based on

census density of the population.
The solution o COVER-CAP is usedn the secondnodelMINAVG -CAP. Let

n. = number of facilities in distriat as determined b OVER-CAP.

AMINAVG -CAP  minimizes the distance traveled by all households,
k
a a @ x,d(r,p,), while satisfying the constrag2-2) i (2-5) above, as well as the
i=1rG G

constraintsg y, =n," i =1...,k, wheren; is the optimal number of PODs setup for
liG,

districti returned fromCOVER-CAP.0 [64]

2.3 Genetic Algorithm-based Heuristics

[64] describeda generapurposed mixed integer programming (MIP) solver used to
solve these facility location #ances, thénstancesave proven to be intractabfor the

most competitive commercial Migblver.

Facility location problem (FLP) is a wdthown difficult combinatorial optimization
problem. There have been many variants of FLP studied extensively in the literature. Due
to its combinatorial nature andP-hard property, active research has been done in
developing approximation algorithms. The following table summarizes the

approximatiorfactors of these algorithnjg1].



Table 1 Approximationalgorithmsfor uncapacitatedacility locationproblens

Approximation Reference Technique
Factor

O(logn) Hochbaum{37] Greedy algorithm

3.16 Shmoys et al85] LP rounding

2.41 Guha and Khullef33] LP rounding + greedy
augmentation

1.736 Chudak and Shmoy41] | LP rounding

5+- Korupolu et a[50] local search

3 Jain and Vazirar43] primaldual method

1.853 Charikar and Guhgl0] | primaldual method + greedy
augmentation

1.728 Charikar and Guhfl0] | LP rounding + primabual
method + greedy augmentatio

1.861 Mahdian et al[41][70] greedy algorithm

1.61 Jain et al[41][42] greedy algorithm

1.582 Sviridenko[86] LP rounding

1.52 Mahdian et al[71] greedy algorithm + cost scaling

1.50 Byrka[8] LP rounding

1.488 Li [66] LP rounding + greedy algorithr]

The table illustrates the difficulty of these problems. By developing approximation
algorithms that have polynomial time computation complexity, the wurisest

approximation factor derived is 1.488.

Lee andZaiderderived hypergraphic cutting planes and incorporated them along with
smart geometric heuristic and matrix reductiand solved some intractable facitiige
instanceg65]. The 2904 facility location instances arising from the Atlanta metropolitan
network of pointof-dispensing determination range from 20,000 @fiables to over 10
million 0/1 variables. Lee and Zaider were able to solve all the instances except one to

optimality within 300,000 CPU seconds. All the instances except five can be solved to

1C



optimality within 40,000 CPU seconds. Among these 5 instartbescapacity limit is
less than 500 per hour. Four of them required approximately 300,000 CPU seconds to
solve to optimality, and the remaining one remains unsolved. In particular, among all the
solved instances, a feasible solution that is within 5gquerof optimality is obtained

within 5,000secondg$56].

The difficulty in solving these instances exactly and the relatively big gap in the
solutions obtained from the best approximation algorithm prompted us to look for good
heuristic solutions. Specifically, in order to address the facility location probiems
scenariebased analysis, we resort to mbguristics. Although there is usually no
mathematical guarantee on the solution quality, they are widely used in solving difficult

optimization problems with good practical and empirical performance.

To speedup the computational time for scenabased analysis, we designed a
specialized heuristic approach that couples together the features of a genetic algorithm
[28] and an adaptive greedy search. When using the permutation representation in
chromosomedesign the challenge here is to firal set offeasibleopen facilities that
satisfy boththe capacityconstraintandthe distanceconstraintsin addition,maintaining
solution feasibility during the evolutionary process can require extra computational
effort andmayreduce solution qualityTo overcome this, wantroducedthe concept of
potential served sefior eachcandidate facility This is analogous toiAc kel t nds s
covering approacf]. Using potential served set the decoding proceduré¢he solution
feasibility becomesindependent othe evolutionary procesdt also providesa better

opportunity to eliminate redundaopen facilities.

Instead of randomly generating every chromosorne, ritial population is partly
generated viaandomization and partly bthe k-mean clustering algorithm to ensure
better initial and final solution quality Furthermore, kickmove and local search are

applied to maintain the balance between search diversification and intensification.
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Figure 3depictsthe computationschemeof our geneticalgorithmbasedheuristic

desigred for the facility location problems. Table 2includes the list of algatmic

parameters
Initialization Population
Diversification
(kick-move)
[
L L
Local
Crossover Mutation Improvement
3
Extended S . Ranking and
Population el e ) Selection
Figure 3 Computation sheme ofagenetic algorithrbased heuristitor thefacility
locationproblem
Table 2 Geneticalgorithm parameters

Pop Population size.
Gen Number of generation.

Crossover rate.

Mutation rate.
Kick-movethreshold.
Percentage dé-meaninitialized population.

ca x| Cc Ca
<

2.3.1 Chromosomeaepresentation

The permutation representation, originally proposed tfw traveling salesman

problems (TSP)[28], is incorporatedinto our procedureto representthe location

12



sequences. Each geimea chromosome represents the indea obrrespondingell. The
length of each chromosome equals the numbercedis to be covered. However,
permutation representation is an indirect encodinbgema and thus the actual csll
covering can be derived only after decodiRigure 4illustrates the relationship between

chromosome representation ateorresponding discretized targeted region.

Chromosome 17]22]25] 4 [58[68[94]  x X x X x ¢] 9 [22[100

-

Corresponding

: 4
population cells
17 22 25
58
68
94
Figure 4 Conversion fronthromosomeepresentation toorrespondindargeted
cells

2.3.2Initialization
The initial population is generated in two parts: randomly generatedk-erehn
initialized. Let 0 denotethe percentage démeaninitialized population. In other words,

there ar@ £ 0 initial chromosomes generated e k-mean clustering algorithm.

We applied thek-mean clustering algorithm to gen initial greedy solution and

corresponding chromosomes. We define dEB TotalDemand and LBx=

Facility Capacity

Sizeof TotalArea
Sizeof Facility Coverage

. Initially, LB=max{LBd, LBa} (intuitive lower bowd for

number of facilities) seeds are randomly generated and considered as open facilities to

13



generate feasible solution byhek-mean clusteringlgorithm If these open facilities are
not enough to generatefeasible solution due tthe distance cortgaints orthe capacity
constraints, LB is incremented, seeds are randomly generatethedathean clustering

algorithm is appliecgainuntil afeasible solution is successfully constructed.

To construct an initial chromosome from an initial solutiae, assign the indes of
the opened facilities in the initial solution to the beginninghefchromosome in random
order, and fill the rest aofhe chromosome with the neainingindices in random order.
Hence, eachk-mean generated solution corresponds to (mé could be multiple)

chromosome in the initial population.

2.3.3 Genetic (perators

During the evolution process, cycle crossover and displacement mugegiadopted
as the genetic operators to generatgprffig fromthe parents tgreservechromosome
legality and feasibility. The procedures of cycle crossover and displacement mutation, as

illustrated inFigure 5(a) andFigure 5(b), are summarized dsllows:
Cycle Crossover:

1 Find the cycle that is defined by the corresponding positions of genes between
parents.

1 Copy the gees in the cycle to a child with the corresponding positions of one
parent.

1 Determine the remaining genes for the child by deleting those genes that are
already in the cycle from the other parent.

1 Fulfill the child with the remaining genes.
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DisplacemenMutation:

1 Select a segmenat random and insert it back at a random position.

Parent 1

N
N
w
N
<+ o
(o]
~
oo
©

Parent25 | 4 | 6 | 9|2 (3|7 |81 Parent1 1| 2|3 | 4|5 |6|7|8]|9

Cycle 15> 2> 4» 9 » 1 J

Offspring| 1 | 2 | 6 | 4 | 5|3 |7 |8|9

(a) Cyclecrossover (b) Displacemeninutation

Figure 5 lllustration ofgeneticoperators

2.3.4 Decoding Pocedure

The decoding procedure is used to transform the sequendmdicEs in the
chromosome into a feasible solutifmm thefacility location problem. This solution has to

satisfyboththe capacity constraintand the travetlistance constraints.

Instead of using thmndiceson chromosome as tlsequence of opergnfadlities and
then assign cdlto their closest and feasible facility, we generapotantial served set
for eachcell (potential facility). By doing sandices on chromosome are now considered
as the sequence opotential served setsThis maintains thesolution feasibility
independently of the evolution proceksalso provides uswith a better opportunity to

eliminate redundardpened facilities

Each cellhas only one potential served set, but can belong to multiple potential
served setsDecoding byusing potential served sets can guarargererang only

feasible solutionFigure 6graphically illustrates the concept of potential servesl set
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Figure 6 lllustration ofpotentialservedsets

In the decoding procedureedundancy remais conductedn a heuristiomannerto

keep the decoding procedure computationally tractable.

After removing redundant served sets, dslhssigned to its closest open facilityis
possible for a celio be assigned to multiple served dat$ore being assigned to an open
facility. It is unneessary to check the assignment feasibility since potential served sets

are all feasibly generated.

2.3.5 Ranking and Selection Mchanism

After decoding, the fithess value of each chromosome is calcldatibe weighted
sum of number of PODs opened ahd total distancé&ravelled The weights are chosen

such thathe number of PODs opened always dominates the total travel distance.

The roulette wheel approach was adopted to select the new population. Instead of

using the original fitness value, the selection probability is defined as follows:

2k

P = Pop( Popt1)
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wherek refers to th&" chromosome imlescending order of fitnesslue, andp, denotes
the selection probability of thi" chromosome. This selection probability can prevent
premature convergence and maintain the distinguishability between the chromosomes in

the late stage of thentireevolution process.

2.3.6 Divesification (kick move)

By experimentation we found that, when usthg genetic algorithm orsolving the
facility location instancesthe solution converges quickly andresadily trapped in the

local optimal. The kickmove function is added to diversiftye searching possibility.

Kick-move is appliedt the beginning of each generation. Given that the-kioke
threshold (KM) is defined as the percentage of population with the same number of
facilities opened, the kicknove replaces all additional chronooses with the same

number of facilities with randomigenerated sequences.

2.3.7 Local mprovement

The number of facilities is determined after removing redunpai@ntial served sets
However, local improvement is still possible to further imprdve weightedaverage
distance by modifying the exadbcation of facilities and cd¥$ assignment after
decoding. Local improvement incorporates several local search procedures to improve

the current solution.

Insertion
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In insetion (Figure 7, cellr is taken away from clustérand put into clusteyif this
can contribute to improved weightesteragadistance. Insertion is conducted underhbot

the distance constraints atiak capacity constraints.

Figure 7 lllustrationof localimprovemenrd insertion

Switch

In switch (Figure §, while cell r; is taken away from clusterandfeasiblyinserted
into clusterk, simultaneouslycell r; is taken away from clustgrand feasibly inserted

into cluster, if this cancontribute to improved weighteaveragelistance.

Figure 8 lllustration oflocalimprovemend switch

Ideally, applying local improvement to all solutions daad toa better solution.
However, due to the computation intensity of these local search proceespesjally

Switch, we onlyapplied then to the best solution in each generation.

2.4 Computational Performance

Both the mathematical programming approach atme@ genetic algorithbased
heuristicare applied to the metro Atlanta area for numegoahparson The population
is about 5.2 milliorspreading ove28 countieghat arerepresented by 11 districSigure

9 shows the mapf these 11 districts arttieir associateatounty(ies).
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Figure 9 Map of 11 districts andcorrespondingountiesin metro Atlantaarea

Table 3summarizes the population in each county.

19



Table 3 Demographignformation of metrdtlantaarea bycounties

District Index County Population
01-1 Bartow 91,226
Haralson 28,616
Paulding 121,530
01-2 Cherokee 195,327
Pickens 29,640
02-0 Dawson 20,643
Forsyth 150,968
031 Cobb 679,325
Douglas 119,557
032 Fulton 960,009
033 Clayton 271,240
Gwinnett 757,104
034 Rockdale 80,332
Newton 91,451
035 DeKalb 723,602
Henry 178,033
Fayette 106,671
Spalding 62,185
Coweta 115,291
04-0 Carroll 107,325
Butts 23,561
Lamar 16,679
Pike 16,801
Meriwether 22,881
Heard 11,472
05-2 Jasper 13,624
100 Barrow 63,702
Walton 79,388

By discretizingeach district at -inile by Imile resolution, the number of cells per
district ranges between 36 and 3275, and the number of households within each cell
ranges between 140 and 30F#ure 10compareshe number of binary variablesed in
the mathematical model for each of the 11 distriGisly two instances have fewer than

100,000 binary variables.
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Figure 10 Number ofbinary variables ireachPOD-location MIPinstances for 11
districts[56]

The benchmark tests were performed on these instances using CPLEX V11. CPLEX
returned an optimal number of facilities for the sestllinstance within 30 CPU minutes
when the POD capacity was set to 2000ividuals per hour However, for this same
instance, it cannot solve the problem within a week of CPU time when the facility
capacity is 500 per hour. CPLEX was not able to solweddrthe other instances after

running for several months of CPU time.

The challenge was to find optimal or negatimal solutions rapidlyo enable decision
processlsing recent computation advances for solving intractiaaléity-like instances
[65], all the instances except one can be solved to optimality within 300,000 CPU
seconds.All the instances except five can be solved to optimality within 40,000 CPU
seconds. Among these 5 instances, the capacity limit is 500 per hour. Four of them

required approximately 300,000 CPU seconds to solve to optimality, and the remaining
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one remainainsolved.In particular, among all the solved instances, a feasible solution

that is within 5 percent of optimality is obtained within 5,000 sec{®®ls

Figure 1lcontrast the optimal solutionsith the results obtained usiraur genetic
algorithm approachWe vary the capacity of the facilities atite maximum allowed

travel distanceand gauze their impaoh the number of facilities opened

—e— Cap=2000, Optima —#— Cap=1500, Optima
Number of Facilities —+—Cap=1000, Optima Cap=500, Optimal
Required =%=-Cap=2000, Heuristic: ~ -®--Cap=1500, Heuristic:
===-Cap=1000, Heuristic: Cap=500, Heuristic:
300
250

200 +

150 -

100

50 +

0 "
5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Maximum Allowed Travel Distance(mil¢

Figure 11 Number of facilities required under different maximum allowed travel
distance (mile) when capacity limit is 2000, 1500, 1000, andrgi@Gidualsper hour
[56]
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Optimality Gap(%) = Cap=2000 = Cap=1500 = Cap=1000 * Cap=500

5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Maximum Allowed Travel Distance(mile)

Figure 12  Optimality gap undedifferentmaximumallowed traveldistances (mile)
andcapacitylimits (individualsper hour)

The rapid solution engine and quality of returned soluti@aditate the study of
efficient frontiers to analyze the tradéfs in determining the most suitable number of
strategically placed POD sitelsat best serve the targeted region. For the metro Atlanta
area,our POD-location solver allow us to obtain god feasible solutions that are within
8 percentfrom optimality in less than 15 minutes (The hardest two instances with 500
capacityconstraints ran for about Ifhinutes; most other instage required less than 3
minuteg. Figure 13 shows the distribution of distances traveled by household for a
solution with a capacity limit of 1500 per hour and a maximum travel distance set to 10

miles.
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Figure 13  Actualdistance that eadmousehold travels to its assigned POD when the

facility capacity is 1500 and travel distance limit is 10 mjitg

2.5A RealTime Decision Support SystemRealOpt-Regional

RealOptRegional®©® is an interactive online software enterprise for -kraje
regional medical dispensing and emergency preparedness. It features interactive
visualization tools to assist with spatial understanding of important landrnmartke
region, assess the population densities and demographic makeup of the region, and
identify potential facility locations. It also features backend mathematical models for
largescale facility location problen$4] and a backend novel and rapid solution engine

(Section 2.3¥or strategic and operational planning and-teak dynamic optimization.

RealOptRegional has been available to public health and emeygalanners since
December 20009. I n 2010 there were two web
Strategic National Stockpile for broadcasting RealRegional. Currently there are over
200 regionalleaders usingRealOptRegional] most of the users amegonal program
directors or state project coordinators the Departments of Public Health or

Departments of Emergency Management.
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Much of thematerialin this section consist @xcerpts from thgubmitted pap€57]

and published articld62][63].

We first describe the system architecture and design of ReR@pobnal. Next, the
system functionalities are presented, beginning with functionalities that relate to the user
experience, @d moving on to functionalities that pertain to ragimg geographical
boundaries;facility locaton and population assignmenZIP code and population
composition and multi-modality dispensingndicators Through secured loginsers can
accesso CDGRedOpt-POD system foPOD layoutdesign and resource allocati@nd

bio-surveillance

Thesystem providea unified platform forfunctional integratiorof datacollection

dataanalysisand decision support.

2.5.1System Architecture and Design

RealOptRegional is implemented via the cliesgrver architectureOn the client
side the Google Maps JavaScrigPI [91] alongwith JavaScript are incorporated inside
Java Server Pages (JSPB)provide theprimary I/O functionalitiesUsing Tomcat 6.0.24
as the web servethe system application is written 8B so as tantegrae with Java

basedextension

The rapid heuristic algorithm, described in Section 2.Bngemented in C++ as the
solution engine fodetermining thenearoptimal dispensing facility networldava Native
Interface (JNI) is employed tnk the Java and C++ program on the server to complete
the backend computation and interface. By taking the solution engine as a native method
and connecting to JSP through JNI, the solution engine can be implemented in C, C++,

Matlab, or even Python tieveragetheir computational advantages and vagl/eloped
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numerical libraries. The system architecture is designed so as not to modify any

component except the junction module when extending the solution engine.

The intensive optimization compuian is peformed on the serveand requires no
extra computingcapacityfrom the user Useis computeris primarily usedfor webpage
display and object rendering on the mApynchronous JavaScript and XML (AJAX)e
employed in our system for connecting tlserver computation andclient 1/O
interactively AJAX is used for sending and receiving requdsgveen server and client
in anasynchronousanner The asynchronous connectionRealOptRegionalis critical
in the following mannerSinceit usually takestime to initiate and solve the facility
location problem on the baand, AJAXis implementedo send optimization request to
the server so that users do not have to wait for resporme the server during
optimization.Anothercrucialadvantage is thatsers can still retrieve optimization results
even if they are disconnected from the ser{atential internet disruption may occur
due to various reasons during the running of the optimization process. While the
connection can be manually or automaticaé-built, the running progress and solutions
will not be accessible unless another request is sent from client web browser to our
server) By using AJAX, users can still get either updated running progress or

optimization resultsvhen theprogram runs teaompletion.

A schematic design of the RealCpégional system ardlcture is depictedh Figure

14.

26



RealOpt-Regional© System Architecture

PC (User) UNIX Apache Web Server

JSP files

JavaScript response

Google Maps API|

++2 Ul) sauibu3z jeuoyeyndwo

JLuiaju|

Figure 14  Systemarchitectureof RealOptRegional

The system has been migrated from Google Maps JavaScript AP92J20 Google
Maps JavaScript APl V3Zince 2011 This ensures system compatibility with new

featuressuch as Googltusion tables and Styled Maps.

2.5.2 System Enctionalities

Figure 15shows tle interface of RealOgRegionalfor public health enrgency
preparednesgsers On the left is a Google map, and on the right are five function panels:
Jurisdiction, POD(Marker), Facility Location Optimization, Draw Polygon, and Local
Search. Help files and practice scenarios are provided in the bogionto help users

learnthe varioudunctionalities.
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Figure 15  Systeminterfacefor public healthemergencypreparednesdirectors and

plannerg57]

With systemflexibility and expansion in mindye designed this system modular
form (Figure 16 and alloweddirect linkage to functional modules. Currently, it is
composed of twelve primary modules for integrating system interactivity, -cleaer

architecture, optimation, and decision suppoWe briefly describe each modulelds.

Secure Internal
Data Storage

Web server

acility Locatio
Optimization

_ZipCode_ | _ _ _ ___ | _______ 1 .
emographic RealOpt-PODE n

Geographical
Boundaries Ju Iti-Modali

RealOpt©-Regional

Dispensing

AN

Interactive User Experiences

Multi-Level
End-Users

Figure 16  Systemmodulesof RealOptRegional
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Interactive User Experiencé/e incorporatethe graphical interactivity enabled by

Google Maps JavaScript APl V3 agaf the 1/O functionalitiesThis equips users with
spatial understanding of the planning and surrounding regions. Also, without the need for
prerequisite knowledge in mathematical programming, users are empowered to build,
optimize, and evaluate dispensing netwoiksa visualizationenvironment. They can
interact with the mapy selectingregion of interestadding/removing potential PODs (as
markers), defining dispensing constraints (capacity constraintsach POD sifeand

travel distanceconstraints),and setting householdactar (the average number of
occupants per household in a jurisdicjiohll these informatioraresent to the server for

building a mathematical model anal bptimization.

Geographical BoundaridBy linking to ArcGIS [93], RealOptRegionalcan display

the geographical county boundaries of the United States. Emergency resperssan
select and define their planning area spatially. Demographics such aatjpoynénsity

of each county are provided facilitatebuilding and optimizing the dispensing networks.

City boundariescan be defined bthe free drawing polygon toolThis enable®ur
systemto work compatibly with the Cities Readiness Initiative thace preparedness
in the nationbés | argest cities and metrop
manually drawing planning areas also ensures that the heterogeneity of population
densities between cities and counties can be considered minguihe dispnsing
networks.Further, sucHree drawingcapabilityis critical for dealing with international
sites (e.g., after the 2010 earthquake in Haiti) where affected regrensot pre
determined57][62][63]. Thedrawing proess,which includesaddingvertex, removing
vertex,and modifying the polygon shapentailsonly a series of clicking and dragging
operations on the magigure 17illustrates this system capabyl with the drawn city

bounday of the city of Los Angeles
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Facility Location and Population Assignmel®i6][64] Upon selecting thg@lanning

region,users can choose one of the following ways to input potential POD locations onto
the map at their convenience. They can either input the addresses (or the name of that
location) directly,uploada file with addresses, or interactively dragddrop the POD
markers onto the map, where a targeted region is defilegsical constraints on the
facility must be modeled, e.g., capacipumber of households a facility can
accommodatsimultaneouslyduring a certain period of timehis is often dictated by fire

codes and other facility regulatigndJsers can specify ¢htravel distance, household

factors, and time for completion of dispensing can also be input.

Various objectives are incorporated withthe RealOpRegional computational
engines. In the event of catastrophic incidents, it is critical that PODs are strategically
located so as to allow easy access by the affected public. Hence, minimizing

transportation distance is one critical objectivarther, the setup and operating costs of
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PODs cannot be neglected. In our model, setup costsargportation distance forthe

composite objective criteria.

Once thepotential PODs are selected and parameters for optimization are specified
by usersthis informationis automatically translateinto a facility locationformulation
in the backend for optimization Users can fetch the current feasible solution by
manually interrupting the computation, or they can wait for the final solution when the
soluion engine terminates. Our implementation ensures that computation will not be

interrupted even when the inb&t connectivity is disrupted.

ZIP_Code and Population Compositidy rearranging and analyzing zip code

demographics and ardeundarieg101][102], the systemmaintains a set of ufp-date
census data bank that contains 32,036 pasidé¢ areas in the United States. The system
provides zip code based information including regional demographics, social indicators,

economic indicators, angeographicaboundary 6 postatcodeareas.

After determining a set of optimal POD locations and population assignossrs
can query POD coveragmsed demographics by overlapping the POD service area with
all adjacent zip code areas, andragating zip codéased data bgonsidering(a) size of

overlapping, andb) population density of each overlapped zip code area.

The importance of POD coverage based demographics is that, while the
demographics based on zip code area or coisnsfatic and cartve availablethrough
other sources, the POD coverage based demographiasompletely dynamic and
dependent on uselefined parameters in optimizing facilityodations. Using this
information, emergency planners can identify appropriate persoangdinationfor each

PODindividually.

Figure 18illustrates that by overlapping POD coverage with all adjacent zip code

areas, we can identify demographics of the majority population servedeldyQb.
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Different iconsreflecting demographiosan then béabeled on eacROD accordinglyas

shown inFigure 19
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Multi-Modalty Dispensingindicator The key to mass digpsing is to protect the

general population efficiently and effectively under time pressure. For example, in an
anthrax attack, the goal is for citizens to receive antibiotic prophylaxis within 48 hours of
the determination that an attack has occurred,th&s mortality rate for persons

demonstrating symptoms of inhalation anthrax is extremely high. Thus, it is recognized
that multiple dispensing modalities often must be employed in order to serve (cover) the

entire regional populatiofb6][64].

Open PODs can be driterough or facilitybased walkhrough. Special needs
populations may need closed PODs on site. For example, nursing homes, assisted living
facilities, homeless shelters, hospitals, and prisons house many residents for whom it

would be inconvenient or inadvisable to travehtpublic dispensing facility.

Further, seHorganized closed PODs should be promoted. Corporate offices that staff
a large number of employees could be served in a similar manner. Once these sites
receive prophylactic supplies, they could set up a closed POD within their building, with
their own healthcare staff and volunteers, or with public health staff supplemented by the
state. Several factors suggest that such closed PODs will have fewer security concerns
and will be easier to manage than public PODs. These factors include fizgniigir the
environment andpeople (e.g., fellow residengshployees), existing security measures
including established checkpoints and previously authenticatedficktitn badges with

photo anddr biometric markers, and less stress thanrtyato comnate to a public POD.

Airports and hotels, where a large number of-resident travelers can be found, are
also candidates for setting up PODs. This is especially important with infectious disease
where travelers will be protected first before they leareetsewhere. Universities can
use their own health facilities (and if necessary, additional mobHeampus PODs
provided by the state) to provide prophylaxis tecampus students, staff and faculty.

Clearly, if large employers and medical facilitiesoyde prophylaxis to their own
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employees, families, and patients, it will eliminate a high percentage of the population
(may be as high as 40% in some large cities) from visiting public PODs, thus reducing

the load on those facilities.

POD markers in Real@Regionalcan distinguish drive-through mode andwalk-
throughmode and wih specific demographics needurrently, the system maintains a
data bank of 2,000 homeleskelters[99], 4,200 universities and colleggs7], 5,128
airports [95], 12,881 high schoolf94][98], 73,079 assisted livingacilities [96], and
24,192 hotel4100]. Public health and emergenoysponse planners are equipped with
this information and can make better decisions in constructing moreftesive and
efficient mass dispensing networkssers can also sear@r specific business or facility

types to explore options of dispensinggsi

Multi-Level EndUsers RealOptRegional can be used by both emergency

preparedness personnel and the general public to obtain dispensing site inforination.

supports maltiple levels & authorization control access.

2.6 Conclusions

In this chapterwe introduced a novel interactive wbhsed public health informatics
decision spport system, RealOfitegiona) for medical countermeasures dispensing,
emergency preparedness planning, aneshiweillance. Coupled with the newest Google
Maps JavaScript Rl V3, the systemprovides public health emergency preparedness
regionalplanners spatial understanding of the planning region, empowers them to build a
mathematical model for optimizing a network of dispensing sites in a graphical
visualization environmen and, more importantly, solve the problem in real time. The
clientserver architecture not only relieves the need for intensive computationtHfeom

system users, it also embodies the concept of system modularization and encapsulation so
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as to maintainhte extendibility of the solution engine without interfering with the user

experience.
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CHAPTER 3
DISEASE PROPAGATION ANALYSIS AND MITIGAT ION
STRATEGIES FOR EFFECTIVE MASS

DISPENSING

3.1 Introduction

Considering possible terrorist attacks such degssemination of anthrax spores,
intentional food producttontamination, and release of chemical weapons in major
metropolitan subway systenj8][5][83], the threat level of terrorist attack has been
dramatically increased in recentears. Moreover, theersistentoutbreak of avian
influenza in Asia since 1997 haausedpublic panic There is serious concern regarding
widespread pandemic as a resulpefsonto-person transmissioof infectious diseases
When an outbreak occursshether it is a bioterrorist attack o naturally occurring
pandemic, it is crucial to launch immediate and aggressil#ic health emergency
response suchs massdispensing oimedical countermeasur§$5][87] to decrease the
possible death toll antd control the potential disease spreadccessful implementations
can help reduce resources requirement, shorten patient waiting time, and maximize

throughput.

Lee et alfirst collaborated with the Centers for Disease Control and Prevention and
developed theriginal CDC-RealOptPOD system in 200669][60][61][62]. The system
intertwines simulation with optimizatioseamlessly into a reéime decision support
systemwhere optimization output feeds into simulation foergiions statistics output
and subsequent local search improvement on determtimnigestresource allocatiofor

maximizing the throughput or minimizing resource usage given a targeted thraughput
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The simulatioroptimization iterates until a aeoptimal solution is obtained The
optimizationmodule involves a nonlinear mixed integer program fbatises on staff
allocation where different types and skills of personnel being assigned to appropriate

tasks.

The original CDC-RealOptPOD system consists of local search heuristics as well as
a fluid model optimizationengine These optimization engines are incorporated within
the simulation environment to form the Jdased standalone decision support system.
As expected, simulationith iterative optimization via local search heuristics affapre
accurae operations performance characterizat@ptimizing over each POD design and
resource allocation with under a million throughput per shift per POD takes only seconds
of computational the. However, computationally, it can be prohibitive (if one wants to
design asingle superPOD servingover tens ofmillions of peoplein a single shift).The
fluid model estimates resource assignmegidly and can lesen the computational

burdenof potertially supersize instances

By 2007, there were over0CDC-RealOptPOD public healthusersitesusing the
system indesigning emergency preparedness plansparnidrmingactual operavns for
responses to hurrices, seasonal flu shots, fires avell asfull-scale anthrax emergency

drills.

Our effort herein builds on top of the existing CIR@alOptPOD capabilities. The

major contribution summarized in Chapten8ludes:

1 Extending the nonlinear mixed integer programming resource allocation to
includeequipment resources;
1 Combining the heuristic and fluid model for the simulatogtimization

framework into a hybrid warestart fluidmodel heuristics approach;
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1 Porting the theoretical noveldiage ODE disease propagation model onto the
computational simlation-optimization environment;
1 Extending the disease propagation to a general form for any stage by

developinghe fundamental mathematical framework.

3.2 Optimization of Point-of-Dispensing(POD) Operations

3.2.1Minimize Resource Allocation and Mwximize Throughput: Previous Work

The optimization of multiple resources allocation involves placement of different
resource groups at various stations to maximize throughput or minimize resource needs
while satisfying a predetermined throughpie follow thesame notation as the original
nonlinear mixed integer programming resource allocat®j[60][61][62]. Constraints

in the model include:

1 Maximum limits on wait time and queue length;

1 Assignability and availability, for each resource group, ofugsotypes at
each station;

1 Maximum limit on tke cycle time of the individual; and

1 Range of utilization desired at each station;

The modeparameters are as follows:

R 1 the set of resource groups.
l T the setof resource types in resource group'ry
S i the set of processes in the process flow
B Pn 1 the setof processes on which resource typeesource groupcan

be assigned. This models the assignability
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Q 1 the cost of assigning a resource typeresource groupto process

jivARe AR .

a AT & 1 themaximum and minimum number of resource fyiperesource
groupr thatcanbe assigned tprocesg.i ¥ ARQ { hQ 1) .
¢ 1T the number of available resource type resource group.i N

nAo 1 .
0,n,anddé 71 the average wait time, average queue length, and average utiliz
rate, respectively, @rocesg. " 1.
C 1 the average cycle time (i.e., the length of time a customer spend
the system)
— 1 the average throughput (number of customers senvadpeified

period)

Let the decision variabl® ~ 'H bethe number of resource typ@ resource group

r assigned to stationij.n AR { AQ 1) .

We can represent the cost at each stationQaB .+« Q @ hd hjho ,"Q q,

where " 9§ v AAQ § AQ 1 . The total system cost depends on the cost at
each station, and on system parameters, such as cycle time and throughput. Thus we can
represent the total cost &B .;Q hdh—. Here,"Q and"Qare functions that are not

necessarily expressible in closed form. We can formulate a general representation of the

multiple resources allocation problem as

min & "QB .;"Qhdh— (0)
s.t. O w o, Lin AR A RO A (1)
Buy @ &, Liv AR A (2)
0 ® O | (3)
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o) 0w o)

—® —

Ho & (4)
® NH i~y AR A A'Q (5)

Constrains (0) to (5) form a nonlinear mixed integer programming problem for cost
minimization under the constraints of multiple resources allocation and stochastic system
performanceThese are nonlineaMIP models, and are generally very difficult to solve

(See Nerhauser andVolsey[76]).

3.2.2Solution Engine

As describedin [59][60][61], CDC-RealOptPOD utilizes a hybrid heuristic
algorithm that is a cross between a greedy algorithm and a local search. In this heuristic,
the first stage is used for initialization of the system. It works by greedily assigning
workers to various stationsitlvin the POD. The assignment is based on initial estimates
on queue length, which are in turn based on the existing probability density functions at
each station. Once all the workers have been assigned this way, the second stage takes
over. The algorithmobserves and registers the formation of queues with various lengths
at different stations, and quickly and dynamically performs local search to remove
violations of system statistics in an attempt to improve the objective value. The
implementation of thalgorithm is guided strongly by the layout design, worker types,

and links between different wosations within the facility.

This heuristic routine is adoc, and function evaluation is performed via simulation,
and thus can be computationally very expendtigure 20shows the algorithmm schema

of this heuristic algorithm that has been tested and shown to offer a fast and robust
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solution engine within the simulation process. It can return optimal staffing within

seconds for a POD with a million throughput per shift per POD.

In additionto the heuristic algorithm, CDRealOptPOD also includes a fluid model

that estimates analytically staffimged[62].

Once the worker allocation is determinednaxflow min-cost networkproblemis

solved to determine worker assignment based on their respective skills set and priorities.

e Optimize the number of workers
Initialize the number of workers X
at each Process block at this Process block(s)
Compute average total service Identify Process blocks that are
and delay time among the longest total waiting
T time

Simulate flows and waiting times

extension and system
lowtime feasible?

Identify Process blocks with
violated average waiting time

2

Optimize the number of workers
at these Process blocks

')

Simulate flows and waiting times

Average wait
time at each Process
block feasible?

Yes

Figure 20  Solutionenginefor theoriginal CDC-RealOptPOD[59][60][61][62]

In this thesis work, we seek to improve the computatioRigure 20by linking
the fluid modelas a warrrstart with the heuristic algorithm to tackle the multiple
resource allocation problemshis also enhances the computational capabilityHe6-

stage disease propagation simula(gaction 3.3)

A fluid model depictsentities flow along the etwork continuously, like fluidThere
is a richbody of literature on fluid models. Some fundamental and influeadiabcates
of the fluid view to queueingystems include Newe]¥ 7] and Hall[34][35]. It has been

shown to be a good approximation of network flows of discrete units, and the continuous
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nature of it enables us to obtain analytical, clefech results.By noticing that the ra
entity nature (usually customers or patients) is in fact discrete, the gap between real
discrete nature andpproximate continuous nature can then dadressed by discrete

event simulation.

Specifically, we design to solve this problem in two pafgst, we determine the
multiple resources allocation by using estimated system perfornzamtese the fluid
model to return the initial assignmefiaking the results of multiple resources allocation
as a warnstart, next a detailed discretevent simution is launched to simulate the
exact system performance by taking system stochasticity in consideration. Knowing that
the estimated system performance such as waiting time, queue length, utilization and
cycle time could be undefestimated and throughpwbuld be overestimated, if the
system pdbrmance constrainigre still feasible after runninpe simulation, the saeition
processs complete; otherwise, resourcaa®incrementally increased in selected process
in the process flow and system perforrm@anmvill be checked again by running simulation

until system performance constraints are all met.

In multiple resources allocation, each resource group catobsideredseparately
when system performangeestimatedHowever,resourcs from different graips need to
be synchronized to be considered availatien discrete event simulation is performed
This increases the potential infeasibilities when running simulation by using estimated
resources allocation. More iteration, along with longer computéitios is expectedhis

partof our algorithm.

When optimizing POD operations, we can use these system performance metrics to
check the feasibility of our solution under different constraints. Constraints considered in
this study include (a) extension for complettone; (b) flow time; (c) waiting tine; (d)

gueue lendt; and (e) utilization. None of the constraints among (a) to (e) is dominant.
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Resource AllocatiothroughHybrid Method Combine Ioth Fluid Model and

Simulation
Initialize the number of servers Perform local search on Simulate flows and waiting
at each Process block Process block times
Compute average total service Identify the Process block with Perform local search on
and delay time violated waiting time Process block
I o 1
Estimate flows and waitin . .
times 9 Identify the Process block with

I | Tmated extenSToR violated waiting time

and system flowtime
feasigle?

Identify the Process block with
violated waiting time

i

Perform local search on
Process block

Identify the Process block with
violated waiting time

1

ssTmulated exten3ieq
and system flowtime
Sasiple?

Perform local search on \]/
Process block No ] N
Simulate flows and waiting
‘L times
mulated average
Estimate flows and waiting
times

I

Figure 21 Local searchbasedptimization throughybrid of fluid model and

discreteeventsimulation

3.3 Disease Propagation and Mitigation Strategies for Effective Mass Dispensing

The content of this section consists of excerpts from publighpdrd55][56][62].

Largescale dispensing of medical countermeasures has pemmn to be an
effective way to contain the outbreak of highly infectious disease, such as smallpox,
pneumonic plague,and pandemic flu On the operational side, uscessful
implementations camlso help reduce resources requirement, shorten patient waiting
time, and maximize throughpwiiowever, &rge influx of individuals into the dispensing

centers raises the potential risk of high degree of-fatréity crossinfections. Thus
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thorough undestanding about how the disease is propagated during the dispensing under

different floorplan design and PO®Bperatiors is necessary.

In this section we take advantage adthe simulatioroptimization environment of
CDC-RealOptPOD and analyze thepropagationof highly infectious disease within
dispensing sites. As validation, a mathematical model based on ordinary differential
equations isalso developedor benchmarking the simulation resulid/e contrast the
merits betweeranalytical tools and siulation toos. Experimental resultfor base case
study and sensitivity analysis will be presented to depictdyr@micsof intraPOD
disease propagation, arid explore feasible mitigation strategiésr effective mass

dispensing.

3.3.1 Background andMotivation

Numerous research has shown tatial distaning, isolation,andquarantiningcan
be effectivein reduang infectionsduring a pandemioutbreak[23][24][26][89]. When
largescale dispensing sitesare set up for dissemination of vaccines and/or other
medications, these clinics may facilitate the spread of the disedseence raises the
potential risk of high degree of intfacility crossinfections due to highvolume of
patient flow Hence, thorough understandiafjhow the disease is propagatetthin the
site during dispensings crucial. Important factors could ilicle floor plan layout,

process operations, and the pandemic characteristics.

Numerousresearchrs have studiedisease spreading across one or several open
geographical regian[14][15][23][24][26][29]. In this work, we concentrate on disease
propagationnside massdispensing clinics. ConsideringahPOD medical dispensing is
essentially an open queueingtwerk, we analyze the interaction between the

propagation of disease and the operations of open queueing neiMlat&. optimizing
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POD operations in terms of resources requirement, patient waiting tme throughput

in itself is mathematicallychallengng, analyzing the propagation of disease along with
POD operatios further increase the problem complexity and computathanden We
employ theefficient simulatoroptimizer decision support systethat CDC-RealOpt
POD offered to tackle theomputationallyintensive disease propagation analysis. The
short computationaltime empowerd?OD designers, managers, and epidemiologsts
perform reaktime analysis to meet the changing conditions during the dispensing

processes.

This sectionis orgarized as follows: Sectio.3.2 shows the mathematical model for
outerPOD and intrdPOD disease propagation. This model incorporates specific
characteristics that distinguish the disease spread in-disgsnsing clinis from other
types of epidemiology ndels. This ODE model also serves as the benchmark to the
largescale simulatioroptimization systemln section3.3.3 we discussa largescale
simulation/optimization system that is capable of analyzing the interaction between
dispensing operations and el#se propagation inside the mdsgpensing clinic Section
3.3.4 shows thenumerical results of flu propagation in a vaccination cliniastly,

section3.3.5 concludes with discussions and future research direction.

3.3.2 Compartmental Model for Diseag Popagation

This sectiondescribeghe disease propagation model based @ystem obrdinary
differential equations (ODH)}][16]. The modelis designed taharactere the distinct

features in anassdispensing clinic

3.3.2.1 Pointof-Dispensing
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POD operations usually consist of a series ofdatermined service aions. ERch
individual thus needs to receive specific services in required statidnsatment or
service can be providew an individual or to a group of a certain sidde latter is

usually called batch service. (e.g. orientation or bus transpoitation

Figure 22shows adesign ofa dispensing site that consists of 5 statiotmgge,

registration, medical screening, special medica, aard druglispensing

"

Norrmal Special

Registration Special Medical
Care

1

Medical Screening

——

Drug Dispensing Exit

Figure 22 Exampleof aPODdesign[56]

3.3.2.2 Force of Infection

Infection force that is welstudied in the literature is primarily independent of the
population sizelnfectionrate b, denotes the averagnumber of infection (or contact
that is effective to incur transmission) of an infectious individual per unit[@®le This
parameter can bmodeledto vary over time, but in most studies it is assumed to be a
constant. Oftertimes it is derived from basic reproduction numbeg) (&d infectious

period.

However, we nat that infection force defined above does not appéll for POD
study The reason lies in its independence of population size. While the independence of

infection force is, in fact, a better formulation for the disease spreading across an open
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geographical regiof¥d], our observation shows the necessity to consider the dependence
of infection force on population size in madispensing clinic, especiallyhen teatment
or serviceare providedto a group, as shown iRigure 27 Validation and detailed

explanation will be provided igection3.3.5.

In our analysiswe use the contact based transmission and incorpvateontact
parametersyy and d to represent outd?OD contact number andontact coefficient
respectively This helps to model the infection force dependenthe population size.
For clarification, the population sizesinle medical dispensing facilitneans the number
of people in one statiorPeople in one station include those who are being served and
those who are waiting in the queudote that workersin that station are not included.

The assumption in this analysis includes:

1 Transmission onlpccursamongpatients, and
1 Transmission onlyccursinside each station.

A contact isdeemedeffective if it leads to disease transmissionder this definitio
the contact does not necessapedto be physical contaciThe model isapplicableto
diseases transmitted llyoplet contact transmission or airborne transmisstarnterPOD
contact number means the average number of people an
infectious/asymptomaticysnptomaticindividual can contact outsidine POD. Contact
coefficientrefers tothe average number of infection (or effective contact) per contact per

unit time.

Note that these parameters should be considered as the aggregatemagraphic
factors, sanitary measures, and diseessence For example, while higheaverage

population density meang will also be higher, airborne transmission also leads to

higher g than droplet contact transmissieimce it has longer radius of transmissidm
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addition, it is understandable thdtcan be determined by the disease naturalence

andsanitarymeasures such agaringmasks.

Based on the definition of contact parameters it explarhy the independence of
infection force can formulate the disease spread across an open geographical region. The
reason lies inthatthe population density in an open geographical area is usually assumed
as a constant. The assumption suffices to showagace of infection ratbased
transmission and contact based transmissiotier some circumstancedowever, this
assumption does not hold duriag36-hour massdispensing campaign, especially when

batchprocessstation is included in the floorplan.

3.3.2.3Sixstages Compartmental Model

Unlike the traditional SEIRnodel, in this study we use the novel SEPA&IRtages
model[55][67][89] to capture thelisease development, whe3eneanssusceptiblestage,
E means exposed stage, P means infectious stage, A means asymptomatic stage, | means
symptomatic stage, R means recovered stage, and D mean died-glage.23shows

the precedence relations between stag&ERAIR model.

Two more diseasestages i.e. asymptomatic(A) and symptomatic(l), are
incorporated into this model. People in infectious tage, asymptomatic stage, or
symptomatic stage are capable of spreading diseaBesmportance of using SEPAIR
6-stages modeis that it providesthe opportunities to examine further the interaction

between POD designparticularlythe effect of triagaccuracyand disease spread.
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Figure 23  6-stagesSEPAIRcompartmentamodel[55]

If the POD is desigred to vaccinate individualsthe stage representing being
vaccinated needs to be included into the model in the corresponding station(s) to
represent the change of imdlual susceptibility. In this study it is assumed that vaccines

are only effective on susceptible individuals and can provide immediate protection.

While the disease propagation within POD operations is the primary focus of this
study, propagation occumg before receiving services also plays an influential ilee
to the heterogeneowsystem behaviorsiside and outsidéhe POD, we introduceintra-
POD disease propagation aodterPOD disease propagatido represent these system
behavios respectively within the compartmentalmodel [55]. This is the first

mathematicamodel that integrates POD operations with disease spread analysis.

3.32.40ute-POD Disease Popagation

We use the subscrip@o to indicate number of people (under different disease stages)
outside POD.Ny, is used to denot@opulation sizejt means the number of living

individuals. More specifically, we define the disease statpaces as

F ={S,E,P,Al,R D,V}, and outeiPOD population siz&,= & J,, whereJ, is the

Ji F\{D}

number of outePOD individuals of disease stage

The constanps representshe probability ofsymptomsdevelopment, an@p is the

mortality probability. /2 is the rate from exposeageto infectiousstage /7 is the rate
from infectiousstageto (a)symptomatistage 777 ( /73) is the rate from (a)symptomatic

stageto recoveredtage r, represents the constant arrival rate.
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The following equations represent the rates of change of the popudetease stages

outsidea POD:

Susceptible stage

d S ) e S
— = - _—- N y Q7I P + +| . a
gt &=y, Min{No, AR+ A+ 1) 2 (3-1)
Exposed stage
d . i
B =t mE,+min{N,, G AR, + A+ 1) (32
t N, N,
Infectious stage
- B pemE 33
at © aNo my + mE, (3-3)
Asymptomatic stage
d
S A=A mA A PmP, (3-4)
0
Symptomatic stage
4y o e s P 3-5
e ° aNo mly+ Ps/Mp g (3-5)
Recovered stage
d
SR =2+ P)(A + i) (36)
0
Deadstage
d
500 = Po(mA -+ mly) (37)

3.32.5Intra-POD Disease Propagation

For intraPOD disease propagationve assumethat there are K stationdVe use
subscriptfio, i ={ 1, 2 , , todndicag diffiérgnt stations, each station is manned by

n; workers and each worker proviline same service anidenticalnominalservice rate

/; . The population size of each statio = g J, , whereJ, is the number of
Ji F\{D}

individuals of disease stagé at stationi. In addition, we define the function
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hi(J):/imin{ni,Ni}%, whereJI F\{D}, andi={ 1, 2, hé&J) can beK} .

interpreted aghe real service rate of individuals of disease stage station.

The following equations(3-8) to (3-15) represent the rates of change of the

populationdisease stagessidethe POD:

Susceptile stage

Ssayn2+ Al7,)0(9-h(9- daR+A+1)E (38)
0 j1{1,23 K}
Exposed stage
SE =yt AN (E)- (O ME+dAR+A+1)G (3-9)
0 {123 K}
Infectious stage
d P, ..
—P=yr,—=+ aaqh(P)- h(P)- mR+mE (3-10)
dt No {123 K}
Asymptomatic stage
d, A .
EA _yiraNio-'-ji{l%s%i hj(A)' h(A)' ”LA +(1' ps)/n:R (3—11)
Symptomatic stage
d o .
ali ZYiraWo+ji(1§3%' hji )qji hj(l)' h(l)' ”?'i + pan'Pi (3—12)
Recovered stage
SR=y L2+ A qh(R-h(R*+A p)MA+mI) (3-13)
0 j1{1,23 K}
Dead stage
d
aDi =pD(”1\/‘\+”7|i) (3-14)
Vaccinated stage
d .. ..
*V| = a fjiqji hj (S) + a qji hj (V) - h(V) (3-15)
dt jii{1,23 K} ji{1,23 K}

Threebinary constants are used to represent the opeséflow insidethe POD:y
=1 means stationis the first station and 0 otherwisg, =1 means stationis vaccination
station and stationis its direct downstream station and 0 otherweggs used to model

the transition percentage from statjao stationi. Lastly, #7; dendes the triage accuracy
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from stationj to stationi, given stationj is a triage station,; =1 means perfect

inspection and Otherwise

3.3.3 Simulation Model for Disease Propagation

To facilitate disease propagation analysis andintpact on dynamic resource
allocation, an efficient simulator/optimizer decision support system is critical as it
enablesscenariebased analysiDifferent types of simulation model have bgeoposed
[14][15][67][81] for analyzing the disease spread across one or several rggionsork
is the first tofocus on the interactions of dispensing operationsdisehsgoropagéon
inside the masdispensing clinic, and providéensight on designing the mitigation

strategie$55].

We take advantage of the rdahe simuldion-optimization environment that CDC
RealOptPOD offers and ricorpora¢s our disease praggation modulewithin its
environment. It allows incorporation of system stotitcéty and offers insights into the
intracPOD diseasetransmission Furthermore,simulationbased disease propagation
module also enablebroad range sensitiyitand scenariebased analysisand allows
epidemiologistsand POD logistics exgts test alternative PODprocesslayout and
analyz the tradeoffs between infection risks and agienal efficiencies.Figure 24

shows how the disease propagation modladorporated int€ DC-RealOptPOD.

The disease propagation module incorporates the populaticdepeadent contact
based infection force to provide accurate statistics estimate under general POD designs.
More specifically, traditional infection rateased disease propagation modeés no
appearo capture the phenomenon that larger batch size may lead to more infections in
the batch process statio@DC-RealOptPOD can keep track of each single contact

during the simulation process and thus avoid the difficoft®DE systems (3.3.2.4h
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estimating intraPOD contact number, which usually varesongdifferent stations and

is highly influenced by the service type. individual serviceversusgroup service.

However, these advantages come vdthprice. First of all, simulation expenents
must be carefully designed in order to draw useful conclusioribgasutcome is only as
good asthe input parameters provideSecond, regardless of the number of replicates
the results camnly serve as estimates of disease propagation riskhdfugimulation
based disease propagation moduleoisiputationalntensive. While ODE modskan be
scaled up readily as population size increasealability in simulationbaseddisease
propagation modulecan be highly limited. CDC-RealOptPOD offers a rapid
simulation/optimizatiorcomputationalkenvironment Figure 24shows the modeling and
computational schema oftegrating simulatiorbased disease propagatiotoithe CDC-

RealOptPOD environment

CDC-RealOpt-POD

LocalSearch-based Simulation
S Personnel
optimization Kill
— L] o ;
System dynamics assignment Disease
estimation algorithms propagation
] f

1
Back-End
Internal Internal 2
model results /

Z Y

Graphical User Interfaces —|

Front-End

Figure 24 Integration ofdiseasegropagatiorwithin the CDC-RealOptPOD

environment
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3.34 GeneralizedCompartmental Model for Disease Propagation

By examining the nature of a compartmental model, we notice that the compartmental
model can in fact be described in a walere themodel structure andhe model
configuration are separatedModel structurerefers tothe abstract form of network
representan of the compartmental model, and model configuration meansetie
precedence relations between different disease stages. This modeling scheme not only
enhances the modeling capabilityy,also makes the modular implementation of such

model possible.

We introduce themodular implementatiorand incorporated it within th€DC-
RealOptPOD environment The implementation entails a graphical usgut
constructionthat allows great flexibility for users to examine their own epidemiology

models.

We descrile the mathematicamodeling abstraction scheme in detail, and use the 6

stages model for illustration.

3.3.4.1 Mathematical Formulation

We first define the stages for our general disease propagation model.

1 All Stages:This set containsll the stages thare required in a compartmental
model. These stages can be related to the disease progression itself, such as
susceptible or infectious, or related to theeraction of disease progression and
POD operationsf any, such assaccination. Let denote allstages. In &tages

~ ~ o~

model, “"YAOr ho R YHOMw

1 PassivéActive Stages: Passive stages are those stages underamt@otity will

not change its statispontaneouslyActive stages are those stages under waich

54



entity will change its stats spontaneouslyLet  denote the passive stages, and
denote the active stagesn 6-stages model "WYHOhw
o b Ho.
1 Vulnerable/Contagious Stages: Vulnerable stages are those stages undemwhich
entity canstill be infected; Contagious stages are those stages under vemch

entity can infecbother entitiesvho are vulnerableLet  denote the vulnerable

stagesand  denote the contagious stagés.6-stagesmodel, 0RO RO,

Bs 3.

1 Living/Non-living Stages:Living stages are those stages under which an entity
will stay in the model; Nottiving stages are those stages under which an entity
will be removed from the model. Let denote the living stages, and denote

the nonliving stages. In &tages models, ~ "YOwmh@yh 5. O.

To modelthe POD operationsnddisease spreathder ths separation scheaof

model structure and model configuration, wgethe following notations:

We assumehatthere are K stations in the PODet 0 denotethe number of living
individuals at statiom, ‘QfphchE i+ ,andl B .5 7 . Wheni=0, it denotes the
number of living individuals who have ngétentered PODWe have_ denote the
service rate at statian"QipfcFE A+ .[ is a birary indicator wherg =1 if stationi is
the very first station (POD entrance) of POD, and 0 otherwiséQfiohciE ht+ . This
indicator is used to connect the ouDD formulation and intrf®OD formulation:l is
the vectolin which each elemenif means the transition probability from statjco
stationi in POD operations) Ttif stationj is not an immediate predecessor of station
i. Lastly,i denote the arrival rate of POD. It can be extendeéd to if the arrival rate is

hetergeneous with time.
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We define- as a continuous number bounded in the range- p for
individual at station at stagé . — is used to model the fraction of outflow of people at
stage from stationi. When— =1, it means all individda at stage , after receiving
service at station will proceed to successive station{g)hen— =0, it means all
individuals at stage, after receiving service at statigrwill be removed from regular
POD operations for special treatment oré&moved for other purposes in genefdlis
factor— is generic and convenient in modeling situations such as people at
Symptomatic stage will be removed from POD after Triage station, or people at
Susceptible stage will be removed from POD after Weton station. In the latter case,
people at Susceptible stage are only fAconc

the successive station as people at Vaccinated stage.

We extend the original definition of functioh (J) andre-define Q7 _0
G Q&R O3-0p - ,QiphghE v andi N B . For completeness, we define
"Q7 k mfori N B . Furthermore, we have service rate ved@r k 6Q7f Q |,

andservice rate matrig k Q RQ FE RQ

Weuse k& Q vg asavector form ofthetransition rate of all the stages in the
model.One can bserve that onlyhe active stages have walkfined transition rateFor
passive stagesve define mnifor; N B for completenessdentical to the definition

in section 3.4.2, denotsthecontact numberand denote thecontact coefficient.

Let matrix Adenote the disease contagious mattik. @ & ; ,wherew =-1

ifOBgandh ;@ =+1, whered  means direct successive stage of stage

Let matrix A denotethedisease development matrikk 6Q &  , whereQ

means the transition probability from stdg stagea.
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Let matrix ¢ denotethe stagejump matrixfor stationi. € k @ &  ,where
0 =1 if the process at statiorrantransformindividual from stageb to stagea. 6 =0
otherwise For example, a¥accinationstation, patients can be transformed from

Susceptible stage to Vaccindtstage.

We cefine the state vector for outBOD individualdn the ODE formulatioras

6 k3 0@ gk d @ ,and firstorder derivative in terms of tintds 6 k

-7 o0 s k @ @ . Define the state vector for int#OD individuals at stationin

the ODE formulationaé k 8 0@ g k 8 @ §, and firstorder derivativén terms
of timetiso k 6] 00O . kd Q g.

Now we carreformulate the compartmental model foterPOD disease
propagatiorEq (3-1) to Eq(3-7) into the following E((3-16).

i . aqdh ' v e e o ,
0 =3P U—W:p JAD A §AEACD (3-16)

where

- 1jJ0 ZE denotethe POD arrival rate,

- a0 jo 9 JAD representhe rate of disease infection, and

- A & AEAC 2 denotethe rate oflisease progression.

To reformulate the compartmental model for ifd@D disease propagatidg (3-8)

to Eq(3-15) into the following Eq(3-17), we have
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(3-17)

In Eq(3-17):

I A j0 X denotePOD arrival rate,

1 JADD representates of disease infection,

A & DA E A C 2 denoterate of disease progression,

AE A O denoteoutflow rateof POD operation,

€ 3 denotestageindependent inflow rate of POD operation, and

- £ 3 denotestagedependent inflow rate of POD operation.

3.34.2Implementation o& Unified Platformfor POD Operations and Disease

Compartmental Model

Disease

Propagation ‘ Disease

Propagation

Figure 25  Systemextensiorfrom 6-stagesompartmental modeb general
compartmentamodel
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Figure 26  lllustrative userdefinedcompartmentamodels

3.3.5 Numerical Validation

In this section we show the numerical results dideasepropagation in a flu
vaccination clinic We used 3éour period as the time horizon for both analytical and

simulationcomputatios.

Section3.3.5.1 first describesthe parameter value®rf both POD operations and
disease propagation. SectiBr8.5.2 presents the analytic ODE solutions and compares
them to theCDC-RealOptPOD simulation resultsWe highlight the importance of
contact based infection force for disease propagation anatysikspensing clinics.

Section 3.3.5.3 shows the base case results and provides fundamental understanding
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about the magnitude and dynamicsrafa-facility disease propagation. In secti®8.5.4
we provide sensitivity analysiso explore possible stratesg to mitigate disease
propagation.Significance of mitigation strategies under different disease infectisity

discussed.

3.3.5.1 ParameteNValues

Figure 27shows the floor plan foa flu vaccinationclinic, andTable 4 summarizes
the service times at each statidihe throughput is set to 1000 individuals per howith
36000 individualdeng servedover a 36hourhorizon As a base case study, we assu
thattriage is 100% accurate. Thasery patient with symptomsill be detected and sent
to hospital or other medicallinic, andthat there is no fals@egative Next, we will
analyze triage sensitivitio examine its influence on mitigating the inBP®D disease

propagation.

Details of patients flow inside POD are as follow: Patients arrive in the POD
individually and are then accumulated in the batching area (Batch before orientation) to
form a group with predetermined size of 40. The patient-entéval times is assumed to
follow the exponential distribution, where the arrival rate is 16.67 per minute (given
hourly throughput is 1000) and stays consistent over tHeo86 dispensing period. After
orientation station patients are again served individually. 50% of patienéssmmed to
require form filling assistance, while the rest fill out the forms by themselves. In addition,
50% of patients are assumed to require further medical screening, while the rest can go to
vaccination station directlyAmong those patients who egk further medical screening,

10% are assumed to have feasible alternate medication and are sent to other medical

facilities, the rest will proceed to the vaccination station
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We notet h a't the orientation stationnandndorrtr

Abreakup batches aft er foovdidaiontwhenicomparingwi | |
simulationand ODEperformancesincethe ODE models not capable of modeling the

flow accumulation in the batch atea

Ereakup
Batch
Triage Before Orientation B?;%t;res
Orientation Grientatioh
Need
#ssistance Withr
orms?
Yes No
IsAltern Alternate
Medication Medication ] ]
asihle? Feasibility Assisted IUnassisted

Form Filling Form Filling

\_ﬁ

Form

Yes

Furthet

Exit Screening

Required Review
Tracking Vaccination
Figure 27 Floorplan forflu vaccination
Table 4 Processervicetimesin thisfloorplan

Station Name Process Time Unit
Triage Tria(10, 30, 120) Second
Orientation Tria(480, 600, 900) Second
Assisted Form Filling Tria(10, 60, 120) Second
Unassisted Form Filling Tria(10, 60, 120) Second
Form Review Tria(10,30, 90) Second
Alternate Medication Feasibility Tria(10, 30, 120) Second
Vaccination Tria(50, 120, 300 Second
Tracking Tria(10, 30, 60) Second

Table 5 lists the parameters for disease progression and transmission. These

parameters are consistent with recent work on pandemic flu containment and mitigation
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strategieqd23][24][29][68][74]. The 6stages disease propagation model is employed in
the analysis. Mean exposed dwell time means the average time for patient in exposed
stage progressing tofectious stage. Mean infectious, asymptomatic, and symptomatic
dwell times are defined in analogous way. Initial percentages are used to model the size
of initial disease outbreak. In the base case it is assumed that 5% of the entire population
is infedious and the remaining are healthy but susceptible. The symptomatic proportion
is assumed to be 67%, which means on 67% of infectious patients the symptoms will
develop. Lastly, while the basic reproduction number (BR§),and infection rate are
deriveddirectly from the literature, we estimated the average contact numbeoaraatt

coefficientby using the knowiRRy and infection rate.

Unlike the POD operation parameterbere we can perform tiramotion stug to
capture their stochastic service disttibns parameters fothe disease propagation are
usuallymoredifficult to estimate accurately. For example, the estimate of contact number
or contact coefficients difficult to obtainif the flu strain is newThe initial infectious
percentage can onheroughlyestimategdmedication dispensingiay be launchellefore
complete information is gatheredand more importantly there does not exist a
system/model in place to collect complete infectious informationthe sensitivity
analysis we vary these parameters to providsights of dynamic and magnitudesf
disease spreatb compensate for the potential lack adcurate estimates. itijation

strategies unddifferent possible scenariesediscussed
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Table 5 Parameters faldiseasdransmisgon andprogression

Disease Stage Initial Percentage(%) | Mean Dwell Time
Susceptible 95
Exposed 0|1 day
Infectious 5|1 day
Asymptomatic 0|3 days
Symptomatic 0|3 days
Recovered 0
BRN (Ry) 2
Infection Rate 0.5/day
Contact Numberd) 193
Contact coefficien{d') 0.18E-5/min

3.35.2 Model Validations

For benchmarking, hie analytical compartmentalmodel solutions are first
compared to thesimulation resultsusing the base caseThe advantages of using
simulation program for disease propagation, despite its intensive computational
requirement arethen addressed. Thanportance ofcontact based force of infectias
highlighted by contrasting results froninfection ratebased propagan and contact

based propagation

We focus orthe ccumulated number of intROD infectiors from ODE model and
from CDC-RealOptPOD simulation In CDC-RealOptPOD simulation, we used two
different types of probability distributions, triangulaistribution and exponential
distribution, tohelp demonstrate the underestimationti® ODE model By comparing
the number of intrdOD infectiors derived from ODE model and fronthe CDC-
RealOptPOD simulation Figure 28showsthatthe ODE modeltendsto result in lower
number of intraPOD infection.The underestimation of sohg the ODEmodel comes

from the variation of processing time modeled in dpen queueip network Recall that
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medical dispensingn a PODis essentially an open queueing network with practical
conditions involvedlt is known that exponential distribution has larger variation than the
triangular distribution. ODE model is basically the meafue analysis (MVA) and
hence is not capable o&pturingprocessing time variation. Processing time variation in
ODE model is thus zero. Furthermore, from the basic principle of queueing theory
[32][38] we know that larger variation in processing time contributes to longer waiting
time and queue length as well. This directly explains that patients will stay longer in the
POD if the variation of processing time is larger, and this incurs higher opporainity

infection.

Num. of Intra-POD
Tnfection — Triangular — Exponentill — ODE

| —
//

0 5 10 15 20 25 30 35 40
Time (hr.)

Figure 28 Underestimation of intr@OD Infections in ODE Modg¢b6]

We note thatoth models use the same optimal staffing that is olutanyeCDC-
RealOptPOD. ODEdoes not offelsuchability asto optimize personnel allocatiorAs
expected, unning ODE is computationally more efficient than usGigC-RealOptPOD
simulationin estimaing number of intraPOD infection In addition,ODE has witually
no limitation on the scale of populatiorcanhandle. Determining personnel allocation in
ODE may, however, require integration between ODE model and other optimization

tools.
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It is intuitive that larger batch size will contribute to higher nemt infection, this
is confirmed inFigure 29when we perform the disease spread via the simulation
framework.Figure 29showsthat infectionrate based propagatiatoes notcapture the
phenomenon that larger batch size can lead to more infectsihe ithe orientation
station.Rather the increase of number ioitra-POD infection comes from the increase in
the batching area (batch before orientation). In this area, patients need to foai a
batch before going to the orientation statibarger batch size immediately means, given
identical arrival rate, loger time waiting in the batching area to form a batch, and hence

higher number of infection in the batching area.

By implementing the force of infection to contact bagempagationfFigure 30shows
thatthe number of infection in orientation station increases as batch size increases. As for
batch before orientatiorsigure 30showsa higher rate of increase compared to thfat
Figure 29 This meanghatthe increase ohfection in batching area iRigure 30results

from both the longer waiting time ariole higher number of contacts

Figure 29and Figure 30also reveal thathe infection ratdbased propagation model
tends to underestimate ethnumber of infection when batch size is large. The
underestimation comes from the fact that, in infection-lbateed model, the force of
infection is defined as the number of people each infectious (and (a)symptomatic)
individual can infect per unit timdarger batch size actually amortizes the probability of
getting infected for each susceptible individddie overestimation under sn&lbatches

can also be explained in simillaut reversed way.
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Batch Size VS Num. of Infection — Batch Before Orientation

Num. of Infection: -Infection rate based — Intra-POD Infection
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Figure 29 Number ofinfectiors (infection ratebased) undedifferentbatchsizes

. . — Orientation
Batch Size VS Num. of Infection — Batch Before Orientation
Num. of Infection: -Contact based — Intra-POD Infection
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Figure 30 Number ofinfections ¢ontact based) unddifferent batchsizes

The analysis in 3.5.3 and 3.5.4 are performedising the CDC-RealOptPOD

simulationoptimizationenvironment.

3.35.3 Base Case Results

Figure 31and Figure 32depict the dynamics of number of iMP®OD individuals
under different diease stages and irfP®D disease progression, respectivEigure 31

provides the primary informatiotihat are preseribh most epidemiology studie§jgure

66



32 helps the epidemiologists and POD logistic experts in examining alternative POD

designs and analyzing the tradedfétween operational efficiency and disease sjngad

Figure 31a)(b)(c) together depict that, the number of peapsde thePOD (both
being served andvaiting) stay at a consistent level througholrt. Figure 31b) we
observed that the number of exposed individuals increases from 0 to 16 alftenr36
operations, butthe number of infectious individuals decreadeg almost the same
amount.Figure 31c) validates the effect of implementing triage operation in the POD
entrance. Given 67% of symptomatic proportion, the nurabsymptomatic individuals
only increasesfrom 0 to 3, which is significantly lowewhen compared to 9 in

asymptomatiéndividuals.

Figure 3Za) informs the POD plannersand epidemiologists that implementing
Aperfectd mitigation str at e-fO®iafection by atp os s i
most 18in the given scenario Not i ce t hat fdAperfectd mitiga
improvebothtriage accurey to 1 and decreas®ntact coefficieninside PODto 0, since
the numberof individuals with symptoms developed after entering the POD cannot be
reduced by improving triage accura¢ygure 3Zb) showsthat 18 infectious individuals
develop symptoms inside the PQAD the given scenarid-igure 3%Za) showsthat 18
peopleareinfected meaningthey move from susceptible stage to exposed stkegause
there is false negative in Triagéation and also disease is still possible to spreside
PODbecause of neaero contact coefficient. In fact, as long as contact coefficient can be
reduced to zero, no infection will occur even if there are symptomatic individuals inside.
However, since this is hard to achieve, it is better to redode d&f them to decrease

intracPOD infection

Computational time of the base case scenario is 61.97 CPU sethadsamputation

time includes optimizing personnel allocation and 10 replicates of simulation for
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capturing system dynamics. Disease propagatiodule is embedded in the simulation

and hence is run 10 times as well.

|
\
AL A
( | PV i
‘ i‘ > \«/'M'l"/\h A .}‘.\ i | w
‘ | W VM ! / ‘
| } WVV\N\‘W | ] \‘)M\* ‘
Fandl : ‘
L el .| MWWMQWMM“MN\ o
[ |
|
Psuscenvie I Pooosea  [Jreoctons I Prsmwtomatc Wsmotomatic :
(a) (b) (c)

Figure 31  Thedynamics ohumber ofintra-POD individuals(a) shows the number
of susceptible individuals varies over thel&&ur period. (b) showsumber ofexposed
andinfectiousindividuals and (c) showsumber ofasymptomatic and symptomatic

individuals
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Figure 32  The intraPOD disease progression. (a) cumulative number of HDB

infections and cumulative number of disease progressions from exposed stage to
infectious stage. (b) cumulative number of disease progression from infectious stage to

asymptomatic and symptomatic stage.

3.35.4 Strategiefor Mitigating intra-POD Disease Popagation

68



Strategies, such assolating, contact tracing, and quarantining symptomatic
individuals for mitigating and containing disease outbreak across a rbagwen been
studiedextensively[23][24][26][89]. In this section, we focus on exploring three possible
intraaPOD mitigationstrategiesand evaluatetheir significance under different disease
infectivity. These mitigation strategies ajdriage accuracyij) POD throughput, anii)
batch size (if batch process is included in the POD operatda)usedsymptomatic
proportion andccontact coefficiento definedisease infectivityWe alsoexplore how the
sizeof initial outbreakwill influence the disease propagation under different mitigation

strategies.

As sensitivity analysis, each parameter is set within a range so that the trend of
number of intraPOD infection can be revealed. The initial infectious percentage rages
from 1% to 10%, ath is incremented by 1%. It represents the initial percentage of
infectious individuals among the entire population. Symptomatic proportion ranges from
10% to 100%, and incremented by 10%. 100% symptomatic proportion means all
infectious individuals will deelop symptoms. 10% symptomatic proportion means on
average only 10% of infectious individuals wilevelop symptoms, and the remaining
90% will not. Lastly,contact coefficientanges from 0.1E5/min to 1.0E5/min and is

incremented by 0B-5.

3.3.5.41 Triage Accuracyersusntra-POD Disease f®pagation

This section quantifies and evaluates the effect of improving triage accuracy under
different size of initial outbreaks, different symptomatic proportions, and different
contact coefficientThe number of intr®OD infections is used as the response vdlae.
understand its impactriage accuracis set to aange from 0.1 to 1 and is incremented
by 0.1. Triage accuracy =1 means all the symptomatic individuals are detected, and triage

accuacy=0.1 means on average 1 out of 10 symptomatic individuadétasted.
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Figure 33shows the number of intROD infectiors underdifferenttriage accuracy
and intial infectious percentageHere, the 6stage epidemiology model is used.
Throughput=36000 over a 3d®ur period. Symptomatic proportion is 67%, contact
number is 193 (for outd?OD disease propagation), and contact coefficient =0.18E
5/min. Initial percatage for asceptible depends on the initial infectious percentage, and
we assuménitial exposed, asymptomatic, and symptomatic percentages are 0. The mean
dwell time for both exposed and infectiouslislay.For asymptomatic and symptomatic

it is 3 daysRunning times range from 55.52 to 114.6 CPU seconds

Figure 33shows that, by improving the triage accuracy from 0.1 to 1, the number of
infections can be reducday 35% when initial infectious percentage is 1%, and 64%
when initial infectious percentage is 10%. This confirms the significance of triage
operation while confronting largescope of disease outbreak or baitack. Our
simulation also shows that therckis identical when hourly throughput is equal to 500,
1000, 1500, and 2000. This further shows the necessity of high triage accuracy in both

centralization and decentralization scenarios.

f
3
!

Nurn. of Intra-POD Infection

Initial Infectious Percentage(%)

Figure 33 Number of intraPOD infectiors underdifferent triageaccuracy andnitial

infectiouspercentage
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Figure 34 shows the number of intROD infection undedifferent triage accuracy
and symptomatic proportionHere, the &stage epidemiology model is used.
Throughput=36000 over a 3®ur period. Conta number is 193 (for outd?OD disease
propagation), and contact coefficient =0.1&Mnin. Initial percentage for susceptible is
95%, for infectious is 5%. The mean dwell tifioe both exposed and infectious is 1 day.
For asymptomatic and symptomaticstd daysRunning times range from 57.13 to 83.99

CPU seconds.

Figure 34shows thatpy improving the triage accuracy from 0.1 to 1, the number of
infections can be reduced by 16% when symptomatic proportion is 10%, and 66% when
symptomatic proportion is 100%. It is not surprising that triage station does not work
well if most of the infetious individuals do not develop symptonThe sensitivity
analysis on different triage accuracies and symptomatic proportions emphasizes the
importance of usinghe SEPAIR 6 stages propagation model insteaith®BEIR 4 stages
model. SEIR model is not @nducive forexaminng the effect of inproving triage
accuracy. Although it is weknown that improving triage accuracy is more important
when disease has higher probability of explicitly showing symptoms, using SEPAIR 6
stages propagation model helps quantify the taifl@and thusfacilitates POD kyout
design in particular thenclusion of thetriagestation giventhat the infected clientsave

sufficientexplicit diseaseharacteristics
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Nurn. of Intra-POD Infection

Symptomatic Proportion(%)

Figure 34 Number of intraPOD infectiors underdifferent triageaccuracy and

symptomaticproportion

Figure 35showsthe number of intrd?OD infection undedifferenttriage accuracy
and contact coefficient(delta). Here, the -8tage epidemiology model is used.
Throughput=36000 over a 3dtur period. Symptomatic proportion is 67%, and contact
number is 193 (for outePOD disease propagation). Initial percentage for susceptible is
95%, for infectious is 5%. The mean dwell time for both exposed and infectioumis 1
For asymptomatic and symptomatic it is 3 days. Running times range from 63.44 to

110.93 CPU seconds

Figure 35shows that by improving the triage accuracynfrf.1 to 1, the number of
infections can be reduced by 55% wiwemtact coefficients 0.1E5/min, and 60% when

contact coefficients 1.0E5/min.
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Figure 35 Number of intraPOD infectiors underdifferent triageaccuracy and

contactcoefficient

3.35.4.2CentralzationversusDecentralizatiorDispensing

Considering the nehomogeneous population density, it has been proved that
heterogeneous mode of dispensing is preferdlde. et al.[64] showedthat for urban
areassuch as New York citiewith high population densities, the most eeffective
di spensing strategy is to use fimegag PODs o
operations. In contrast, suburban locals can be well served by utilizing high schools,
churches, or recreation centers for POD sites. Different modes of dispensing correspond
to different levels of throughput requirement. By centralizing the dispeonpi@agtions it
means we tend to have PODs with high capacity and hence this leads to smaller total
number of PODs required. Decentralizatemploys more but smatlapacity POD sites
running with lower staff and lower throughpuin this section wenvestgate thetrade
offs between centralized/decentralized dispensing schemes anB@ranfection under
different disease characteristi®¥e briefly summarize results for whichroughputs are

set in four different levels: 500/houdrQ00/hour, 1500/hourna 2000/hour.
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Figure 36shows the number of intROD infection undedifferent 36-hour period
throughput and initial infectious percentage. Here, tteta§e epidmiology model is
used. Triage accuracy=1, symptomatic proportion is 67%, contact number is 193 (for
outerPOD disease propagation), and contact coefficient =05I8ih. Initial percentage
for susceptible depends on the initial infectious percentage,wandissumeinitial
exposed, asymptomatic, and symptomatic percentagedl &€erhe mean dwell time for
both exposed and infectious is 1 day. For asymptomatic and symptomatic it is 3 days.

Running times range from 38.52 to 134.37 CPU seconds

Figure 36shows thatreduction of intraPOD infection by decentralizatiofrom
2000/hr to 500/hr)increases from 37% to 59% when initial infectious percentage
increases from 1%0 10%. This implies that decentralization is a better stratéagy

mitigating disease spread

Nurn. of Intra-POD Infection

0. .1 Throughput per 35 hours

Initial Infectious Percentage(%)

Figure 36 ~ Number of intraPODinfectiors underdifferent 36-hourperiod

throughput andhnitial infectiouspercentage

Figure 37shows the number of intOD infection undedifferent 36-hour period
throughput and symptomatic proportion. Here, thaadje epidemiology model is used.
Triage accuracy=1, contact number 193 (for outePOD disease propagation), and

contact coefficient =0.185/min. Initial percentage for susceptible is 95% and for
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infectious is 5%. The mean dwell time for both exposed and infectious is 1 day. For
asymptomatic and symptomatic it is 3 dalinning times range from 37.5 to 110.57

CPU seconds.

In Figure 37 the averageeduction of intraPOD infection by decentralizatigffrom
2000/hr to 500/hr)s 54% over all levels of symptomatic proportion. This implies that
decentralizatioms generally a better strategy mitigating disease spreadowever, it is
worth noticing thafrigure 37shows the average reductibom 2000hourly throughput
to 1500is marginal(2%). This reveals that reduction of POD capacity 25% may not
be worthwhile since the marginal gain may not compensate for potential higher
operationcosts for running more POD&ee et al[64] showed otherwisethat it is
possible to run smaller PODs with notreasing overall operation costsrom the
graph,the threshold for significant gain appewrsen throughput is decreased from 1500
to 1000.

Nurn. of Intra-POD Infection

Symptomatic Proportion(%)

Throughput per 36 hours

Figure 37  Number of intraPODinfectiors underdifferent 36-hourperiod

throughput andymptomaticproportion

Figure 38shows the number of intOD infection undedifferent 36-hour period

throughput and contact coefficient. Here, thet&ge epidemiology model is used. Triage
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accuracy=1, symptomatigroportion=67%, and contact number is 193 (for c®@®D
disease propagation). Initial percentage for susceptible is 95% and for infectious is 5%.
The mean dwell time for both exposed and infectious is 1 day. For asymptomatic and

symptomatic it is 3 dayfunning times range from 42.15 to 137.29 CPU seconds.

Figure 38 shows that the averageeduction of intraPOD infectios by
decentralizatiorffrom 2000/hr to500/hris, on average, 55% over abhntactcoefficients
indicating that decentralized dispensing is a better stratelgyever, we observed
similar phenomenon that reducing from 20@turly throughputo 1500 only contributes
to 2% reduction of intr®OD infection. We expectthis POD throughput value tbe
lower if the initial infection percentage is higher andtbe symptomatic proportion is

lower.

Num. of Intra-POD Infection

Contact Effectiveness (E-5fmin)

Thioughput per 36 hours

Figure 38 Number of intraPOD infectiors underdifferent 36-hourperiod
throughput andontactcoefficient

3.35.4.3Alternating Batch &e versusntraPOD Disease l®pagation

Recall that the services or treatments in the batch process station are provided to a
group with group size predetermined. The batch sizes are subject to different kinds of

physical limitations. Br example, the batch size for bus transportation is constrained by
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the bus capacity, and the batch size for orientation is constrained by the room capacity
and the function of video/audio devices. In any case, utilizing batch process imB{pD

be necessy in some cases, and may possibsthprove throughput and decrease staff
requirement. However, the benefits in operational efficiency can be offset by the higher
risk of disease transmission as more people are clustered todatlieis section we
exploretradeoffs between batch sizes and iRB®D infection under different disease
characteristicsTaking physical feasibilitieanto account we set batch size from 40 to

100 with 10 as increment.

Figure 39shows the number of intROD infection undedifferent batch size and
initial infectious percentage. Here, the-stage epidemiology model is used.
Throughput=36000 over a dtur period. Triage accuracy=1, sympiatic proportion is
67%, contact number is 193 (for oute®OD disease propagation), and contact coefficient
=0.18E5/min. Initial percentage for susceptible depends on the initial infectious
percentage, and we assumgial exposed, asymptomatic, and syoipatic percentages
are all 0. The mean dwell time for both exposed and infectious is 1 day. For
asymptomatic and symptomatic it is 3 days. Running times range from 55.68 to 70.73

CPU seconds.

Figure 40shows the number of intROD infection undedifferent batch size and
symptomatic proportion. Here, the -séage epidemiology model is used.
Throughput=36000 over a 3t®ur period. Triage accuracy=1, contact numbéa®i (for
outerPOD disease propagation), and contact coefficient =05I8in. Initial percentage
for susceptible is 95%, and for infectious is 5%. The mean dwell time for both exposed
and infectious is 1 day. For asymptomatic and symptomatic it is 3 Baysing times

range from 57.34 to 81.02 CPU secands

Figure 41shows the number of intROD infection undedifferent batch size and

contact coefficient. Here, thediage epidemiology model is used. Throughput=36000

77



over a 3éhour period. Triage accuwrg=1, symptomatic proportie67%, and contact
number is 19. Initial percentage for susceptible is 95%, and for infectious is 5%. The
mean dwell time for both exposed and infectious is 1 day. For asymptomatic and

symptomatic it is 3 days. Running timesgarfrom 63.59 to 71.92 CPU seconds.

Figure 39 Figure 40 and Figure 41show the results of sensitivity analysis by
modifying initial infectious percentage, symptomatic proportion, @mttact coefficient
respectively. While the number of iHROD infections responds significantly to these
modified paramters as expected, all the three figures reveals that increasing batch size
from 40 to 100 only lead tonarginal (if any)increase in the number of itROD

infections.
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Numn. of Intra-POD Infection
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Figure 39 Number of intraPOD infectiors underdifferent batchsize andinitial

infectiouspercentage
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Nurn. of Intra-POD Infection

Symptomatic Proportion(%)
Batch Size

Figure 40  Number of intraPODinfectiors underdifferent batchsize and

symptomaticproportion

Number of Intra-POD Infection under different Batch Size and Contact Effectiveness
Batch Size=40 to 100

Num. of Intra-POD Infection

Batch Size Contact Effectiveness(E-5/min)

Figure 41 Number of intraPOD infectiors underdifferent batchsize andcontact

coefficient

3.35.4.4Summay

Sensitivity analysis reveathatinclusion ofa triagestation evenwhenhigh accuracy
cannot be guaranteed, is an effectarel importantapproach for containing the intra
POD infection. The effect is moresignificant when disease outbreaks largescale

diseasesymptomaticproportionis high andthe contact coefficients high In addition,
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decentralization dispensingas also prove to be a better strategy than centralization
dispensig. As indicated in[64], given various infectivity parameters and triage

performance, there is an optimal throughput for operating PODs.

While it may seem counterintuitive, the sensitivity analysstudies show that
increasing batch size withia thresholdrange doesot afect intraPOD infections. In
some scenarios the number of iAB@D infections is insensitive to batch siZéis
finding offers confidence irepidemiologicalsafetyregarding use ofarge batch sizes
within POD operationswhen the capacity allows. Thigfers improvement in operations

as it bwers the client to staff ratio.

Our study confirms the importance @dntact based disease propagatioalysis.By
incorporating contact based infection into bétle ODE model andhe CDC-RealOpt
POD simulation emironment we showed that the seamless integration of optimization,
simulation, and disease propagation functiaihin CDC-RealOptPOD offers higher
applicability and better estimatda analyzingdisease spread’he tradeoffs lie in the
more rapid solubn strategies(< 60 secondsYor the ODE system versus and the
flexibility in stochastic service distribution input and slight increase in the CPU running
time (within 3 minutes) Disease propagation module is embedded in the simulation and
hence is run Q times as well. Empowered by the fast computational ime€DC-
RealOptPOD, POD designers, managers, and epidemiologists can respo+ioneead

the changing conditions during tdespensing processes.
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CHAPTER 4

INTEGRATION OF FLOW AND LAYOUT DESIGN

4.1 Receipt, Stage and Storagef Strategic National Stockpile

4.1.1 Background and Motivation

The public health emergencies can be either-made, such as bioterrorist attacks,
or natural disaster, such as pandemic outbreaks. During the outbreak of such emergency
events,it is important to have clear guidelines fbe receiving, staging, and stay of
the distribution ofcritical supplies such as antibiotics, vaccines, medical supplies, and
other items that can be used in the public health emergeAdigbese items that are
prepared for such purpose gm®cured, stored and managed by the $ion of Strategic
National Stockpile (SNSht CDC In particular, the SNS consists of two primary
components: (a) the dour Push Package, and (b) the Managed Inventory (MI). When
there is a need for requesting the SNS, the State and the District muétthebrequest,
then the corresponding transportation will be arranged to deliver the right type of SNS to

Receiving, Staging and Storage (RSS) sites as soon as possible.

In the RSS sites, the stockpiles arrive in the form of aircraft shipping contaawdr.
containeris given a number and is colooded for a specific type of medical
countermeasureAll containers have same dimension for the base, but the height is
different between a large container and a small contalier shapes of the containers
are designed such that they utilize the space within an aircraft in the best way possible.

All containers are wheeled for easy transportation.

When a push package is delivered to the RSS site (usually a warehouse), the

containers are unloaded and positobrte designated areas according to its number.
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These shipping containers are arranged in the RSS site as a matrix ToenRSS site
workers will pick required items from these containers based on picklists. Picklist is the
list on which the demand ofetns fora Regional DistributiorNode (RDN) is itemized.

After picking, a simple sorting and packaging operation is conducted. The sorted

packages are then loaded to trucks @eld/ered .

In the RDN site, the delivered packages from RSS site will furtherarranged,
picked, sorted and packaged, and be deliverdeoiotof-Dispensing (POD) where the
largescale mass dispensingas-going for thegeneral populatiorkigure 42illustrates

the process of deliveringedical countermeasurgsgeneral population.

Outbreak of public . 3
emergencies { SYR aLldza A
to RSS sites.
Dlspenge tq general Deliver to local POD Deliver to local RSS
population in large ) .
scale sites sites

Figure 42 Distribution ofstrategicnationalstockpiles togeneralpopulation

The operations in RSS site frastockpilesto delivering rearranged packages to RDN
requires both the design and planning regardimgaoesdlow design andayoutdesign.
For public health professionals, it is necessary to have a platform on which both
functionalities are addressed and integfateamlessly. This not only streambnihe
planning process thatvolvesauthorities and professionals from different departs)ént
also facilitates the operations in the execution stage when modifications will have to be
made orthefly to address theuncertainties from real situatiomn this chapter, we

propose a framework that integrates the process flow design and layout design.
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As a functional extension dthe original CDC-RealOptPOD [60][61], we will
discuss the implementation of Reald{$BS.RealOptRSSemployeethe CDC-RealOpt
PODmodules, and include extra mdes that integratprocess flow and layoubgether.
The system was employéd analyzing the design of guest flow and operations logistics

for the Dolphin Tales in Georgia Aquarium.

4.1.2 RealOptRSS and Layout Design

Primary issue in the layout design is to have this function easy to use so that public
health users can have a tool to quickly sketch the exterior shape and interior layout of the

RSS siteFigure 43shows how the layout can be represented in the system.
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Figure 43 Userdrawn RSSsite layout in RealOpRSS

Users can put together suehlayout easily.We provide object grouping and
duplication function to facilitate the press of generating multiple almost identical
objects. The piclside of each object, in this example wedigecraft shipping container,
can be customized as well. In addition, by observing the real RSS Exercise Event in 2010

we noticed that, similar to gallar warehouse operations, in RSS site it is also necessary
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to walking aisles asingledirectional. In the system implementation we fully covered

such requiremenas shown irFigure 44 to address the operations practically.

F—— _ st A

t5 £ i 1

(a) without Aisle Direction Constraint (b) with Aisle Direction Constraint

Figure 44 Find picking path in usedrawn hyout

4.1.3 RealOptRSS and Order Picking

The design of layout provides a platform for all the items in the stockpile to be
located. Based on those locations we can incorporate picklists into the system and map
them onto the usetrawn layout for visualization and potential process improvement. In
this system, after defining a layout either from systefined libraryorf r om wuser s 6
drawing, users can import list of iteéhsvhich usually summarized the name of items,
supply quantity of items, and location of itednsito the system, system will then
auomatically arrange these items onto the drawn layout accorthingrovided
information. A picklist can be imported, and systemill search for the optimal picking
route for this picklistFigure 45shows the integration of these information and functions

in this system.
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picking route

4.1.4 RealOptRSS and Process Time

As mentioned in earliesection, the operations in RSS site primarily include
unloading, staging, picking, sorting, packaging and loadifpile the process time of
some of these operations are irrelevant to the layout design, such as sorting and
packaging, and some are minoihfluenced by layout desigrsuch as unloading and
staging, there are operations, in particularly pickinghose process tinseare fully
determined by the layout design and picking route as well. Based on the layout design
and picking route mentioned iradier section, it is possible to, while determining the
process time for picking operation in process flow optimization, utilize the practical
layout information for process flow optimization, and thus make the optimization results

more realistic.

4.2 Designing Guest Flow and Operations Logistics for the Dolphin Tales
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The content of this section consists of excerpts from a published[pdhper

4.2.1 Backgroundand Motivation

TheGeorgia Aquarium is the worldés | argest
of water and 120,000 animals. On Aprif 2011 the Georgia Aquarium opened a new
exhibit, Dolphin Tales, dedicated to creating memorable connections behuesns
and animals and helping guest better und e
ani mal s. To prepare for the new exhibit,

movement with the goal of enhancing the guest experience while limiting camgesti

4.2.2 Point of Interest

Data was collected primarily during a twwonth period from August to October
2010. Both weekdays and weekend were included. Furthermore, our team tried to collect
data from each of Aquar i uma bothdypes ofidatagareh our s
time-dependent. For example, the irgerival time during 11:00 and 13:00 is usually
higher, and during 12:00 to 13:00 the percentage of guests going to cafeteria is higher.
The heterogeneity of intarrival times and transitioprobabilities is considered in our

simulation model to capture the real situation.

In our simulation model, the aquarium is composed of 14 poirtsterest (POIs).
These POIs include real exhibits, and other POls that have to be included for
completeness. For example, the Restroom in the main lobby is included because it is one

of theprimary destinations when customers leave exhibit.

Movements between different POls are described by a transition probabilities table.

This table quantifies the distribution of destinations after a customer leaves a POI as
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origin. Under this circumstancghile it is common to use Decision block to connect
different POIs and model the transition probabilities in ARENA, the disadvantéugt is
this model will be literally unreadable. Moreover, since the transition probabilities are
time-dependent, (for exaple, the percentage of people going to Cafeteria from River
Scoutis a lot higher during 12:00 to 13:00 compared to 14:00 to 15:00) the heteitggene
in transition probabilitiesmakes the explicit modeling of transition probabilities

infeasible.

The datacollected can be primarily classified into two types: (1) data regarding one

POI, and (2) data regarding two POls.

(1) This type of data includes customer arrival tiad®OI, customer departure time
from POI, and visiting time within POI. Our team developed an Ekaskd
computer program to collect arrival and departure of POI, and from which inter
arrival times and intedeparture times can be derivé&alr team designed a

timestamp cardb collect the isiting time within each POI.

Customersreceived a timestamp cardwhen they entered a POI (exhibit in
particular) They returned the card to our team when they depae@verage, less than
half of the cards dispensecerereturned,since many customg simply forgot to return

this card, or they preferred to keep it as a souvenir.

(2) This type of data includes the transition probability between POls. We randomly
selected customers and recorded their origin and destination, for example, from
River Scout tdCafeteria. After aggregating these data by origin, we can get the
distribution of destinations from that origin. In addition, the transition times
between POIls were collected too since a timestamp was automatically collected

along with the origin/destinain.
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4.2.3 Agentbased Simulation

Considering the system characteristics in Georgia Aquarium simulation, in this study
we aim to develop an agebased simulation system that assists in-tiea process
planning and layout design, and system optimizagsoch as minimizing resource

requirements, maximizing throughput, and manual resource reallocation.

When it comes to modeling individual behavior in a system, diserete event
simulation (DES)48] is in most cases used in sysidtmtareb et t er deseri bed
downdo manner . More specifically, when indi
predefined processes (these can be services, works, orngnttilait can trigger status
change on individuals for a period of time) that describes the primary system
characteristics, it is more straightforwar

of view.

However, in this Georgia Aquarium project which s similarpropertiesfrom
other Theme Park crowd control researcfi€g[39], the individuals are necessary to be
model ed by HAautonomous entitieso that can
passively guided by the systaiefining process flow. The Agebtsed simulation
(ABS) [30] of fers @apdbomotdemi ng philosophy that

individuals better.

In this study we devep a system, called RealGABM, which can in fact tackle a
more generalized pblem structure. While it is capable of modeling a pure {t@ased
system such as a poiat-dispensing (PODJor dispensing medical countermeasures
[56][60][61][62], and modeling a theme park where individuals are fully autonomous in
determining where to go, our tool is capable of modeling a system in which individual

behaviors arehybridd part of their behaviors are externally described by &seaf
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predefined processes, and part are internally determined by individuals themselves. The
switching between two parts of individual behaviors can be eitherdependent or

locationdependent.

4.2.4 Integration of Process Flow and Layout Design

Compared to other mutigent simulatiorlibraries, such MASON|[69], NetLogo
[88], Swarm [75], and Repas{13], as a snulation system, in RealO#tBM we
emphasizehe abilityto facilitate and streamline the model building process, and help
users that areot familiar with mathematical programming and computer simulation to
build a complica¢d model. We enable users to describe a model by graphically defining
process flow and physical layout. Other underlying mechanisms in -bgsed
simulation, such simulated environment/map construction, path planning, collision
detection and avoidance,daagent management, are encapsulated and handled inside the
system. This allows users to focus on exerting their domain knowledge in building a
model, instead of working on building a computer program. This shortens the cycle time
in model analysis, and daces the possible workload in both model verification and

validation as well.

In the system fronénd, RealOpABM provides Flowchart drawing panel for

definingprocess flow, and Layout drawing panel fi@signingohysical layout.

4.24.1 Flowchart Pank

In the Flowchart drawing panel, user defines processes in a system, and precedence
relations betweerthose processes. In RealofBM we allow users to model the

precedence constrairasthree different levels:
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9 on all the processes. For each processuitsessive process is predefined.
The dispensing of medical countermeasures in poiatispensing (PODs)

falls into this category.

1 on part of the processes. Part of the processes has predefined successive
processes, and others are assigmiéal successie processes dynamically
during the progress of simulation by either probabilistic distribution, or by

agentdéds discretion. Medi cal examinati o

1 no precedence constraints. All the processes are asswhesliccessive
processes dynamically during the progress of simulation by either
probabilistic distribution or by agent

in a theme park or Aquarium falls into this category.

Figure 46illustrates building process flow under different precedenonstraints

using RealOpABM:

fFIowchart rLaynul rEpidem\o\ngy rABI.H Display |

O Ol ol @ |—= X %8| ke ?

ProcessA | —= ProcessB

Process & ——= ProcessD

l

-

(a) Precedence Constraints on Alb&esses
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(c) NoPrecedence @hstraints

Figure 46 Building procesdlow underdifferent precedene constraints

4.24.2 LayoutPanel

The Layout drawing panel allows users to combine a set of simple polygons, convex
or concave, to represent the physical layout of a simulated facility. Users can choose to
overlay a picture as the real layout on the panel to facilitate the drawing prarcstst
designing a layout from scratdhigure 47shows the drawn layout of the Dolphin Lobby

in Aguarium with and without overlaid picture.
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Figure 47 Thedrawnlayout ofGeorgiaAquariumDolphin Lobbyin RealOptABM
[54]

4.2.4.3 Integration ofProcess Flow ad Physical Layout

Process flow and physical layout are integrated by simply assigning each process with
a locatiorfPOl, on the physical layoutrigure 48illustrates two models with identical

process flow and physical layout, but different spatial flow.

/Flowchart \ /

\
Fanbale|(einini=

Flowchart

A\

/’/

Layout Layout

N /2

Figure 48 lllustrativeintegration oforocesslow andphysicallayout[54]

4
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While it is an option to allow users define process flow directly on the physical
layout, we choose to design the system in such an indirect way that process flow and

physical layotiare designed separately for several reasons:

1 This provides the flexibility that process flow can be modeled individually
without having physical layout, since the spatial properties are not always

required for process optimization/simulation.

1 This improves the readabilityfdoth Flowchart panel and Layout panel.

1 Most importantly, this design parameterizes the spatial flow of agents in
simulation and thus facilitates the sensitivity analysis in investigating space

usage and crowd control.

As for systemimplementationan object Flowchart is declared for the manipulation
of process flow on Flowchart panel, and another object Layout is declared for the
manipulation of physical layout on the Layout panel. Object Flowchart contairs sub
objects such as Prageto represent each individual process. And object Layout contains
subobjects such as FlowNode to represent potential location for processes. Users can

assign FlowNode to corresponding Prodessmapprocess flow onto spatial flow.

In fact, there are fautypes of sukbbjects that are capable of being assigned with a

location on the physical layout. They are:

1 Create block: This object creates entities/agents that enter the simulation, and
is usually used for modeling entrance of a simulated facilitytiEstreated

can be households or individuals that are streaming into the simulated facility.

1 Process block: This object represents activity in a simulation that can trigger
status change on individuals for a period of time by consuming resource or

resouces. Typically it is used for modeling services in a simulated facility.
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For example, service can be triage in a POD, blood test in a hospital, or ticket

scanning in Aquarium.

1 Delay block: This object is basically identical to Process block, exceptdor th
Delay block does not consume resources and therefore there will be no

waiting line formed in a Delay block.

1 Dispose block: The object collects and removes entities/agents from the

simulation, and is usually used for modeling exit of a simulated facilit

4.2.5 Local Path Finding

In local path planning, the drawing of each region on Layout panel is discretized into
cells, and these cells are used as nodes to construct a graph. A pair of nodes is connected
by an undirected edge if corresponding cells mrutually accessible. Inaccessibility
occurs, for example, when one cell is located inside an internal obstacle in this region, or
outside the external boundary of this region. By applying shortest path alg¢tihm
path can be obtained between any feasible edgstination pair. Notice that the origin
destination pair in starting region is global origionnector, in intermediate region it is

connetor-connector, and in ending region it is conneglmbal destination.

Considering the problem size in solving the local path planning problem, the local
path planning is prsolved before launching simulation, and all the feasible paths are

availablefor quick reference during the progress of simulation.

4.2.6 Global Path Finding
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4.2.6.1 Global Path Finding with Full Information

In Georgia Aquarium, while most of the exhibits are located on the 1st floor, two paid
exhibits (Deepo 4D Show and Planéiafk) are set up on the 2nd floor. Furthermore, the
Dolphin Lobby is built outside the main body of the Aquarium and is connected to the
main lobby on 1st floor by escalator and elevator. This shows the situation where

multiple regions are incorporatedone simulated environment.

Although easy to trace in the Aquarium example, the connectivity can be complicated
in general casdrigure 49illustrates a scenario ehe leaving a building from 4th floor
requires sequentially walking through 2nd floor and 3rd floor, and walking to 2nd floor

from 3rd floor takes 1st floor as intermediate region.

Figure 49 lllustrative multi-floor building andcorrespondingonnectivitygraph

Considering the concept of topological map which represents topological relations
between different parts of the virtual world in Sh&d], and spatial subdivisiom
Lamarche [51], RealOptABM implements the idea by providing the soitject
Connector on Layout panel to define the connectivity between disjoint regions for
modeling a system with multiple regions, and automatically generates the connectivity

graph from userodés drawing.
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During pathfinding, the physical layout, with Connectors, are transformed into a
connectivity graph, I n which nodes in the
original layout, and pair of nodes is connected by a directed arc if corresponding regions

in original layout are connected by Connectors.

Figure 50shows theactual Georgia Aquarium model in RealGABM as physical
layout. For attractions, only the actionsside dolphin area are modeled in detail. For
other attractions, such as River Scout or Coldwater Quest, it is simplified to a Delay. This
model includes three different regions, the 1st floor of aquarium, the 2nd floor of
aquarium, and dolphin areand they are connected by Connectors. Blue dots represent
Connectors, and red dots represent FlowNodes. FlowNodes are where Process Block or
Del ay Block in the Flowchart are assigned
this case they are viewing thetrattions) in those locationszigure 51shows the

transformedconnectivity graph ofhe Georgia Aquariunmodel

Flowchart | Layout | Epidemiology | ABM Display Flowchart | Layout | Epidemiology |~ ABM Display
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Figure 50  GeorgiaAquarium nodelasphysicallayoutwith Connector and

FlowNode[54]
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1st floor of 2nd floor of
Aquarium Aquarium

The Dolphin
Lobby

Figure 51  Connectivitygraphof Georgia Aquarium model

The path planning in such environment requires both global path planning and local
path planning. In global path planning, shortest path algor{ttjms applied onthe
connectivity graph to identify the sequence of intermediate regions that an agent needs to

walk through to reach its destination.

After identifying the sequence of regions to walk through, the path planning is

complete by sequentially conducting lopakh planning within each region.

4.2.6.2 Global Path Finding with Partial Information

With full knowledge of the layout im simulated environment, the path finding is
implemented in two layers: global path planning and local path planning. Based on th
characteristics of transformed graph (for example, directed or undirected graph), different
shortest path algorithms, such as Dijkstra algorithm or A%si{@) algorithm, can be

employed for different purposes.

However, when the full knowledge of theytat in simulated environment is not
available, a roadmaf®][53][79] is necessary for identifying the critical points for path
planning. Notice that when the simtdd environment has multiple regioesch of those

regions requires its own roadmap.
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Considering the situation where no information about the simulated environment is
available to agent, agent will have to conduct déjpsirsearch (DFS) on those cric
points that are identified from the roadmap. The traversing path will form a tree. When
partial information about the simulated environment is available, agent can selectively
remove part of the nodes and edges connected to these nodes from the rBadnozpl
of nodes and edges i mpl i esnnecespayraveérssng abi | i

regarding to the current destination.

RealOptABM allows users to manually define roadmap for simulated environment
by intuitively dropping draggable nodes and drayvedges on the layout, or modify a
roadmapgenerated based on generalizedrahoi diagramg49]. Figure 52illustrates
possible roadmap of Georgia Aquarium. Wh e
traversingnode based on roadmap, or based on critical points only. Connectivity of
roadmap will be automatically checked if cessary. Option is also provided to
continuously detect critical points with better potential in reaching destination. More
specifically, during backtracking, agent can skip backtracking to the most recent node
and proceed to other detected unexplored nddents can appeanore normal in their
movements,however the running will be significantly slower due to the additional

detecting.
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Figure 52 Georgia Aquariunmodel agphysicallayout withroadmap

4.2.7 Agent-based Simulation

Considering the system characteristics in Georgia Aquarium simulation, in this study
we aim to develop an agebased simulation system that assists in-tiea¢ process
planning and layout design, and syst@ptimization such as minimizing resource

requirements, maximizing throughput, and manual resource reallocation.

When it comes to modeling individual behavior in a system, dikerete event
simulation (DES]J48] is in most cases used in systeimatareb et t er deser i bed
downo manner . More specifically, when indi
predefined processes (these can be services,sworkanything that can trigger status
change on individuals for a period of time) that describes the primary system
characteristics, It i's more straightforwar

of view.
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However, in this Georgia Aquarium projewhich shares similapropertiesfrom
other Theme Park crowd control researcfi€g[39], the individuals are necessary to be
model ed by MAautonomous entitieso that can
passively guided by the systaiefining process flow. The Agebtised simulation
(ABS)[30]of f er s -ap@baombde i nwhichpshites tloesaatgnbnyy of

individuals better.

In this study we devep a system, called RealGABM, which can in fact tackle a
more generalizegroblem structure. While it is capable of modeling a pure -hawsed
system such as a poiat-dispensing(POD) for dispensing medical countermeasures
[56][60][61][62], and maleling a theme park where individuals are fully autonomous in
determining where to go, our tool is capable of modeling a system in which individual
behaviors are hybrél part of their behaviors are externally described by a series of
predefined processes, and part are internally determined by individuals themselves. The
switching between two parts of individual behaviors can be eitherdependent or

locationdependent.

While individual movement can be either piefined (by following path) and/or
autonomous (by setiscretion), the move cannot violate the constraints imposed by

physical layout.

The physical layout is basicallye drawing drawn by users where individualsre
allowed to move. Conceptually, the constraints are imposed as the following. First of all,
the drawing is discretized into cells, and these cells are used as nodes in constructing a
graph G. The edges of this graph #renadded between correspondingrpadf nodes
only when nodes in a pair are accessible to each other. By applying Dijkstra's Shortest
Path Algorithm[1] to G, we can get a patlieasible under internal obstacles and external

boundarywith any origindestination

101



When individual detours from pmetermined path and maweautonomously,
limitations from internal obstacles and external boundary are stililedpand feasibility

is checkedat eachiteration.

In addition to the hybrid individual behaviors that Real®ptM is capable of

modeling, other primary systeatvantageare as the following:

1 Graphicaluser interface: In RealO#tBM users are able to model a
complicated system bsimpledrawing. Several drawing panels are provided
to define important systegharacteristicsuch as process flow and physical
layout. After integrating inputs as graphical form between these panels, the

process flowcan besimulatedby taking spatiapropertiesinto consideration.

1 Computational efficiency: the computational efficiency of Real®BM is

contributedfrom two parts:

- In optimization: Byinheriting the computain capability fromCDC-
RealOptPOD, alargescale optimization and simulation d@&on
support systerf60][61], we are able to minimize the resource
requirements, optimize resource allocation and maximize throughput
allocation.This enables our systefor strategic and operational

planning as well as ethe-fly dynamic changes.

- In agentbased simulation: Wextended MASONG69], a multragent
simulation library core in Java, as our agkased simulation engine
in RealOptABM. While therearemany opersourced ageritased
simulation libraries available, suchldstLogo[88], Repas{13], and
Swarm[75], the choice of MASONbrimarily lies inits advantages in

intensive computation and portability. As output, the modularity of
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MASON animation also makes it better integrated with the input

drawing modulegrom CDC-RealOptPOD.

Figure 53(a) andFigure 53(b) showa snapshot ofheloadingprocess in the Dolphin
area lobby. InFigure 53a) the real layout of Dolphin area lobby is overlaid on the
display panel for better undéasding, while inFigure 53b) only the drawn layout is
shown for faster animatioiBoth figures capture the hybrid individual behaviors in the
theater loading process. In particular, when individuals are moving along the predefined
path, the randomness in human movement is also incorporated by allowing agent make

autonomous (but limitgdlecision.

(a) With background blueprint (b) Without background blueprint

Figure 53 Layout ofloadingprocess in Dolphin Area undegentbasedsimulation
[54]

In this example, customers are expected to proceed to the ticket scanning station after
arriving the Dolphin area lobby. After ticket scanning, they are walking along the
corridor and entethe Dolphin Theater. This process is defined as a flowchart ifOReal
ABM, as shown irFigure 54 Parameters are input via the popup dialog after clicking on

corresponding block in the flowchart.
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simulation

Procesg$low of loadingprocess in Dolphin Area undegentbased

In this study, while the number of scanners is required to be part of the input

parameters in most simulation package, RealBi¥ provides the capability in

optimizing (minimizing in this casethe number of scanners such that statistics such as

waiting time and queudength are feasible. By comparing results under different

assignment of scanners, Figure 5%a), Figure 5%b), andFigure 5%c) it shows the

gueue length under different assignment of scanners, and this validates the importance of

optimizing resource allocation for improving operations and enhancing customers

experience as well.

O

(2) Number of 8anners= 1

Figure 55

(b) Number of Sanners =

2

104

(c) Number of $anners =
3* (optimal)

Lengths ofwaitingline in Dolphin Lobbyticket scanningprocess













































