A Predictive Model to Assist the Public Sector in Structural Damage Categorization

by Cyle A. Hawkins

B.S. inAerospace Engineerinlylay 2011, Worcester Polytechnic Institute
M.B.A in Project ManagemeniDecembef016 Walden University

A Praxissubmitted to

The Faculty of
The School of Engineering and Applied Science
of The George Washington University
in partial fulfillment of the requirements
for the degree of Doctor of Engineering

May 21, 2023

Praxisdirected by

Rebecca Yassan
Professorial Lecturesf Engineering Management and Systems Engineering



The School of Engineering and Applied Science of The George Washington University
certifiesthat Cyle Anthony Hawkinkas passed the Final Examinationttee degree of
Doctor ofEngineeringas ofApril 5, 2023. This is the final and approved form of the

Praxis

A Predictive Model to Assist the Public Sector in Structural Damage Categorization

Cyle A. Hawkins

PraxisResearch Committee:
Rebecca YassaRyofessorial Lecturesf Engineering Management and Systems
EngineeringPraxisDirector

Joseph P. BlackfordProfessorial Lecturer of Engineering Management and Systems
Engineering, Committee Member

Amir Etemadj Assistant Professor of Engineering and Applied Science,
Committee Member



© Copyright 2@3 by Cyle A. Hawkins
All rights reserved



Dedication

The author wishes to dedicate tRisaxisto his familyand the victims of disasterfo
his wife, Jenniferwho selflesslysupported the early mornings, late nighiesployments,
detachments, business trippdanomentsn-betweeroverthe lastenyears.To his
mother, Carol, who continually encouraged hinexcel in education and supported
every engineering interest. To his father, Tony, who has taught him an everlasting work
ethic and dedication to strive for his godlee goal of this Praxis is to improve response

times andaid anyone that ismpacted bydisaster.



Acknowledgments

The author wishes to acknowledge advisor, Dr. Rebecca Yassan, for her support
and guidance throughout the research phase of the program, her sage wisdom has
influenced thiPraxis The members of Cohort D13 are not only instrumental in the
completion of this research journey but haeeome lifelong friendsl his Praxiswould

not be complete today withotlteir motivation andocus.



Abstract of Praxis

A Predictive Model to Assist the Public Sector in Structural Damage Categorization

According to the National Centers for Environmental Information, there were twenty
weatherdriven disaster events exceeding $1B in the United States in 2021, resulting in
688 deaths and totaling an estimated $145B in damage. This &eagispsmethods to
reduce timecreating a traditional survdyasedpreliminary damage assessment by
creating a predictivenachine learningnodel The basis of the model persistentscatter
interferometric synthetic aperture radi@rivedfromt he Eur opean Space
Sentinell missionat 5 x 20 meter resoluticand ancillary geospatial information
managedn a geographic informatiosystem This research uses histori¢aderal
Emergency Management Agendgmage assessments from three hurricanes 2016
Matthew, 2017 Irmaand2017 Harvey to develop and test the framework and subsequent
models.This research builds dhe current body of knowledge using machine learning
with other remote sensimhenomenologgnd ancillarygeospatiainformationto predict
binary damageategorizationwithin structures.

The impact of this research using persisteniscatter interferometric synthetic
aperture radadlata to create a damage categorization prediction niwsisd with
geographic information systeim hours viceaveeks withtraditional methodsThe novel
contributiors of thisresearch ardeveloping dramework andapid process to move
from synthetic aperture radaingle look complexmages and structuregographic
information systento categoricaktructuraldamage predtion at greater tha88%

accuracy acrosall studied datasets.
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target region to provide finer spatial redau than conventional

stationary radars.
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Chapter 1Introduction

1.1Background

According to the National Centers for Environmental Informatioere were twenty
weatherdriven disaster events exceeding $1B inlim#ted Statesn 2021, resulting in
688 deaths and totaling an estimated $145B in daif@gih, 2022) While expedited
emergency declarations provide resources to the disastdredogaa joint preliminary
damage assessment (PDA) completion, typioatlines result in approximately 30 days
to complete the joint PDA before a disaster is declared. Emergency managers compile
damage assessments within their area of responsibility and forward them to the next
higher echelon (town, city, county, state),imtihe Federal Emergency Management
Agency (FEMA) compiling for the natiofFEMA, 2021b) Delayed access to required
resources endangers community rebuilding, as seen in the wake of Hurricane Katrina,
where communities experienced reduced population jleaes after the eve(Ghannad
et al., 2021; United States Senate, 2009)

An average damage assessment team completes thirty assessments a day; a large
scale disaster of 100,000 structures would require approximately 120 teams to complete
within 30 day. Remote sensing offers opportunities to increase the area surveyed and
removes travel timdJsing open source /commercial imagery relieves emergency
managers of policy constraints on gaining access to National Technical Means domestic
imagery provided byhe U.S.IntelligenceCommunity. The timeliness oflamage

imageryis critical in assessing damage and getting assistance to vulnerable communities.



This Praxisdetails a machine learning model using fused rtettiporal
interferometric synthetic aperturadar(MT-InSAR) and geographic information system
(GIS) data to predict structural damaising earth observing opesource imagery
includesredu@drelianceon contractual actions to purchase SAR imagery and having
sufficient collections before and after the disagelditionally, byusing an industry
standard system to display the model results, amplifying data can augment the predictive
model (survey inputdhigherresolution imagery, additional data soujcasd assist in
identifying safe areas and areas to focus recovery efforts.
1.2 Research Motivation

Emergency managebslanceprioritization of providing shelter for vulnerable
populations, mitigating crigal infrastructure shortfalls, and recovery efforts to
reestablish communities impacted by disafBrannad et al., 2020; Ghannad et al.,
2021) Damage assessmsmreate a baseline of situational awareness for emergency
managers and municipalities &cover Resource allocation depends on prioritizing
disaster recovery efforts based on many inputs, including socioeconomic demographics,
the criticality of infrastructure, and damage assessf@mnnad et al., 2021)he goal
of emergency management is to prevent crisis through preparatioesamdngservices
and infrastructure functionality when a response is needed.
1.3Problem Statement

Assessindprge-scale damagéaditionally is timeconsuming and incomplete @lto
inaccessible areasesulting in reduced situational awarenesguoblic sector emergency
managers to determine the extent of damage compounded with limited optical remote

sensing options



Traditional large scale disaster damage assessments (weiddsiviveys, doeto-
doorinspection¥ aretime-consumingandare subject tinaccessibledamagedreay.

Chen & Ji, 2021a; FEMA, 2016Publicsector emergency managers are unable to begin
disaster recovery efforts without the damage assessmernetmde priorities and
available relief sourcgEMA, 2016; Ghannad et al., 2022 damage assessment is a
vital tool for emergency managers to understand the depth and breadth of a disaster,
allowing them the opportunity to prioritize limited resowr¢e stabilize a community and
begin the recovery effort.

1.4Thesis Statement

A damage categorization model combining synthetic aperture radar products and
geographic information systems reduces damage assessment generation time, reducing
human interactioime, thereby improving situational awareness and decisiaking
abilities.

This Praxisdevelops a predictive structure damage categorization model using SAR
processing, data fusion, and machine learning to accurately predict structural damage in a
target postisaster area by combining the GIS and SAR data sourbesnodel aims to
supportemergency managers by reducing damage assessment generation time, increasing
situational awareness, and providing an industandard format to use the model
information.
1.5Research Objectives

The primary research objectives in tRisaxisare:



1. Determine ad identify the key set of critical success factors that are
optimal model inputs to accurately predict damage categorization within
the FEMA disaster categorization framework.

2. Develop a machine learnimamage categorizatigredictive modeto
support emergency managers and public sector administrators in making
informed disaster response and recovery decisions.

3. Develop ageographignformation systenmaptashboard to represent the
output of the model using industsyandard tools to streamlinse for the
endusers.

1.6 Research Questions and Hypotheses
These questions focus the research on addressing damage categorization timeline and
lack of situational awareness. The hypotheses are in response to the research questions

posed.

RQ1: What data featres are required for a structural damage categorization
prediction model utilizing MTnSAR and GIS poslisaster?

RQ2: Which proposed prediction model is most effective in categorizing
structural damage based on GIS andMBAR data?

RQ3: Does amodel developed with MINSAR with a Sy-20-meter resolution
when fused with GIS predict structural damage categorization more accurately
than existing models?

H1: The critical success factors (independent variables) identified in this Praxis
have a sigrficant influence on the dependent variables.

H2: A Multinomial Logistic Regression model can be developed to accurately
predict structural flood damage categorization solely using GIS data with F
Score, Phi Coefficient, and Balanced Accuracy greater tragual to 80%.
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H3: A K-Nearest Neighbors model can be developed to accurately predict
structural damage categorization solely using-MBAR data with A Score,

Phi Coefficient, and Balanced Accuracy greater than or equal to 80%.

H4: An adaptive boost(AdaBoost)model can be developed to accurately predict
structural damage categorization solely using-MBAR data with A Score,

Phi Coefficient, and Balanced Accuracy greater than or equal to 80%.

H5: A Support Vector Machine model candsyeloped to accurately predict
structural damage categorization solely using-MBAR data with AL Score,

Phi Coefficient, and Balanced Accuracy greater than or equal to 80%.

H6: A Decision Tree model can be developed to accurately predict structural
damage categorization solely using MISAR data with A Score, Phi
Coefficient, and Balanced Accuracy greater than or equal to 80%.

H7: A Random Forest model can be developed to accurately predict structural
damage categorization solely using MISAR datawvith F-1 Score, Phi
Coefficient, and Balanced Accuracy greater than or equal to 80%.

H8: A multi-layer perceptron model can be developed to accurately predict
structural damage categorization solely using-MBAR data with £ Score,

Phi Coefficient, and Balanced Accuracy greater than or equal to 80%.

H9: An ensemble model can be developed to accurately predict structural
damage categorization solely using GIS andMS$AR data with A Score, Phi
Coefficient, and Balanced Accuracy greatean or equal to 80%.

H10: This predictive model improves structural damage
categorizatioraccuracyas compared to existing models based on tieSeore,

Phi Coefficient, and Balanced Accuracy values.



1.7 Scope of Research

Emergency managers face manglignges, including widespread and dynamic
scenarios with little warning that alsananylives due to casualty, property damage, or
economic lossThis Praxiswill create a structural damage prediction madtat
combines several data sources, includiInSAR complex imagery anG1S
information (digital elevation model, parcel information, building footprints,
demographicsand hydrological dajaimprovingon existing predictive damage
assessment models. The model will predictplisaster structural damage, enabling
emergency managers to understand the breadth and depth of damage withis@alarge
area. Emergency managers will use the output of theIntmdeprove situational
awareness, inform resource allocation, and prioritize recovery effoeSramework
and model will therbe exercised against the 2017 Hurricane Harvey, Houston, TX
datasetThis dataset is used foomparison against astabliskeddamage categorization
modelby Caoto equatgerformance and accurabgsed on the-E Score, Phi
Coefficient, and Balanced Accuracy val2620)
1.8 ResearchLimitations

This research is limited to the data set surrounding Hurricane Matthew, which formed
on September 28, 2016, and dissipated on Octob&016,Hurricane Irmawhich
formed August 302017,and dissipated September 13, 20d4d Hurricane Harvey
which formel August 17, 2017, and dissipated eegber 2, 201L7All GIS data is
publicly available fronthe Federal and State governmemii SAR data is publicly
available from the European Space Agency (ESA) Copernicus Pregichnetrievedia

the NationalAeronaitics andSpaceAdministration (NASA)AlaskaSatellite Facility



(ASF) Distributed Active Archive Cente(®AAC). The public SAR imagery used for
this Praxisis collected by the ESA SentingR/B satellites. Each Senting&lsatellite has
a 12day revisit period, and the satellite pair is phaseducing to a skday revisit cycle.
A potential limitationis due to images collected outside peak flood conditistusm
surge conditions, and therefdahee flood wateramayhave subsideddigher resolution
and more responsive SAR assets are available for-imeakmergency, further reducing
the timeline for categorization, but they are not evaluated durin§ridmss The historic
damage assessment information used as ground truth includes 14,134 damage
assessments from Hurricane Matth@#4682 from Hurricane Irmaand46,004from
Hurricane Harveyver a geographically dispersed area; however, this is stilah sm
fraction of the full FEMA dataset of over 9839, and heavily biased flood damage
(664,055)

The models developed are trained, validated, and tested using historical hurricane
data. Howeverseveral types of disasters (fire, flood, tornado, landstidehquake,
tsunami)were not evaluated. As a result, the model is trained on a subset of geography
and damage types. These are considerations needed when deploying the model and using
it for damage assessments.

1.9 Organization of Praxis

The remainder othie Praxisresearch is as follows. Chapter two reviews peer
reviewed literature andiscuseskey themes such as mulémporal interferometric
synthetic aperture radar, geographic information systems assogidtegmote sensing
informationfusion, and machine learning models. Chapter three presents the research

methodology on dataset management and processing, model design, critical success



factor predictors, machine learning models, and model performance evaluation metrics.
Chapter fourconsistsof results and observations detailing the performance of the model.
Chapter five concludes thiRraxisby outlining contributions to the body of knowledge

and future research recommendations.



Chapter 2  Literature Review

2.1Introduction

This literature reviewdetails the background and prevalence of damage assessment
methodologies, how the United States Federal Emergency Management QAgieRtzy)
currently categorizes structural damage, and how geospatial resources are used to conduct
damage assessments. Thellabdity of additional sensors and improved modeling
technologyallows additional tootreationfor emergency managef&he intent is to
capture and analyze federal and academic publications that define and outline damage
assessment practices methodolsgreirther, teevaluatenecessary background
information to determine a new process fugieggraphic information systenSIS) and
synthetic aperture radad®AR) to produce a novel model. Lastly, to identify critical
success factors in the literature fimproved predictive damage assessment modeling

The literature review is thematically organized, with each section connecting back to
the challenges of generating damage assessments and recent research to contribute to
potential solutionsSection 2.2reviews the damage assessment process and how damage
is defined thushow the model will characterize dama@ection 2.3eviewsSAR and
remote sensors with the various data capture methodologies and their utility for damage
assessmengection 2.4detailsgeographic information systems and their utility for
additional contextual information with damage assessment and moddictgpn 2.5
includes pertinent information detailing how sensor and data fusion is used in modeling

and simulations and current models using data fusion to predict damage assessment.



Section 2.6discusses machine learning models ealtiationpractices used tealidate
predictivemodels Section 2.7is a summary sectiozoncludingthe sections.
2.2Damage Assessment

There are two primary categories of residential structural darflagding and non
flooding (FEMA, 2016, 2020, 2021blrlood damage isharacterized by the depth of
water, specifics such as the construction mettaoat placement of critical living spaces
(bedrooms, kitchen, bathroom, and mechanical rogREEWA, 2016, 2020, 2021b)
Non-flood damage is characterized by the loss of atratintegrity, including lost walls,
foundational degradation, and other habitability concéfEdA, 2016, 2020, 2021b)
For the preliminary damage assessment, the damage is reported in the following
categories Unaffected, Affected, Minor, Major, Degtd, and Inaccessib{EEMA,
2016, 2020, 2021bpamage assessment teams determine the extent of destruction by
visual inspection, modeling, and remote surigiegMA, 1999)

Floodandstormrelatedwaterdamage igritical to capture in @redictive structural
damage model, as more disastare declared due teaterrelateddamageflood, storm,
hurricanethanother types of damad&mith, 2022) Furtherdamage associated with
storm surge, wind damage, and ground motion are eisamal factors toconsider in
the model.

2.2.1 Traditional Damage Assessment

Traditional damage assessment uses several techniques to determine damage extent
and create the initial and preliminary damage assessment r@ieki#\, 2016, 2020,
2021b) Traditionaldamage techniques include windshield surveys and survey teams to

interview and inspect individual propertieé. Chen et al., 2020; Y. Chen & Ji, 2021a,
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2021b; FEMA, 2016, 2021T.he timeline foracompleted damage assessnismelated
to the scope adhedisaster, with smaller events taking hours and lamgde disasters
takingseveral weekFEMA, 2016, 2020, 2021b; United States Senate, 2@hage
assessment and emergency management gexcage modeled with systems engineering
processes to improve responsiveness and informationHwealeigh, 2005; Quarles,
2012) Traditional methodsan userowdsourced data combined with GIS platforms
enablingdamage assessors to remotely correlata ffom volunteers and property
owners to reduce theme of the assessme(it. Chen et al., 2020; Y. Chen & Ji, 2021a,
2021b; Masi et al., 201 7T he use of social media to crowdsource damage at the
community infrastructure level enhasemergencymanger s® under standing
infrastructureconditions using supervised machine learning mo@¥lsChen et al.,
2020; Y. Chen & Ji, 2021a, 20210)raditional damage assessmentsus@®usmethods
to complete the survey but use direct observatimotmud the analysis.
2.2.2 Geospatial Damage Assessment

Emergency managers over large land anegsl to employ remote sensing and other
geospatial techniques for damage assess(REMA, 1999, 2016)Several reasons for
this include the inability of survey teantsreach impacted areas due to safety concerns
and the need to cover areas across multiple municipalities. The dei&fdit (1999)
Remote Sensindgn Federal Disaster Operatiorstandard operating procedunelude
commercial and government rematmnsing optionsThe FEMA (1999)manual pre
dates many commercial opportunities and epeurce resourcassed today for Earth
observation. Geospatial damage assessment moves the assessment from field surveys to

analystdrained in remote sensing imagéefectrcoptical, radar, infrared, and multi
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spectral), emphasizingpllecting the data as close to the end of the disaster event as
possible(FEMA, 1999) Several validated geospatial damage assessments using remote
sensing are featured in literaturengonstrag a continual need for refinement and utility
of remotely sensed damage assessifizunnitru et al., 2015; Ji et al., 2018; Landuyt et
al., 2021; Pulvirenti et al., 2014; Touzi et al., 208 a result of continual research in
the field of remtely sensed damage assesspmeany models and simulations are being
used in conjunction with the observed data.
2.2.3 Model and Simulation-based Damage Assessment

Models andsimulationsare used with remotely sensed data to generate damage
assessments and deyesituational awareness of how disaster recovery will continue
and the current hazard state. Geospatial damage assessments use models to determine the
extent of damage based on inputs fiweather, GIS, and geological informati@eng
et al., 2021Felsenstein et al., 2021; Muntafi et al., 2018; Remo & Pinter, 2012;
Scawthorn et al., 2006flooding damage assessmeimisorporateemotely sensed data
use physicsnodelsand hydrological models to determine the extent of flood damage
( D6 Ad d a bh2006; Rulvirerdi et al., 2014; Rahman & Thakur, 2018; Serpico et al.,
2012) Modek and simulations are augmented from remotely sensed data and continue to
be improved and updated as disaster characterization is understood and validated with in
situ doservations.
2.3 Synthetic Aperture Radar and Remote Sensing

Remote sensing hasdedemergency managers in reducing the time to conduct broad
area damage assessments and typically uses optical sensors to assist data collection.

Optical sensors have enviroemtal constraintsnost importantly requiring daylight
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beingfree of cloudgAger, 2021) Airborne sensorsf all phenomenologware subject to
weather constraintdue to aircraft operating conditiarSpaceborne synthetic aperture
radar is an allveathe, day or night sensor that can penetrate clouds and dflokes
Anderson et al., 2019The difficulty of using SAR imageris the extensive processing,
andit is an unfamiliar medium tmmanyanalysts Therefore, many people only use the
SAR amplitude data arignorethe complex phase data used to compute range,
displacement, and velocity.

Combining multiple known data sources, including midthporal SAR imagery
before and after a disaster, with dagielevation models, building footprints, and other
GIS information allows emergency managers to determine the geolocation and extent of
the damage for an entire area in moments when using corgmsisted exploitation such
as machine learning.

2.3.1 Overview d Remote Sensing

There are two primary types of remote sensing collegtiassive and active. Passive
collectors such as electaptical use radiation from the sunlght sourcego create
imagery via multispectral capture. While active collectionaystsuch as synthetic
aperture radar and light detection and ranging (LiDAR)ta source of energy. Sensor
platforms are variedvith spacecraft and airborne being the primary carriers for damage
assessment.

2.3.2 Overview of Electro-Optical Remote Sensing

Electro-optical (EO) sensors apgeferredfor earth observationdue to the intuitive

nature of viewing imagenhowever there are several shortcomings of elecpdical

imagery(FEMA, 1999, 2016)Electreoptical imagery is subject to weather (clouds,
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smoke, sandstormsjnageryprimarily can onlybecolleciedduring the day due to
passive naturesun-angles impacdimagery,it produceshadowsandalter thecolor
amplitude data for eadpectraband. A benefit of EO is there are multiple spectral
bandscomposedred, green, blugearinfrared. The bands can be manipulated to
highlightthedesired effects (red, green, blue) for a natural photo lmighlight synthetic
objects via the red speuatn as vegetation absorbs red light.

EO imageryassistslamage assessments when available due to ease of use and the
extensive ability tanterpret Many damage assessments use EO imagery with deep
learning methodsncluding convolutional neural network€ENN), to categorize damage
using postisaster scend€). D. Cao, 2020EO can also beombinedwith other remote
sensors to exploit computer vision methodologies and techniques for change detection
(Jiang et al., 2020EO is combined with SAR imageto incorporate the complex phase
data to incorporate measurements (elevation, ground motion) that are only available from
active sensor@runner et al., 2010; Cerbelaud et al., 2021; X. Li et al., 2021; T. L. Wang
& Jin, 2012; Zhang et al., 201 Blotographic evidence is routinely required for recovery
assistance claims and insurance purpdbesefore suitable EO imagery is the default
choice for damage assessment.

2.3.3 Overview of Synthetic Aperture Radar (SAR)

SAR gener at propariiesregieh sewialarique characteristics that are
not available with electroptical sensorgrimarily collection in mostveather
conditions, day/night use, and coherent waves supplying additiongAdpig 2021)

The coherent nature of SAR@vs analysts and researchers to determine the intensity

and measure the phase of the wave returning to the gégsrr 2021) SAR does
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feature twaoessentiafeatures that shoulsentioneg¢limageresolution is independent of
distance from the sensar the observation, and one sensor can be used for multiple
resolutions and coverage aréAger, 2021)

2.3.4 Interferometric Synthetic Aperture Radar (INSAR)

Interferometric SAR (IFSAR) is the measurement of phase difference from coherent
waves in at two iomore different times or positions across a two/ttiegensional
image(Ager, 2021) The utility is determining elevation changes based on a known
datum such as a digital elevation model (DEM)/ digital terrain model (DTNY scale
of these measuremsns as low as millimeters per year. Damage assessments using
INSAR stem from determining a baselimfea structuremeasuring the phaskange of
thestructure anddetermining the extent of the char(ge Chen et al., 2020; T. Li et al.,
2021;Mider et al., 2020; Siddigue et al., 201B)SAR is used with modeling techniques
to refine predictiongmproving persistent monitoring and damage assess(Baondi et
al., 2020; Ullo et al., 2019; Vadivel et al., 202Idmographic SAR is an extensi of
INSAR and expands mapping into the third dimension enabling the creation of building
models Many INSAR techniques require multiple images that span time, specifically for
change detection and monitoringSAR techniques are used in this Praxis tagure
structural changesnd predict structural damage.

2.3.5 Multi -Temporal Synthetic Aperture Radar (MT-SAR)

MT-SAR is repeated collections at the same amgesistent monitoring,
interferogram creatigror change detectiofAger, 2021) With spaceborn8AR sensors
the time a sensor overflies the same ground track as a previous orbit is knonemisis a

rate Therevisit rate the highestfrequencyof samplgimpacs the opportunityto use
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observationgor monitoring operations examples includadslide potential and seasonal
floodng( D6 Addabbo et al ., 2016; Landuyt et
Heggy, 2015; Pawluszédkilipiak et al., 2021)The revisit rate is more important
monitoringnatuirl disasterdecause the conditionsedleeting wherepeak statemay

not be persisterguch as floodingA collectionis onlyvalid if it can be taken quickly

after an incidentapturingthe extent of damagéger, 2021; Flore®Anderson et al.,

2019) Lower revisit rates are useful fotong-term infrastructureenvironmental

monitoring observinglower failure modesr slower changéAger, 2021)

Interferometric SAR has several methods of producing information, diaeat phase
comparisorto more advanced techniquesngsdozens of timeseries collections. Two
most prominent versions of this more advanced technigueessestentScatter
Interferometric SAR (PEnSAR) and Distributed Scatter Interferometric SAR {DS
INSAR).

PSInSAR iswidely used fomonitoring ground deformatiqmlue to the accuracy and
retainability of spatial resolutiofferretti et al., 2000, 2001; Hooper, 2008; Hou et al.,
2021; Kampes, 2006 SInSAR studiegacechallengs of the large and expanding
dataset and computingsaurces require@Ferretti et al., 2000, 2001; Hooper, 2008; Hou
et al., 2021; Kampes, 2008)heminimum numbepf images required for reliable results
is twenty, in a timeseries with the same incident angle, gedmetry(Ferretti et al.,

2001) This Praxis uses R®1ISAR processing to maintain spatial resolution and measure
change at discrete points

DS-InSAR is much, faster less computationally demanding, and requires far fewer

collections(Even & Schulz, 2018)Due to the processing methodology spatial resolution
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is reduced due to a mulbok smoothing technique, and the result is then no longer
approaching the structure level of fidelifigzven & Schulz, 2018DSINnSAR is not used
in this Praxis due to the reduction of spatédolution butnay be incorporated in future
research.

2.3.6 Polarimetric Synthetic Aperture Radar (POLSAR)

All radar transnts and receives polarized microwauwesproducemeasuremesiof
enggy quantified h amplitude phase andfrequency PolarimetricSAR (POLSAR)
measureshe return of thevavespolarimetricshift to differentiate the scatter effects
based on thesaction of the observatiqAger, 2021) Polarimetry uses several physical
(reflectivity, refraction, diffraction) attributes to determine organic and synthetic
structures for land classification, monitoring, and damage assessment. POLSAR imagery
can ug several additivpolarizationlayers toassestand use and distinguish synthetic
from organic materials and structuf@s & Wang, 2021; Pinto, 2020pamage
assessment using single image go&nt POLSARechniquedeverages thecattering
mechanims (doublebounce and volumetric scatters) to distinguish vertical structures
from surrounding return&S. W. Chen et al., 2016; S. W. Chen & Sato, 2013; Ge et al.,
2019) POLSAR technigues observednaplete building collapse in urban environments
(X. Li etal., 2012, 2021; W. Sun et al., 2018hotherdamageassessment determination
relatedPOLSAR technique is flood mappifiganduyt et al., 2019, 2021; Pulvirenti et al.,
2014)to determine inundation and depth of water when combined with digitatele
models.POLSAR is used in this Praxis for flood area characterization in combination

with GIS models.
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2.3.7 Synthetic Aperture Radar usage in Damage Assessment

The use of remote sensing to perform damage assessment is.frbéficse of SAR
for damagessessmeiis less routine. As noted aboweSections2.3.3- 2.3.6 the
literature describethe advantages of using SAR for rapid damagessseent and the
various employed techniquesusemicrowaves to capture damagestdisasterevent
(Brunner et al., 2010; Q. Chen et al., 2020; Cossu et al., 2012; Dekker, 2011; Ge et al.,
2020)

Depending on the disaster, the type of damage lasisgssed, and the environment
certain techniques arsggnsor@are more applicable than others. The primary approaches
for structural damage are intenshigised, coherendssedandpolarimetricbased
detectiongGe et al., 2020)Strengths of eadlpprachare intensity captures larger
changes, coherence is sensitivenioor changespolarimetric is sensitive to
materials/surfaces, and all can be combined in an integrated approach if the data is
available(Ge et al., 2020)Damage assessments are matdeeresidentiablock or
structure level, detailing the damage severity and impact of daondgeh the
individual (residential) and the publisuch as damaged infrastruct@F&=MA, 2021b)
This Praxisuses an integrated approach with additiontd flmm GIS and uses bopine-
andpostdisastelSAR data to formulate damage assessments.

2.4 Geographic Information Systems (GIS)

Geographic information systems serve thesgentiapurposesdata collection and
management, analysis, and displB$RI, 202). ThisPraxisrelies on GIS as the
platform to combine several diverse data sources into a single coll€gisarvations

from remote sensing are combined with GIS information (location, building footprints,
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building materials square footage, assessed value, location of infrastructure), and then
processed through a predictive model assessing damage.
2.4.1 Geographic Information Systems and Emergency Management

Emergency management personnel use GIS to conduct emergency operations,
including daily tracking of incidents, tracking vehicle fleetisgmonitoring lines of
communication and transportati@SRI, 2023)Using GIS offers emergency managers
the ability to analyze shelter locatiof&anusi et al., 2020pptimize reconstruction using
economic and census d@@hannad et al., 2020; Ghannad et al., 20249 impacts of
floodwaterg(Ji et al., 2018)GIS phtforms such as Environmental Systems Research
| nst i t (BESRI)ArcGIB®& aredastecosystems of applications offering emergency
managers tools to decrease the time to respond to emergent conditions. E20@Hjh
and Quarle$2012)analyzed systems engineering approaches to disaster management
Eveleigh and Quarlelsothstatethe importance of GIS to emergency management and
proposedsystemmodels for thenternalprocesses andteractions betweenrganizations
andexternal datgroviders. Emergency managers use GIS for many purpasagling
damage assessmenhis Praxis uses GIS tnanage ancillary data supporting damage
assessmentnd fuse various datasets to discpamts.

2.4.2 Geographic Information Systems and Damage Assessnie

GISis capable of combining various data types to create actionable information.
Damage assessments are the amalgamation of data to determine the severity and impact
of disaster®nindividual structuresgystems andombined to assess larger areas and
then ultimatelysupport eDisaster Declaratio(FEMA, 2016) HAZUS-Multi Hazard

(HAZUS-MH) analysis tool is availablieom FEMA that uses supplie@IS local
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informationto model damage from flooding, hurricanes, equitkes, and tsunanmas a
risk mitigation and damage predictidgdeveral researchers used HAZWIH for
earthquake§Felsenstein et al., 2021; Muntafi et al., 2018; Remo & Pinter, 204®)
flooding (Deng et al., 2021; Scawthorn et al., 20@\)tside FAZUS-MH GIS is used
for damage assessmeamtdtraditional methodswindshieldsurvey, damage assessment
teams)to record, manage incomimgta,and visualize datéSeveral instances of GIS data
being combined with remote sensing data to predict dachageyearthquakegMasi et
al., 2017; Trianni et al., 2010fooding( Q. D. Cao, 2020; D6Addabbo
Rahman & Thakur, 2018; Serpico et al., 20d@Jlotherdisasters. Each of the studies
resultedin positive results, with floodingazards reachings high89% accuracy with
INSAR and ancillary GISn a Bayesian network modeIDd Addabbo . Gaobas ., 20:
(2020)hybrid convolutional neural networkodel using GlSnformationandpost
disastelEO imagery yielde®7.41 £ 2.5% accuracyor earthqualkseusing an
unsupervised model with SAR and GIS déte accuracynly reached 60.56%, with
assertions that additionfasion would improve performance andsitan area for further
researchhowever, the goal was to rapidlyrn complexdata into actionable information
(Trianni et al., 2010)This Praxis does not use HAZLMNH to independently modeind
measure damage. This Praxis doesau&dS platform to correlate and fuse data to predict
damage categorization.
2.5Information Fusion

Combining multiple data sourcesrtakeinformeddecisiors, improving reliability
and comprehensiois known as information fusio(Hu et al., 2013)Information fusion

has several subisciplines includingsensor fusionmage fusionandgeospatial
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fusiond all with a similar goal of adding available information to inform deeision
maker(Hu et al., 2013)Bayesian networks and convolutional neural netwarksmost
common for computer vision and G{Gamba et al., 2005; Masi et al., 2017; Saleedo
Sanz et b, 2020) Information fusion occurs at differeabstractiorievels(sensor,
feature, or decisiortp improvea specific leve(Galar & Kumar, 2017)The sensor level
combines multiple sensors measuring the same propetgteamine e validity ofthe
giveninput Thefeaturelevel combines multiplendependensensors t@utput a single
truth. The decision level ithelast level determining if action is requiradth the
supplied informationThere ardhreetypes of information fusion, competitive,
complementary, and cooperatiachis explained further in the following sectiongth
applicability to thisPraxis
2.5.1 Competitive Information Fusion

Compettive information fusion is also known as a voting system,revienilar or
redundant information sourcase compared angsed to determine an input's validity
androbustness to a systdiidu et al., 2013)Competitive fusions usedextensively
throughouthe SARmodek as the same sensgpdateghe observed area oviame (T.
Li et al., 2021; Normand & Heggy, 2015; Vadivel et al., 20Therevisedobservations
supersede the previostate andthelaststate and current state are compared for
differencesif the two observations are overwiméhgly similar, then both observations
are incorporated into the baseligved used for futureomparisonsAn example isa pre
disastereventimageis complementarynformation, and @ostdisasterevent image will
most likelybe conmpetitiveinformation This technique is used in the Pradiging the

selection oPSINSAR points forcomparison in the damage categorization model.
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2.5.2 Complementary Information Fusion

Complementary information fusionses multiple sources of data but from similar
sensors (using ascending and descending orbits, using Sdmitinadd 1B, using
multiple orbits) to increase the available informati@Galar & Kumar, 2017)
Complementarynformation fusiorfocuses on data completenessing the ame or
similar sensorto collect dataComplanentary information fusion is throughout the
literature implicitly and explicitly INSAR requirescomplementary inputs to generate an
interferogram(ASF Engineering, 2018; Pu et al., 2020; Z. Yang et al., 2018; Z. F. Yang
etal., 2016) This Praxis usesomplementaryusion increating the SAR baselirie
compare pre and post disaster imagery

2.5.3 Cooperativelnformation Fusion

Cooperative informatiofusioncombines twdlifferent information type§SAR,
electreoptical, GIS, IDAR) to augment the information availalfalar & Kumar,
2017) Cooperativenformation fusion is used throughout the moddiere observations
from the remotely sensed data are used in conjunctionGi@tsuppliedinformation.
Research has several examples of usoaperativénformation fusion to generate
damage assessments, eleaptical and SAR dat@Brunner et al., 2010POLSAR and
INSAR (F. Chen et al., 2020%51S and SARSerpico et al., 2012; Soergastlal., 2005;
Trianni et al., 2010; Uemoto, 2021)singcooperativanformation data sets can augment
each other to produce actionable information such as damage assessments through using
shared information such as geographic coordindtas Praxis ses cooperative fusion to

combine GIS and SAR information into discrete locations.
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2.5.4 GIS and SARInformation Fusion

GIS and SAR information fusion is critical thimage assessme@ta o(2020)
research focused on combining GIS atettreoptical datad generate damage
assessmentsvith an accuracgxceeding 97%however electreoptical is notconstantly
availabledueto environmental constraintddylight, free of cloudsmoke/ash)SAR is
more difficultto interpretdue to the complerature of the imagerandlimited datasets
areavailable to trairmodels(Ager, 2021) Severakesearchers have used SAR
information combined wit GIS data to predictructural damage at thesidentiablock
level (Trianni etal., 2010) using POLSARAnN et al., 2016)aspreviouslyreferenced.
Selectinga subset of featuremnd combininghemimproves data processing tiraed
enhanceshe information delivered to ttadecisionmaker Once the data is fusgghany
methods aravailableto determine damagextent and severityl his Praxisuses machine
learning to complete the process to move from fused da@tage assessment
prediction.
2.6 Machine Learning Model Analysis

Machine learning is aub-disciplineof artificial intelligence ands furtherrefined in
classification, regression, adeéep learningMachine learning allows programs to
become more accuratathout explicit programmingyeighing various inputs within a
modelto generate an outp(flpaydin, 2014) Machine learning isommonlysplit into
two areassupervised and unsupervised learniwgh severabubdisciplineareas
includingsemisupervised learning, reinforcement learning, and dimensionality reduction
(Alpaydin, 2014) Supervised learning usesitputlabeled information to train the model

while unsupervised models used unlabeled informatidraio a modelSemisupervised
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learning is the middle betwesnpervised and unsupervised usingnaall portion of
labeled infomationaugmented witlunlabeled datahis is where most SAR data falls
due to the expense of gathering and labeling. dédalels areaepresentative of the
training data used to produce the modslsuch if there are any biases within the data the
model wil reflect those biases as well. The three phases of ngaeheration are splitting
the training datéinto training and testingjraining the model based oretlrainingdatag
andtesting the model using theserved data from theitial training set

There are severaurposesiodels and methodimgiesof machine learning, however
this Praxisfocuses omsingsupervisednachindearningfor damage predictiarThis
section covers the modekspplications, and relevant damagsessment researelith
machineéearning related to SAR image processing and damagsesassnt prediction.

2.6.1 Overview of Computer Vision

Computer vision is a portion of machine learning usgatécessmagesand video
with the goal ottlassification, segmentation, apbvidingcontext within an
observation. Computer visionhas severapplications within diverse industries, within
disastedamage assessment, computer vision is used to identify strudtareset al.,
2013) andresearch is ogoing toproduce damagassessents(Q. D. Cao, 2020)
Traditional @mputer visiorwhen used with SAR imagery is limited to pattern matching
because traditional computer vision does not operate within the complex démmeitd
et al., 2018Zelnio et al., 2018)Computer vision has includedgearch regarding SAR
mission planningo produce simulatedata andeproduce the images for additional
training data set&Soergel et al., 2005Vhile computer vision techniques are used

prolifically with electrooptical imagery, most computer vision algorithms are not
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available for complexlomain imagery and is an area that is being pursued in research.
Phaseawareconvolutional neural networks abeing studiedn speech enhancement, but
little is publishedwith imagery.Thereis researclio train convolutional neural networks
usinglabeledEO, fusedEOT SAR imagery, and SAR imagery to createcanodethat
canuse all three inputs for follow on workflows incluagj classification and
segmentatioiiGupta et al., 2022 his Praxis does not usemputer vision techniques
due to the PSnSAR processing creating discrete points.
2.6.2 Overview of Classification /Segmentation

Classification and segmentation are referdrsmveral times in the previous section,
within the context of computer visiaassification isaccuratelyassigning aingleoutput
labelfor everyobject that sharehie same characteristicSegmentation is also
classifying theobjects within an image, but eaictstance of an object labeled
separatelyAn example ighree peoplavalking acrosshe street, witltlassification all
three are labeled pedestrians, with segmentation thégleledpedestrian 1, 2, and 3.
Classification is a step toward segmentation, as both instances share a label, but
segmentation is required to further analyze the state of the insResmarch using SAR
imagery is used for segmenting building footpriintsn background, to facilitate further
processing such as damage assessuséng fused dattEmek & Demir, 202Q)using
synthetic training datéMichaelsen et al., 2010andprimitive classification obuilding
componentgFerro et al., 2013Many computer visiortechniquesise deep learning
methodgelying on convolutional neural networkehis Praxis does not use computer
vision techniques tolassify and segmebuildings. This Praxis useclassificationfor

damage predictions using variauschine learning methodologies.
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2.6.3 Convolutional Neural Networks (CNN)

A convolutional neural networis a mehodof deep learningonsisting of several
hidden layers operceptronshat areseparatingortions ofdatg assigning weights and
biases to thperceptron nodesndthenclassifyingdatabased on labeled training data
(Alpaydin, 2014) CNNs are used for classification and segmentation because their input
structure consists of a tensor measured by height, width, ch@hedtey portions of a
CNN are theconvolutional rectified linear unit RELU), pooling, and fully connected
layers as well as the input fields and theightsthat train the perceptrons within the
network The convolution layersonvolvethe input and transfer to the néayeror
review the input with several smaller windowde output of the convolution layer goes
to theRELU layer wherean activation functioframp function)s used to passr not
passnformation to the next layeNext the pooling layeis used for dowrsampling
(abstracting) featureshen connected @the fully connected layer responsible for
classification of the featuili@ conjunction with th&softMaxlayer for labeling, and lastly
the outputAlpaydin, 2014) Remote sensing and SAR have extensively used CNNs
within researcHor classification and segmentatiphrnold et al., 2018; Q. D. Cao,
2020) change detectiofdiang et al., 2020%peckle filteringPu et al., 2020; X. Sun et
al., 2020) andtarget recognition(Zelnio et al., 2018)While CNNs are used extensively,
SARs complex nature requires the ability to handleptiese data to fullgxploit this
data sourceDue to the several pigrocessing steps, thaformation is available in the

real domainand tabulaand ths Praxisdoes notiseCNN.
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2.6.4 ComplexValued Neural Networks (CVNN)

An emerging area of research is the complex value neural netmloekeCNN takes
both real and imaginary components of vallresearclusing CVNN forSAR
segmentatioiiJin & Wang, 2021; Trabelsi et al., 20X8pulted in accuracy for building
segmentatiogreater tha®0%. Implementation of CVNN based methdds image
classification and segmentation in SAR imagery improves the potential automated utility
of SAR extends past POLSAR into INSARespite the imagery in the complex domain,
the processingf the SAR imageryeailts inrealmagnitudes for the interferometric
measurements, therefore CVNd\hot implemented during this Praxis.

2.6.5 Multinomial Logistic Regression

The nultinomial logistic regression (MLR) is a generalization of the binary logistic
regression and is uséar classification problems. The MLR will be used with the GIS
modeling due to the focus on flood hazards. Due to the classifications of flood damage
(no damage, affected, minor, major, destroymihgdriven by flood depththe choice of
the MLR for danage categorization is clear. Further, MLR is widely used in remote
sensing for langMyagmartseren et al., 2020; Q. Wang et al., 2@hs) image
classification(F. Cao et al., 2017This Praxis useseMLR as the prediction method in
the GlSclassification model.

2.6.6 K-Nearest NeighborgK-NN)

K-Nearest Neighbor@&-NN) is asupervised mdune learning model used for
classification based on given classHse advantages of-KIN areall data is used to
make every predictiomakingit less susceptie to noise and outlieralso meaning no

training time is requiredA disadvantage is fN is computationallexpensive because

27



it uses all the data for every predictigxNN is shown as a successful classifier in
remote sensing/hen the class sizes aqually weighted, thereby reducing the bias in the
prediction(Y. Li & Cheng, 2009) This Praxis uses N as a prediction method in the
SAR classification model.

2.6.7 Adaptive Boosing (Adaboost)

AdaptiveBoosting (Adaboosts a supervised learning model used for classification
uses seval basdearners to generate a strong learAgilaboostwas shown as a
successfutemote sensing classifizhen used with electro optical imagesafour-class
application(Zheng et al., 208). Theadvantages of the Adaboost algorithm is the reduced
dataset required to build the modeld the model produces multipkassifierswith
different weights to produce resulf&he disadvantage of Adabodsthat it is very
sensitive to outliers and noise. Fully processed SAR data inherently contains noise due to
the physics of collection and image processing. This Praxis is testing Adaboost as a
prediction method in the SAR classification model.

2.6.8 Support Vector Machines

Support vector machines (SVM) are supervised learning models used for
classification and regression analysis. The goal of SVM is to place training variables to
points maximizing the distance between them, optimizing the hyperplane beheeen t
SVM can use several kernel functions to train the model, the most common and default in
the Rithon library sklearn is the Radial Basis Functions (R@¥dregosa et al., 2011)

The SVM is used in remote sensing research and classification duééd liraining
data availability and accuracy. The challenge as noted in several works that

hyperparameters are sensitive and impact re@ultsintrakis et al., 2011; Pal & Mather,
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2006).This Praxis is testing SVM as a prediction method in the SAR fitagsin
model.
2.6.9 Decision Treed Random Forests

As Alpaydin(2014)describesa decision tree is a hietdical structure for
supervised learningomprised of recursive nodsglitting to reach &nal leaf node
result. Decision trees aemnonparanetric supervised learning algorithm which can be
used for classification and regressidhe decision tree ian idealmodel for SAR
because it is multiclass capable, tamsnfinite number of inputgnd grows st is
trained with new informatiorDecision trees are prone to beimggerfit andshould be
carefully trained or deliberatebtopped early to reduce overfittinthis Praxis usea
decisiontreeas a prediction method in the SAR classificatmodel.

Random Forest is an ensemble of multiple decision trees also used for classification
or regressiomnd is popular in the remote sensing community due to its acdiielgyu
& Dr £ g ulike @e0idio6 rees, they are simplentplementand easier to tune than
supportvector machines (SVMand stillperform as well as SVMs in training time and
accuracy(Pal, 2007)This Praxis uses a ramoh forestas a prediction method in the SAR
classifiation model.

2.6.10 Artificial Neural Network (Multilayer Perceptron)

An artificial neural network (ANN) also known as a multilayer perceptron is a
mathematical analogy to a biological neural network. The network consists of individual
nodes (neurons), the neuron receives an input, measures it against an activation weight/
function, and produces an output if it reaches the activation requirement. The network

connectsnput nodes, with hidden nodes, and eventually output nodes. Interconnected
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nodes produce vast networks capable of classification, regression, segmentation and more
(Alpaydin, 2014) There are benefits to ANN, first being they are very versatile, allowing
a multitude of data types and pathways to find patterns in th€R&t& Mather, 2006)
The disadvantages of the ANN are the model is very computationally expensive to train
and maintain and may be less accu(Btd & Mather, 2006)To operationalize the model
the training set needs to use a diverse set of data to ¢hsum®del does not converge
on a local minimum. This Praxis s&NN as a prediction method in the SAR
classification model.
2.7 Summary and Conclusion

This literature review systematically coverdamage assessment methodologies
remotesensing geographidnformation systemsnformationfusion machinelearning
within the context of damage assessmuitizing SAR as the primary data source.

During theliterature review ohinemachine learningnethodsour themes emerged
with respect to remote sengiand damage assessmeetsatilty, EO dominant,
sensitivity, and computational requirementdis Praxis attempts to usex machine
learning methods to predict damaggng MT-INSAR dataand one using GIS tia The
decision taresearch these methodglise to theversatility and the tabulatata format
generated in the data processing stefbned inSections3.5and3.6. Machine learning
usingEO data to produce damage assessmisnigll researchedut radadatais less
researchedRadarand earth observation datanferently noig andselecting machia
learningmethodologiegnd hyperparametetisat are less impacted by noise is important

to improve accuracy of predictionlsarge dataset®quireconsideratiorio be made with
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respect to computational requirementhere some methodologies hold émtire dataset
to make a classification

Two machine learning methodenvolutional neural networkendcomplexvalued
neural networkwereremoved use to theputdata formatComputationatesource
concernsnoisy dataarepresent withartificial neual networkand K-nearest neighbors
Adaptive boost is susceptible to noisy data duth®useof weak signalsSupport vector
machinesdecisiontrees, andandomforest methodologies atiee best candidates to
balance theomputationatonstraints, the scale and noise of the data. Contpthie
multinomial logistic regressiofor the GIS model wittfSVM, DT, RFfor the SAR model
should produce favorable results.

Previous studiebave focused on several damage assessment critical sfaatess
from remote sensing and GISemote sensing criticéctors includeSAR collection
parameters such asrtical transmit/vertical receive (V\phase, collecting using INSAR
techniques, andollecting imagery as close to thessastelevent as possié. Othercritical
success factofsom GIS includestructure proximity to flood source, elevation, building
material, ad terrain. To model damage assessn@&i® data alone can be used to predict
damagedo a structure when modeled with disaster paramdiatsaccuracy improvess
the fidelity of the information used within the model is refined, otherwise the HAZUS
MH model may overestimate damagesing seeral data sources such as GIS, EO, and
SAR improves model accuraayhencombined in a cooperativeanner adding
information that any single sensor is missiAgredictive damage assessment model can

exceed 90% accuraeyhen using several fused data sources to develop the model.
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Chapter 3  ResearchMethodology

3.1lIntroduction

The purpae of this Praxis is to develop a model to assist emergency managers in
damage assessmehy determining the data features required for structural damage
categorizationcreating a moddlsing GeographiclnformationSystems (GIS) and
Multi-TemporallinterferometricSynthetic AperturdRadar(MT-InSAR) data, andinally
predicting damage.

When fusing multiple datsourceshallenges exist in ensuring the data types are
compatible anédditive. To develop an information fusion framework and subsequent
modelseveral considerations were made fnasftume of data including granularity of
elements and the frequencysafimpling. If this model were used in a reale scenario
several efficieniescould be integrated to reduce computational overhead and training
time. This chapter outlines the process used to start from raw data selectiodeb
outputs the process to validate the predictions of the madel the information integrity
throughout the process.

The methodology chapter is organized chronologically outlining process from start to
finish with the methodology map Bection3.2, Data Source selection 8ection3.3,

Data Source Collection iBection3.4. Once the data is gathered the focus shifts to pre
processing SARSection3.5, GIS Section3.6, and model data fusion Bection3.7.
Finally, the chapter closes with model generaBeation3.8 machine learning

predictionSection3.9, comparisorSection3.10 and validatiorSection3.11
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3.2Methodology Map

Figure3.1 below is a higHevel overview of the process and includes a few of the
products and processes that are requiredrnieecbraw but well formatted data into
predications and eventually into a tool for emergency managers displayed on a damage
assessment dashboakbst of the dad processing was completed usingombination
of Python Jupyter notebookBython Software Foundation, 202Bnvironment for
Visualizing ImagegENVI) SARscapé.6.2 (L3Harris Geospatial, 2022bandArcGIS
3.0(ESRI, 2022)with specific libraies listed inAppendix B i Credit The SAR data was
processed by a variety tdchniquegslependentn the processing levahdrequired
product
3.3Data Sources

The data sources for the framework and model are split into two major categories,
SAR products, and GIS information. Both data sources need to share data types to be
correlated and used in a cooperative information fusion paradigm. The comtatypéela
between GIS and orthorectified SAR is geospatial information inclusive of latitude,
longitude, elevation, and time. All sources of data in this Praxis were retrieved from
various government sources from municipalities (Florence County and Charleston
County South Carolina) for parcel, building information, valuation data, United States
Geological Survey Water Data for the Nation, Federal Emergency Management
Administration (FEMA) for historic GIS damage assessments, and the European Space
Agency (ESA)n conjunction with the National Aeronautics and Space Administration

Distributed Active Archive Center (DAAC) for SAR data.
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Figure 3.1 Methodology Map

As each data source is informing a portionhaf model, each data source needed to be
validated and this was accomplished via using official public record or in the case of the
SAR imagery review image quality reports for the timespan in question.

This Praxis identifie?016 Hurricane Matthew, 20Hurricane Irmaand 20Y
Hurricane HarveyThese hireeHurricanesvere chosedue to the availability of data and
the diversity of areas that were impagctadd as a comparison to previously completed
models After Hurricane Matthew 2016, FEMPeported 4,21 (Figure3.2) GIS damage

assessments for South Carolina primarilfliorence County, SC.
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=
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Figure 3.2 FEMA GIS Hurricane Matthew Damage Assessments in South Carolina
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After 2017 Hurricane Irma, there we2d,682(Figure3.3) GIS damage asssments for

South Carolina primarily in Charleston County, SC.

Figure 3.3 FEMA GIS Hurricane Irma Damage Assessments in South Carolina

After 2017 Hurricane Harvey, there welrg?,753 (Figure3.4) GIS damage assessments

for Texasapproximately a thirdn Harris County TX.

Juarez
Louls

Plateau

Chihuahua

Figure 3.4 FEMA GIS Hurricane Harvey Damage Assessments ifiexas

Additional data sources includénited States Geogical Survey forcurrent andistoric
waterway depth measurememtforming water levels within the GIS portion of the
model The finalsource of GIS information iespectivestatesimunicipalitiesfor
transportation, boundary, parcel, andlding information.
3.4 Data Collection

Hurricane Matthew 2016 struck South CarolinaGmtober 8, 2016, a1 SAR
imagesrelated to this evemtingefrom January 12015, to October 312016,for building

time series
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Hurricane Irma 2017 strudRharlestonSouth Caroliné&septembef0-11, 2017 all
34 SAR imageselated to this evemaingefrom January 12016,to September 32017,
for building time eries

Hurricane Harvey 204struck Houston, Texasugust 2529, 2017, alRk1 SAR
imagesrelated to this evemingefrom January 8, 207, to September 05, 2017, for
building time series

3.4.1 SAR DataCollection

There are two types of SARoductsused to create the modeiterferometric
(imagery focused odisplayingphasechangé and groundangedeteced (imagery
focused on amplitudeYhe source of both types of data t#re same, the single look
complex(SLC) Level 1 product from ESA Copernicasnverting raw SAR information
into the first level prodct. The SAR products are retrieved from NASA ASF DAAG
the ASF Vertex Data Search, seerHigure3.5 - Figure3.8 (Copernicus Sentinel data
20152022, 2022)

The SLC is a product that includes sevéitat starting with the quality report,
annotating any irregularities within the image or the other supporting data. The next
portion are the measurement files, each SLC interferometric width SAR scene includes
six measurements, three in the verticalgrait/vertical receive (VV) and three in the
vertical transmit/horizontal receive (VH) polarizatioibe total SAR scene is
approximately 250km x 250km or 62,500 sq km (24,131 sq mi), allowing one image to

cover a majority of the square milage of Southaiaa (32,020 sq mi).
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Figure 3.5 NASA ASF DAAC Vertex Graphical Search ScreenshotfAlaska
Satellite Facility, n.d.)
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Figure 3.6 NASA ASF DAAC Vertex Search Filter Screenshot(Alaska Satellite
Facility, n.d.)
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Satellite Facility, n.d.)
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| 'Flgure 3.8 NASA ASF DAAC Vertex Download list and optionsScreenshot- o
(Alaska Satellite Facility, n.d.)

Once themagery is downloaded using the procesBigure3.5 - Figure3.8, SAR
preprocessingdginsdiscussed irBection3.5. On thelower left of Figure3.9 is an

example of a intensity image using complex information from the amplitude and phase
layersto produce an imadger a VH image.Each of these images abuilding block for

the INSAR time series, or the radiometrically terrain corrected (Rhages used for

water masking (flood detection) amdlidatingthe GIS inundation moddFkigure3.9 is
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part of the Charleston, SC (Hurricane Irma)-gigaster datasethis is the format of the

image directly after downloading it from the ASF or from ESA.

Figure 3.9 Unprocessed SLC VV and VHmages and preview of full SAR scene
(Copernicus Sentinel data 202622, 2022)

For the Florence, SC modilere are21 SLCs that are stacked to produce the
timeseries SAR imageand then used faroduce the PSAR pointsFor the
Charleston, SC modéhere are 3 SLCs that are stacked to produce the timeseries SAR
images and then used to produce thelRSAR pointsFor the HarrisTX model there
are21 SLCs that are stacked to producetihee seriesSAR, and then used to produce
the PSINSAR points.The number of SLCs reduces the inhesg@ckle(salt and pepper
look) in the imagerybutit does not improve spatiegsolution Smoothng the imagery
improveschange detection from mean values of a given pixel.

3.4.2 GIS Data Collection

Both GIS and SAR image share the Shuttle Radar Topography Mission (SRTM)

digital elevation model (DEM) version 3 retrieved fromitédd States Geological Survey

(USGS) ensuring thaboth models are using like elevation baselifigsire3.10. The
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SRTM L-Arc Second v3 DEM is provided in one degree latitude and longitude tiles. To

merge the mosaicddes ArcGIS PraFigure3.11) was usedo normalize the boundaries

between tiles seen Figure3.12 (ESRI, 2022) The STRM has a verticalccuracy of:16

meters with 90% confidence worldwi@ukul et al., 2017)

EarthExplorer

Search Criteria Additional Criteria Results

2. Select Your Data Set(s)

Check the boxes for the data set(s) you want to search. When
done selecting data set(s), click the Additional Criteria or Results
buttons below. Click the plus sign next to the category name to
show a list of data sets.
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Figure 3.10 Screenshot of USGS Earttexplorer (USGS, n.d.)

While maintaining the SRTM DEM for rapid assessment, repeatable framework, and

automationtypically emergency managers have access to higher accuracy DEMs within

the state. Foexamplethe State of South Carolina provides LIDAR DEM statewide

(South Carolina Department of Natural Resources, 2Q1sihg the higher fidelity DEM

is beneficialin improving the accuracy of thmeodel butrequires additional processing

for SAR imagery and GIS layers.

o Springs

M

Figure 3.11 ArcGIS Pro displaying mosaiced DEMtiles (ESRI, 2022)



Figure 3.12 ArcGIS Pro converted mosaiced DEM tiles to a single raste(ESRI,
2022)

Building and parcel data is based on current informatrahnothistoric tax assessor
information. Building footprints are genéed using LiDARor aerial photography and
are retrieved from FEM/StateGIS offices and ReGrid LLCSAR and GlSnodelsboth
share a commoBEM provided byUSGS Fusing GIS data is completedring the pre
processing stepédditional information included in the model is the use of the parcels
(e.g. residential, commercial, school, municipal, hospitals) in each of the counties, and
state infrastructure including railroads and roads. The purpose of this ancillary data gives
additional damage context to inform damage transportation paths and potential areas that
are available for shelter, though are not critical to structural damage assessment or model

generation this information is displayedrigure3.13.
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County Level Parcdhformation

Block Level with structure us@escriptioh

Structure LeveCombined Datasetith Fused PSnSAR Velocity
Figure 3.13 ArcGIS Screen Captures with increasing fidelity

3.4.3 Historic Damage AssessmeriData Collection
FEMAOGs BlSdamage assessmealdtabasén totalis comprised 0930839,
geospatial modeled or remotely sensed damage asses@rtavis, 2021a) Thevisual

assessments are conducted only using-gisasster imagery from a nadir direction
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(therefore not including building side views), and flooding is modeled wpth grids
basedat the peak flood cresta.potential Imitation of thevisual inspectia is due to
images collectedutsidepeak flood conditions, storm surge conditicesd therefore in
many cases focus on wind damage and not flood damage as the flood waters have
subsidedThe damage assessments are categorized as Affected, Minor, Megooyed
Unknown, and Na@lamagea | i gned with the Feder al Emergenc
guidancean thePreliminary Damage Assessment GuaahelDamage Assessment
Operations ManualFEMA, 2016, 2021b)Only asubset of the FEMA dataill be used
coincident with thehreedisasters Hurricane Matthew Florence County, SC 2016
Hurricane IrmaCharleston County, S@017 Hurricane Harvey Harris County, TX 201
(Table3.1).

Table 3.1 Breakdown of FEMA Historic Damage Assessment Dataset

Damage Total Hurricane Hurricane Irma Hurricane
Level Instances Matthew Charleston Harvey
Florence County County Harris County

Destroyed 44,251 345 37 4,111
Major 72,487 567 1,344 5,854
Minor 227,927 831 2,223 19,882
Affected 478,337 578 12,292 38,956
No Damage 107,809 0 0 0
Unknown 28 0 0 0

3.5SAR Data Preprocessing

Most ofthe Praxismodel developmemas dedicated to Data ppeocessing,
specifically SAR preprocessingThe challenges working with SAR data are numerous,
the scale of the data, the complex nature of the vadmesinfamiliar phenomenology
name a fewHowever, there argeveral benefits availabl@th SAR, includingthe ability

to use polarization information to determine watersks, and calculate deformation.
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Figure3.14is anexample of avorkflow in ESA Setinel Application Platform (SNAP)

to create an interferografrom two SLCsS(ESA, 2022)

TOPSAR- Splll Back-Geocoding H Interferogram

TOPSAR-Deburst

5| Interferogram(2) HTopsnR-nebumuz:

ack- Geo:odlngt!j

TOPSAR-Merge

Back-Geocoding(3) H Interferogram(3) H TOPSAR.Deburst(3)

TOPSAR-Split(6)

Figure 3.14 ESA SNAP graph builder, interferogram workflow

The workflow diagramed alve issimplified in comparison to the workflow of SLC
stacked images arslibsequent products. It does offestraightforward wago explain
the major components thate present in more complex workflows.
3.5.1 SAR Model Generation Process

First, reading théile then applying the orbit file, the orbit fildelivers vital
information for image formation and geolocation including the ephemeris (orbital
information) of the space vehicle, and current state obbi¢ at the time of the
collection Next step isplitting the file into the thresubswatls, coregistering each
burstpair tothe pairedSLC, use the SRTM 1 second DEMremove the Earth phase

from the result
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Figure 3.15 UnprocessedSLC from Charleston, SC dataseshowingblack lines
betweenscanning swathes

Oncethe Earihs t o pisrgmoaeddomparing the phase for each pixel starts,
creating the interferogram. Once the interferogcaoulationcompletesach swatis
merged(black lines seenn Figure3.15) to generate a single imadeollowed by writing

the image file.
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Figure 3.16 ESA SNAP Sentinell Ground Detected Range Processing Chain

Pre-processing allowmultiple independent collections beanalyzed without
concerns of senseariance(Sentinell has two vehicles A/B) or sengoerformance
varation. To mitigate this/ariation calibrationis used to reduce the variation and enable
consistent analysis. The calibration includes three procemdiesnetric calibration,
geographic terrain correction, aRaéngeDopplerterrain correctionDemonstrating
visually is the best way to describe what this mégitgire3.16) in terms of changes to
the imagery

Once the SAR images atdibrated co-registrationof the images within fractiaof
apixel is requiredo perform interferometrythough the same fidelity is not required for
amplitude change detectiohhesame processan be usetb create the slices of the
stack Thestack ofcoregistered is aligned to a specified referestame (image), then all
secondary images are aligned to plénts. The ceregistration processorksby aligning
the image&nownfirst by measuring offsets betweta points(prominentimage
features)with amplitude crossorrelation fitting a polynomial to the tie patches and
resampling the secondary image to the referehitere are several methoofs
performingthe coregistrationput the methodology describedssandard practiceni

literature and industry.

Figure 3.17 ASF DAAC processed interferograms of the South Carolina Shore
showing phase changes over one month and one year
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The final portions of prgrocessing are develogirthe inteferogram and geocoding
the final imageFor disaster assessmeiifferential measurements are needed from the
reference image to tteecondary scene as showrigure3.17 to understand thehange.

In each of the target aretigere are both urban and rural areas within a single scene. As
one of thadesired outcomesf the Praxis is to reduce the time for emayemanagers
anddamage assessors to categosizecturaldamagethe model needs to be able to
handle both areas. With interferometry dengelpulated areas permanent scatters)

are best to measure chanlgss densely populated areas are bettezdtit use

distributed scatter®S). Determining theohasedifferencebetween the reference and
secondary images a function ofthe topography and the change over time. Once the
topography is known (supplied via DEM) then thpography can be subtractesbulting

in the phase difference (known as a wrapped interferogram). The wrapped interferogram
is fiwrappe® becausghase is repeatetb remove theepeated phase value and translate
it to aslantrange distangehe altitude of the satelliie used taremove theambiguity
andcreate discrete distances in the slamge Ferretti et al(2007, p. A18-19) describe
satellitebased SAR interferometry vieigure3.18 andEquation3.1 quantifies

interferometric phase variation.

Figure 3.18 Geometric Parameters of asatellite interferometric SAR system
adaptedfrom (Ferrettiet al., 2007, p. AL8-19)
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Equation3.1 is the interferometric phase variation contributed fromaltitude
difference slant range displacememindthe radiation incidence angl€he perpendicular
baselinds calculated from theatellite obital ephemerisandthe radaitarget distances
theslant range to the&arget from the satellitd&Kknowing the phase variation is additive is
critical to understanding that removalaiher phases such aarth and atmospherics is
required thisremoval iscompleted automatically during processing.

Equation 3.1 Interferogram phase variation

3% «—— ——

Where

_ isthe wavéength(meters)

0 isthe perpendiculdoaseline (meters)

g is altitude distance (meters),

Ris Radartargetdistance (meters),

sis the slant range displaceménieters)

and] is the radiation incidence andi@adians)
Thelast steps typically to smooth the imad®y using speckle reduction filtering, this
step is not being used as it reduces spadsilution anadeduces the ability to
differentiate between structures in many cases.

The mechanics to complete thieps abovasea SAR processing tafchain During
this Praxis,several processg toolsweretestedfor ease of workflow integration and
capability toproduce the products necessarptad the modelAfter some

experimentation ENVI SARscapealytics Toolbox5.6.2 was selected as the processing
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chain for thePraxis due to ease of workflow integration, industry standard, easily scaled,
andprocess modelig (L3Harris Geospatial, 2022b, 2022a)
3.5.2 PSInSAR Model Generation Mechanics

Three ENVI SARscap@nalytics Toolbox basednodels were created, the first to
create the P1SAR, the second to refine the output, and the third to complete all other
SAR processing (flood mapping, displacemend change detectiorfachregionalset
of PSINSAR points completedrocessingn approximately 1hourscharacterized
acrosdour sets run duringhodel generatiophase Stepby-step work processes are
documentedn Appendix D1 Work Processes

Each PSINSAR processing cell was divided irfitieen sq km(or smaller)portions
due to restrictions of the SARscape Analytics Toollbdarence County, South Carolina
is 2080sq km(atleast139divisiong, Charleston County, South Caroliisa3,517 sq km
(at least 235 divisionsHarris County, TXis 4,605sq km (at leasB07 divisions)only a
portion of each county were processeNVI SARscapeaequiresAOls be providedy
shapefileg.shp)or other GlSfiletypesto describe the ACr processing. To generate
the shapefilsusing AcGIS Prg anew layer was created withrectanglecoveringthe
target county, dividetiorizontally, then verticallyinto ~14.5 sgkm boxes The 14.5 sq
km boxdid not suffer from the same issues as an ditan sq km boxdue to
coordinateprojectionvariancesOnce the rectangie divided, the FEMA historic
damage assessment laygeturned on (but could be anyher aea of interest), and the
subsections are selected

Each~15 sq kmPSInSAR processedatchrequired 2630 minutedo proces$rom

raw image to P3nSAR shapefileequired While this processing time gependent on
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patch size andontent theprocessing was consistembhen run througthe model shown
in Figure3.19. Refinementsvhich adjust coherence threshold to increase/ decrease
number ofPS pointscomplete in six minuteger patchAs seen irFigure3.19 themodel
for producing each section of M$SAR is Imple,there ardghreeinputsthat are
modifiedevery time the model is ryiSLC list, AOIshapefile output folde). Each
functional block has several ingutiewed inAppendix DT Work Processed he blue
blocks(1,3)are input variables, the orange 4@ is an iterator, the yellow block4-6)
are functionsThe righthalf of the image represents thesplay when the model is
running, yellow meaning there are active processes, green to denqiete processes,

the progrespop-up was cropped farlarity.

> - o 2o > 6
-ISI‘_‘»’" o o = o is
ot | o > >
o= "% i i
. »
o=
Cravensn_fos 5
- »
o=
e
3 >
&i=

Figure 3.19 PSINnSAR generation modelin edit mode

Several inputs are standardized for every processing session due to the concentrated
nature of the processing, aoonsistent use of the same sensor (Sertipefhe DEM

was set once for the processing, ddput cartographic system was settaversal
Transverse Mercat@glJTM) North Zone 1#ith theWorld Geodetic SysteffWGS)

1984 ellipsoidal projectigrand the grid size was set to 15 m. The rest of the settings

were left as default.
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Further processing completed with the persistent scatter point after the initial
round. This processing is known as refinements, using the intermediate data produced in
creation on the PS point, we can alter the constraints used to select the points.
Specifically, in the ase of the Praxis additional coherence levels were chosen to increase
the numbenpf points available, and to trend the number of points generated.

3.5.3 Other SAR Product Generation Mechanics

Additional SAR products were generated for this Praxis, the maisathbeing the
Flood Mapping product used to validate the GIS flood model. The three products
produced in this workflow are: Flood mapping, change detection, and displacement
mapping. Each works on a comparative basis comparing one imageaveptebadae
mean (multiple images) to determine change. Flood mapping uses the change in
reflectivity, the change detection uses change in coherence, and the displacement is an
unwrapped interferogramnce all products were complete, all SAR based products were
imported into ArcGIS Pro for incorporation into the respective dataSttghy-step
work processes adocumented iMppendix DT Work Processes
3.6 GIS Data Pre-processing

Geographic Information Systems (GIS) dattycally well formatted and is in a
format that is easily ingestible by GIS software platfor8esveral data sourceseused
in this PraxisAll data sourcegse a common DENSRTM 1-Arc-Secondv3) and
coordinateeferencesystem YWorld GeodeticSystem1984), though need to beanslated

for various processes
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3.6.1 GIS Model Generation Process

There are mantypes of dataised in ArcGIS, they atabular,raster, and vector. The
tabular data represents point valueENIA historic damage assessmests,icture data,
and depth gauge datdaster data represents thmagelayers(SAR imagesflood
predictions). The third being vector datactor datas comprised ofines and polygns
that are used to represent boundafieads waterways building footprintsparcel
boundaries)Information manipulated based gaospatial relationshipsr unique
identifiers. In the case of merging parcel boundaries with structur@séngection of the
structure with parcel area allowed for a spatial join, the two attribute tables are joined due
to sharedinique identifiersas depicted ifrigure3.20. Complde table schemas are

availablein Appendix Ci Schemas / Data Dictionaries

parcels_table join_table buildings_table
ogc_fid (pkey) id (pkey) fid (pkey)
wkb_geometry (_uuid ed_str_uuid

Il_uuid ed_str_uuid ed_bld_uuid

geoid ed_bld_uuid ed_geoid
sourceagent geoid ed_lat
parcelnumb ed_lon

ed_bldg_footprint_sqft
ed_source
ed_source_date
wkb_geometry

usecode
usedesc
zoning

Figure 3.20 Parcel to Building database join

To generate tables that are concentrafétietarget area, boundaries were
needed to segment the correct data from the various data sdimeenunty boundaries
were used to limit features that extended outside the county such as water and the DEM.
The benefit of this is reducing the storageesf the data and reducing the computing
resources required to handle regional or national size datABd&ature sets and raster
datawereorganized by AOIn individual foldersto ensure ease of handling the data, and

latercombined by countgeodaabases fodissemination.
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3.6.2 GIS Model GenerationMechanics

Severalgeneral processof data manipulation including merging datasetgorting
data into ArcGIS Pro, organizing the datare used to compile the entire dataset into a
developing the models listed in this section. Each ofitleeArcGIS models areailored
to generating or manipulating data requiredffsing a variety of datasets into a single
record by structurel'he data includes parcel, tax assessofinS&R outputs, flood
inundation deptland parcel coverag€EMA historical informationand nearest water
feature distancé he dataset includesformationneeded by emergency managers once
thedisaster is struck and the damage is categorized, including ownefr singpstructure
or current vacancyonce the dataset is generated,ttahine learningnodel
preprocessing reducéslds of the datdor model trainingThe five ArcGIS Model
Builder models used to generaitied export the fused dataseid process are in
Appendix DT Work Processes
3.7 Data and Sensoinformation Fusion

Data and Sensor information fusion are driven by the spatial relationships within the
datasets. Aligning theoordinate reference systems (WGS84) angkptimgonto
separate feature layers allows for sorting and stacking of data as welkasth&onof
mathematical and statistiogperations. All data fusion in this model idlaborative,
therefoe missing data will only be adddbm various sourcesice beingoverwritten or
removed.This is necessary becaubereis datathat is repeatedor example
condaniniums with multiple units, the structure includes hundregsodelsand all

have the same latitude and longitude
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Sensors are fused two ways Water depth gages are used to drive the flood depth
layer in the GIS model, theensors and model are validated with RTC SAR imagery
using the Jaccard index (loU) to measuresih@larity of the two data sets. SAR sensor
data products are fused in the tiseriesbetween Sentinel A and SentinellB.
3.8 Model Generation

The model is composed of three primary components that create a damage prediction,
the GIS model, the SAR modelnd the fused modelsualized inFigure3.21. The need
for three components is due to the FEMA ruleset defining damage assessment,
particularly the two primary categes of flood and nofflood damag€FEMA, 2021b)
Flood damage is measured from the ground, based on inundation depth at the structure.
Non-flood damage is derived from displacement/deformation of structural components.
The GIS model is floofbcused, incorporating terrain, water depth, and inundation
coverage of a parcel to determine the damage classification. While the SAR model is
monitoring the change of persistent scattering from structures to measure image
coherence, and change in elewatidisplacement. Both GIS and SAR base models

provide the predicted category to the combined model.

Model Training
Tuning / Testing

Model Training
Tuning ! Testing

(54

ASF DAAC
Cloud
_~

Figure 3.21 General Model Flow
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3.8.1 SAR/ Remote Sensing Damage Assessment Critical Success Factors

Based onhe literature review frorsection2.3, the following are critical factors in

classifying damage using remote sensing and SARd#gtiated inTable3.2.

Table 3.2 SAR/ Remote Sensingpamage Assessment Critical Success Factors

Critical Success FactorDescription
Age of imagery collection postdisaster

Double-bounce scatter is indicative of
vertical structures

Coherent phase data for INSAR

Use of Vertical transmission Vertical
receive (VV) polarization for buildings

Horizontal transmission Horizontal receive
(HH) for bridges, crosspolarization for
surface roughness either (VH or HV).
Produce a baseline using timseries data

Augment SAR data with pre/post multr
spectral data (electreoptical) if available
Use INSAR interferograms for determining
elevation changes, water depth, ground
motion, and other measurement

To properly fuse data, all imagery needs
geolocation of data using the same datum

Higher sensor resolution is better for
detailed analysis though there are
techniques to improve resolution using
generative adversarial networks, or multt
resolution convolution networks

Evaluation

Imagery was collected on 4y revisit
independent of the damage date, the first
imageafter the disaster date was used for 1
post this revisit is inherited by the model
Coherence threshold8.65/0.75/0.85are
used todetermine structures, and only the
vertical phases were evaluated, further det
in Appendix D

Tested indepthwith fields listed inTable3.3

Based on structural reporting all INSAR
processing used the VV phase grihherent
to the model

Evaluating infrastructure damage puially
an area for future research

All PS-InSAR models used a minimum of 1
pre-event images to produce the baseline
Potentialareafor futureresearch

Interferograms were an intermediate step i
producing the PASAR points that have
greater fidelity at the mictural level

All data used th&Vorld Geodetic System
(WGS) 1984 datum to maintain geolocatiol
accuracy and continuity

Sentinell data used fahis Praxis has fixed
resolution andnterferometric SARproduct
format, potentialy anarea for future researc

Many of the factors listed are inherent to the model generation and will not be

independently testedlue to the sources of dathe outputs of the dataset generation are

testedand listed below iMable3.3.
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Table 3.3 Evaluated PSInSAR Critical Success Factors

PS_InSAR dataset field Description of field Critical Success Fctor
PS 85 velocity Persistent scatter point coherence
>85% (PS_85) velocity
PS 85 coherence PS 85 coherence
PS 85 MuSigma PS 85 mean / standard deviation re
PS_85 Hprecision PS_85 horizontal precision
PS 85 D date before PS_85 deformation prevent
PS 85 D date after PS_85 deformation poestvent
PS 85 Difference PS 85 deformation difference
PS 75 velocity Persistent scatter point coherence
>75% (PS_75) velocity
PS 75 coherence PS 75coherence Coherent phase data fc
PS_75_ MuSigma PS_75 mean / standard deviation re INSAR
PS 75 D date before PS_75 deformation prevent
PS 75 D _date after PS 75 deformation pestvent
PS 75 Difference PS 75 deformation difference
PS_65_velocity Persistent scattgroint coherence
>65% (PS_65) velocity
PS 65 coherence PS 65 coherence

PS_65_ MuSigma PS 65 mean / standard deviation re
PS 65 D _date before PS 65 deformation prevent
PS 65 D date after PS_65 deformation poestvent

PS 65 Difference PS 65 deformation difference

3.8.2 GIS Damage Assessment Critical Success Factors
Based on the literature review frdBection2.3, Table3.4 arethecritical factors in

classifying damage using GIS data; however, it is disasteifispec
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Disaster

Flooding

Hurricane

Earthquake

Fires
Tsunami

General

Damage Assessment Critical Success

Factor Description
Proximity to flood source (river, lake,
stream)

Inundation Depth

Types and frequency of flooding in the

affected area

Elevation and gradient of the land
Proximity to coast (storm surge)
Elevation and gradient of the land

Proximity to fault
Frequency of earthquakes

Proximity to active landslide areas
Soil Moisture

Proximity to coast (storm surge/ tidal
wave)

Elevation and gradient of the land
Propertycharacteristics (building
materials, foundation, elevation)

Proximity to water (coastal storm,
flooding, storm surge)

Table 3.4 GIS Damage Assessment Critical Success Factors

Evaluation

Elevation, inundation depth, and
water proximity are tested in this

modelseen inTable 3.5

Other criteria are areas for future
research

Elevationand proximity to water
source ardgested in this model seen i

Table 3.5
Potential area foiutureresearch

Potential area folutureresearch
Potential area folutureresearch

Elevation andvaterproximity are
tested in this model seenTiable

3.5

Other criteria are areas for future
research

Based on the three datasets evaluated in this Praxis, the following vanabddde 3.5

will be independetly tested taevaluate the flooding and general categories.

GIS dataset fields

Table 3.5 TestedGIS Critical Success Factors

Description of field

NEAR_DIST
DEM_ELEVATION
IN_DEPTH
F_XX_Area
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DEM elevation
Inundation Depth (ft)
Coverage area at ## depth based on depth g



3.8.3 Evaluating Critical Success Factors

To determine theritical success factors threechniques are used, recursive feature
elimination(RFE), meandecrease impuritfMDI), andpermutation importancall
three techniqueare implemented in the Praxis using the using Python de#in
(sklearn) librariegPedregosa et al., 201The combinations of these three techniques
were usedlue to the various classification techniques uatle 3.6 arethetechniques
that used on eadassification techniqu@.he Hurricane Matthew dataset was used
test feature selection and model performan@aah of the PMSAR coherence levels
(0.65, 0.75, and 0.85ritical Success Factors were determined using filtered training
sets prior to training with the full dataskte to computational expense.

Table 3.6 Critical Success Factor tests by classifier

Machine Learning Recursive Feature = Mean Decrease Permutation

Technique Elimination Impurity Importance
MUItIan);néP:slsl}c?gIStlc Yes No Vs
K-Neaest Neighbors No No Yes
AdaBoost Yes Yes Yes
Support Vector Machines No No Yes
Decision Trees Yes Yes Yes
Random Forest Yes Yes Yes
Multilayer Perceptron No No Yes
Stacking Ensemble No No Yes

3.9Machine Learning Prediction Models

To solve the damage assessmmatlictionproblem, this Praxis combiaévo
models, the GIS modahndthe SAR modelThe GIS model uses tipercentage gbarcel
area coverewith theparcel inundatiottevelsto definestructural floodprobability. The
modeluses a multiomiallogistic regression tpredict floodng classificationno

damageaffected, minor, major, destroyedhe GIS model for flooding isorrelated
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with RTC SAR imagery to ensure the modeled outflodd coverage arg@as consistent
with obseredflooding at time of image collection

To generate the GIS model for flood classification the modeled flood waters
ArcGIS was used to create a rough hydrological network from the common DEM shared
between the GIS and the BAprocessing chains. Assuming water is naturally leveling,
and flows to the lowest elevation possible, the model fills the DEM accounting gaps in
the DEM due to surface changes, slopes, and the DEM creation process. Once the fill is
created then use theeam gage height information retrieved from USGS, to model water
elevation. The value is set to the peak stream gage height observed. To determine flood
extent, a raster layer is created by selecting all elevations below the water level. At the
highest wadr level observed, an intersection between the water layer and parcel layer is
taken to measure the total area impacting the parcel and calculate the depth of water. The
intersection is recorded in the parcel layer as percentage of coverage and depth. The
parcel layer is spatially joined to the structure layer. Once the join is complete and the
attribute table is cleaned, the structure attribute table is exported into geoJSON to be
imported byPython notebook where the multinomial logistic regressionnsand a
damage category is assignddhe inputs for the GIS model disted inTable3.7.

Table 3.7 GIS Model Inputs

Name Description

Independent Variables
Depth Inundation Depth at modeled at peak stream gage heigtjt (fee
Distarce to nearest = Distance at closest point of the parcel to the nearest NHD water
water feature feature(miles)
Parcel Flooding Portion oftotal parcel inundated by wat-1)
Percentage
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The SAR modetategorizepersistent scatters based on tleeinerencetranslation in
the slant rangeandvelocity. Once thepersistent scatter layer aligned with the GIS
layer,using a spatial joithe structural dats fusedwith the SAR returndf the
difference in phase for a given structure is significéhen thd®S pointwill display a
magnitude of change and add that data to the staletiiributes. Asdiscussedn
Section3.5.], the differere in phase is then translated into a difference in slant range,
the projected int¢ateral and vertical deformatioREMA defines nofflood structural
damagemore generally with qualitative damage indications including cometic damage at
affected(FEMA, 2021b, pp. H1H4).

Due to the novel nature pbstevent disaster modeling wiliSInSAR, the modelis
trainedand characterizeutitially for binary classification (damage, no damadlegn
proceedto the farr levels of damageélhere aresix machine learningnodelscompared
for useas theSAR modelRandom Forest, Decision TreapportVector Machine
Adaptive BoostingAdaboost) Multi-layer perceptrorandK-Nearest NeighboEach
chosen due to the myite classification ability, speed to train, and #oeuracy when
working with remote sensing datasdihe SAR modelinputsare listed inTable3.8.

Table 3.8 PSInSAR Model Inputs

Name Description

PSVelocity Velocity of motion mm/year

PSCoherence Signal strength between collections

PSMusSigma Mean /Standard deviation ratio for tlterferogram at the
PSINSAR point

DisplacemenPreevent Measure of tsplacenent from reference frame (mm)

DisplacemenPostevent Measure of displacement from reference frame (mm)
DisplacemenbDifference The difference between Peaind Pre event displacements
*This set is repeated at 65, 75, 85% minimum coherence
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3.9.1 Multinomial Logistic Regression

The multinomial logistic regression (MLR) is a generalized version of the binary
logistic regression classification machine learning madaligussed irSection2.6.5
The model is used to predict the probabilities of given classification given a set of
independent variables. An assumptisthe MLR independent variables are case
specific, and each represent a single value for each case, in the case of the GIS mode
inundation depth iselatedto damage levelndependent variables are not required to be
statistically independent, but caléarity is assumed to be low. The Praxis uses MLR due
to the naturally unbalanced dataset of damaged structures to undamaged structures, even
within the damaged structures the classes are skewed to lesser severity of Glamage
equation for MLR is listedh Equation3.2 (Alpaydin, 2014, p. 254}his Praxis used the
Python scikitlearn (sklearn) libraries to during each uséi@edregosa et al., 2011)

Equation 3.2 Multinomial Logistic Regression

"Ho t: %lo

a<
¢
F

where:
« is the classification
0 & S is probability of the classification given the inpgctorx,
0 s the transpose of tlveeighting vector
x is thegiven sample,
Qs the reference classificatipn
i is thenumerator of the linearassification

K iterates for eacHistinct linear functions
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To tune the MLR there are several hyperparameters that are available to adjust to
improve model accuracy. According to the Selkarn user guide there are dozens of
hyperparameters tonewith MLR, but the three key are the solver, penalty, and
regularization strengthut typically the baseline model performs weith unbalanced
classeseen inTable3.9. To avoid overfitting andvalidate the prediction performance of
the model 1€fold crossvalidation is used.

Table 3.9 Multinomial Logistic Regression Hyperparameters

Hyperparametarfor LogisticRegression Values

Maximum iterationgmax_iter) 300

Tolerance for stopping criter{#ol) le4

Inverse regularization strength (C) 1

Penalty(penalty) [2 (penalty equal tthe square of the magnitude of
coefficients)

Solver(solver) Limited memoryBroydenFletcherShanno algorithm
(Ibfgs)

Cross validation (cross_val_score) 10-Fold Cross validation (cv=10)

3.9.2 K-Nearest Neighbors
K-Nearest Neighbor@K-NN) is a supervised learning classification maasgs the
nearesK data points to classify the sample discussed i8ection2.6.6. The
hyperparameters used to tuReNN arenumber ofneighboraused for classification,
weights by distance or uniforrmetric of distance calculatioand algorithimtypeseen in
Table3.10. This Praxis used the Python scilearn (sklearn) libraries to implement this
model(Pedregosa et al., 201Bdditionally, to avoid overfitting and validate the

prediction performance of the model useddld crossvalidation.
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Table 3.10K-NN Hyperparameters

Hyperparametarfor KNeighborsClassifier Values

Number of neighborén_neighbors) 3

Weightsused for predictions (weights) Distance

Algorithm used to compute (algorithm) Auto

Leaf size (leaf_size) 30

Power parameter (p) 2 (Euclidean distance)

Metric used for distanceomputation (metric) Minkowski

Number ofparallel jobs (Fjobs) -1 (all cpus)

Cross validation (cross_val_score) 10-Fold Cross validation (cv=10)

3.9.3 Adaptive Boosting (Adaboost)

Adaptive Boostings a supervised learning classification maueltiple weak
learnerdo separate the classes as discuss&kation2.6.7. The hyperparameters used
to tuneAdaboostareestimator type, number of estimators, learning iate, base
algorithmseen inTable 3.11This Praxis used the Python sciléarn (sklearn) libraries
to implement this mod€Pedregosa et al., 201 Bdditionally, to avoid overfitting and
validate tke prediction performance of the model usegdl@ crossvalidation.

Table 3.11 AdaBoost Hyperparameters

Hyperparameterfor AdaBoostClassifier Values

Base estimator (estimator) DecisionTreeClassifie
DecisonTreeClassifier(max depth) 2

Number of estimators( estimators 500

Weight of each classifier aiach iterationléarning_ratg 2

Algorithm used for boostin¢algorithm) SAMME.R

Cross validatior{cross_val_score) 10-Fold Cross validation (cv=10)

3.9.4 Support Vector Machine
Support Vector Machine is a supervised learning classification model using kernel
functions to separate the classes as discussgection2.6.8 The hyperparamets used
to tune SVM are extensive, kernel (linear, sigmoid, RBF, polynomial), the regularization
parameter, kernel coefficient, class weights, number of features, and others to improve
model performance and avoid overfittisgen inTable3.12. This Praxis used the Python

scikit-learn (sklearn) libraries to implement this mo@f&tdregosa et al., 2011)
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Additionally, to avoid overfitting and validate the prediction performance of the model
uses 1€fold crossvalidation.

Table 3.12 Support Vector Machine Model Hyperparameters

Hyperparametarfor SVC Values
Regularizatiorparamete(C) 10

Degree of polynomial (degree) 3

Type of kernel used in algorithmékne) Radial basis functiofrbf)

Kernel coefficient (Gamma) 1

Tolerance for stopping criteria (tol) le3

Max iterations -1 (no limit)

Decision Function Shapg@ecision_function_shape) OneoverRest (ovr)

Cross validation (cross_val_score) 10-Fold Cross validation (cv=10)

3.9.5 Decision Tree
Decision tree is a supervised learning algorithm used for classification and regression
as discussed iection2.6.9 this Praxis will use the daification case of the
multivariate decision tree. The decision trees are implemented in the Praxis using the
using Python scikitearn (sklearn) librariePedregosa et al., 201The
hyperparameters that tune the decision tree are maximum deptmumirsamples split
to improve performance without overfitting the modeén inTable3.13. To avoid

overfitting and validate the prediction performance ofrttoelel 10fold crossvalidation

was applied.
Table 3.13 Decision TreeModel Hyperparameters
Hyperparameterfor DecisionTreeClassifier Values
Criteria to measure quality of split (criterion) Gini impurity (gini)
Strategy to split each node (splitter) Best
Maximum depth of decision treenéix_depth 26
Minimum number of samples required to spfitif_samples_spl)it 4
Minimum number of samples required to be a leaf (min_samples_leaf) 1
Maximum number of featurder each split (max_features) None
Cross validation (cross_val_score) 10-Fold (cv=10)

3.9.6 Random Forest
Random foreisis a supervised ensemble machine learning algorithm used for

classification and regressi@s discussed iSection2.6.9 This Praxis will use the
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classification case of the Random Forest enseribkerandom forest ensemble model is
implemented in the Praxis using the using Python slgkitn (sklearn) libraries
(Pedregosa et al., 201TuningRandom Foregtyperparameters are similardecision
trees(maximum depth, minimum sample split), and aak featuresand number of
estimators to improve performance anshimize overfitseen inTable3.14.

Additionally, to avoid overfitting and validate the prediction performance of the model
useslO-fold crossvalidation.

Table 3.14 Random ForestModel Hyperparameters

Hyperparametearfor RandomForestClassifier Values

Number of trees (nestimatory 70

Criteria to measure quality of split (criterion) Gini impurity (gini)
Maximum depth of a decision treméx_depth 24

Minimum samples required to split a nodeirf _samples_split 3

Minimum sampleger split (min_samples_split) 2

Minimum samples per leaf (min_samples_leaf) 1

Maximum leaf nodes (max_leaf_nodes) None

Cross validation (cross_val_score) 10-Fold (cv=10)

3.9.7 Artificial Neural Network ( Multi layer perceptron)

The atificial neural networ ANN) is a supervised learning classification model
usingstochastic gradient descdatseparate the classes as discuss&adtion2.6.10
The ANN has the highest number of hyperparameters @vhleated models. The
hyperparameters include hidden layer number, activation function type, sqeer
alpha, learning rate, antkrations with a dozen morseen inTable3.15. This Praxis
used the Python scikiearn (sklearn) libraries to implement this mo@dregosa et al.,
2011) To avoid overfitting and validate the prediction performance of the model uses 10

fold crossvalidation.
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Table 3.15 Multi -L ayer Perceptron Model Hyperparameters

Hyperparametarfor MLPClassifier Values

Hidden layer sizes (hidden_layer_sizes) [100,]

Activation Function (activation) Rectified Linear Unit (relu)

Weight optimization solvefsolver) Stochastic gradieriiased optimizer (adam)
Strength of regularization termalphg 0.00003

Maximumiterations (nax_itej 1000

Tolerance for optimization (tol) le4

Cross validation (cross_val_score) 10-Fold Cross validation (cv=10)

3.9.8 EnsembleMachine Learning
Multiple models are employed poedict damage categories pdgtaster. T@wombine
the modelstacking isused from thestimatorsifiodeld above and using MLR to make
the final prediction of damage classificati@ach of the model methods descriliethis
section are individually tuned to improve performaand avoid overfitting. Stacking
useshe strength omultiple models tamprove peformance of the combined modAll
modelswere generated usirtge Python librargklearn to easily stack the modaking
sklearn(Pedregosa et al., 201The hyperparaeters used are stack method, cross
validation, and the list aéstimatorseen inTable 3.16 Additionally, to avoid overfitting
and validate the prediction performance of the model bi$elsl crossvalidation and
uses a separate set of data to train the stack.

Table 3.16 Ensemble Model H/perparameters

Hyperparameterfor StackingClassifier Values

List of estimatorsgstimatos) ('GIS_MLR'GIS_MLR), (‘'svm_rbf,svm_rbj),
('knn'knn), (‘adajadg, (‘dt\dt), ('rf',rf), (mlp'mip)

Final estimatorfinal_estimatoy LogisticRegression()

Crossvalidation splitting strategycy) 5-fold cross validation (none)

3.10 Model Comparisonand Evaluation
There are two types of misclassification errors Tygalsépositives)and Type 2
(false negatives)n the case of rapid dag@ assessmeififype Il errorsare more costly

than Type | errorsThe corollary beingmergency response resources are limited and

66



should be prioritized to those in theost needT o evaluate the performance of each of
the modelghe followingmetrics were compam@nfusionmatrices F1, accuracy, and
Phi coefficiens.
3.10.1 Confusion Matrix

The confusion matrix ia graphical representationtbie true label versus the
predicted label and how a model perfonwith misclassification. Theinary casef the
confusion matrix is 2x2 and seenHigure3.22 and a multicase inFigure3.23. The
confusion matrix is comprised génerically four outcomesue positive, true negative,
false positive, and false negatifApaydin, 2014) This Praxis usethe Pythorsklearn
library to calculate and display the confusion matfedregosa et al., 2011f)is used to

calculatethe F1, accuracyhbookmaker inbrmednessand Phi coefficients.

Predicted
Positive | Negative
Positive True False
= (P) Positive | Negative
2
3]
< Negative| False True
(N) Positive | Negative
Figure 3.22 Confusion Matrix S
Figure 3.23 Sample Multi-case
Confusion Matrix
Where:

True positive TP): The output correctlyndicatesthe positive case

True negativeN): The output correctly indicates the negative case

False positiveKP): The output incorrectly indicates the positive case
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Fdse negativeRN): The output incorrectly indicates the neéga case
3.10.2 Phi Coefficient (Matthews correlation coefficient)

The Phi Coefficient is also knavas the Matthew correlation coefficientMCC)
measures thguality of classifier performancéCC is known as a more robust indicator
in most caseexceptotablywhen comparinglassifiers on differendataset¢Chicco et
al., 2021) A score of +1 indicates a perfect predictdrjndicates a perfect disagreement
and 0 is random guesEo calculateMCC, this Praxis uses the Python sklelionary, the
equation for thdinary-case classifier is listed lBquation3.3 (Pedregosa et al., 2011)

Equation 3.3 MCC Equation

i, I g9 5 s
TF-FIF <297 1792 72

3.10.3 F1, Accuracy, and Bookmaker I nformednessMetrics

Accuracy, F1, and Bookmaker Informedness metrics are additional metrics for
indicaing the quality of a classification modstaled from 0 to.1JAccuracy ishow close
the prediction is to the truth. Flasother measure of the accuracy of a classification
model, and thénformedness is thprobability of making an informed decision. Allese
metrics are calculated in this Praxis using the Python sklearn lilecargtionsarelisted
Equation 3.4, Equation 3.5, andEquation 3.6 (Alpaydin, 2014; Pedregosa et al., 2Q11)

Equation 3.4 Accuracy Equation

W TR oy e %, "YG YO
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Equation 3.5 F1 Score Equation
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Equation 3.6 Informedness Equation
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3.11 Validation of Machine Learning Models

Validation of machine learning models is critical for supervised and-separvised
learning the validation and test sets are essential for testing the validity of the model
(Alpaydin, 2014) The validation set is labeled data tlsateamoved from the training data
prior to training the network, to tune the network and ensure the network is not overfit to
the training data. There is a third type of data removed from the labeled dataset, the test
set, separate from training and validatused to test the tuned mog@&lpaydin, 2014)
K-cross validation also is possible using the entire dataset to train and validate the model
by holding out a portion of the data during the training process and testing, then repeating
the process K tims such that the entire data set is validated against the model. In the case
of supervised learning4€ross validation improves performance with a limited labeled
datase{Alpaydin, 2014) Receiver Operating Characterist{€0OC) graphs are also used
to visually evaluate the performancernbdels. The RO@raph compareBquation 3.7
thetruepositiverate (TPR}o Equation 3.8 thefalsepositiverate (FPRand the ara
under the curve (AUQ)kpresents the accuracy of the evaluated m@deaydin, 2014)

Equation 3.7 True Positive Rate (TPR)
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U T o
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Equation 3.8 False Positive Rate (FPR)
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Chapter 4  Results

4.1 Introduction

The purpose of this Praxis to examine whether@edictivestructural damage
categorizatioomodelcan usehigh resolutionsynthetic aperture radarA®) andis more
accurate than other rapid damage assessment molisi€hapter presents the results of
damagenalysisof Hurricane Matthew 201 6Hurricane Irma 201, 7and Hurricane
Harvey 2017usingthe predictive machine learning model

Section4.2 examines the results of the Exploratory Data Analysis (ED#y to the
final data cleaning described $ection4.3. Sectiors 4.4 - 4.13present the results of the
Hypothegs1 through 10 furtherenumerates the trainirapdtuning results of the
models.Section4.14is thevalidation of themodek andresults.
4.2 Exploratory Data Analysis Results

Exploratory Data Analysis valuable tainderstand the datastte relationshipf
variables, anguidesmodel building.Once all the various datasets aggregated there
were216 data fieldq215 for Charlestoand 96 for Harriy many including geographic
information and geoetric information Each dataset is independenttod othey
therefore are analyzed separat&tistical and graphical EDArigure4.1) were
performed to investigate tlaggregate dataexportedirom ArcGIS Pro(Figure4.2).
Table4.1 andTable4.2 describes each dataset listiogal number of structureSFEMA
damaged structures and numbepefsistent scatter iatferometric SAR (PSAR)
aligned structurewithin each dataseEach dataset is unbalanced with the abundance of

structures beingndamagedyreater than 89%-ull feature lists are idppendix C i
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Schemas / Data Dictionariaadexpandedesults are il\ppendix E i Expansion of
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Figure 4.2 Sample ArcGIS Pro Map of Hurricane Harvey in Harris County Texas,
displaying PS_65 velocity over FEMA damage assessment
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Table 4.1 Number of Row Entries by County and Data available

Hurricane County Total Structures FEMA Damage PSINSAR 65
Structures Structures
Matthew  Florence 102,191 3,741 7,376
Irma Charleston 203,237 13,422 30,592
Harvey Harris 649,510 24,711 42,632

Table 4.2 Analysis of datasets by persistent scatter pointoherenceand damage
level compared tohistoric FEMA dataset

No Damage Affected Minor Major  Destroyed
FEMA Dataset 98,450 96.3% 1,048 1.0% 1,356 1.3% 843 0.8% 494 0.5%
Matthew PS-65 5,072 68.8% 647 8.8% 787 10.7% 535 7.3% 335 4.5%
Matthew PS-75 4012 71.1% 480 85% 570 10.1% 352 62% = 229 4.1%
Matthew PS-85 1,524 76.1% 145 7.2% 199 9.9% 84 | 4.2% 50 2.5%

FEMA Dataset 189,815 93.4% 10,448 5.1% 2,272 1.1% 631 0.3% 71 0.0%

Irma PS-65 25,918 84.7% 3,961 12.9% 609 2.0% 94 0.3% 10 0.0%
Irma PS-75 21,327 84.8% 3,204 12.7% 542 2.2% 72 0.3% 10 0.0%
Irma PS-85 14,374 848% 2,106 12.4% 435 2.6% 37 0.2% 8 0.0%

FEMA Dataset 624,799 96.2% 15,043 2.3% 6,427 1.0% 1598 02% 1,643 0.3%
Harvey PS65 36,777 86.3% 3,805 8.9% 1,904 4.5% 87  0.2% 59 0.1%
Harvey PS75 31,341 86.5% 3,267 9.0% 1,523 4.2% 61 0.2% 46 0.1%
Harvey PS85 16,563 87.8% 1,619 8.6% 636 3.4% 20 0.1% 23 0.1%

There aralozens of unique identifiers, ownership information, geographic information,
and geometric information the featurasdnon-encoded categorical datach dataset

was filtered tahefeatures listed ifrigure4.3.
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Matthew dataset | Irma dataset field Harvey dataset Description of field

field field
PS_85 velocity Persistent scatter poiobherence
>85% (PS_85)elocity
PS_85 coherence PS 85coherence
PS_85 MuSigma PS 85mean / standard deviation
ratio
PS_85 Hprecision PS_85 Hprecision PS_85 Hprecision PS_85horizontal precision

PS_85_D_20161004 PS_85 _D_20170905 PS_85 D_2017082« PS_85deformation presvent
PS_85_D_20161010 PS_85 D_20170917 PS_85_D_2017090! PS_85deformation posevent

PS_85 Difference PS_ 8&5deformation difference
PS_75 velocity Persistent scatter point coherencg
>75% (PS_75) velocity
PS_75_coherence PS_75 coherence
PS_75_ MuSigma PS_75mean /standard deviation
ratio

PS_75_D_20161004 PS_75 D_20170905 PS_75 D_2017082: PS_75 deformation prevent
PS_75_D_20161010 PS_75_D_20170917 PS_75_D_2017090! PS_75 deformation postvent

PS_75_Difference PS_75 deformation difference
PS_65_velocity Persistent scatter point coherencg
>65% (PS_65) velocity
PS_65_coherence PS_65 coherence
PS_65_ MuSigma PS_65mean / standard deviation
ratio

PS_65_D_20161004 PS_65 _D_20170905 PS_65_D_2017082: PS_65 deformation prevent
PS_65_D_20161010 PS_65_D_20170917 PS_65_D_2017090! PS_65 deformation posivent

PS_65_Difference PS_65 deformation difference
NEAR_DIST Distance to nearestater feature
DEM_ELEVATION DEM_ELEVATION e DEM elevation
IN_DEPTH IN_DEPTH Inundation Depth (ft)
F_75_Area F_10_Area F_10_Area Coverage area at ## depth based
depth gages
DMG_LEVEL Reported FEMA level
PSInSAR Dataset GIS Dataset Both Datasets

Figure 4.3 Dataset Filter for each dataset

Once the data was filtered, additional screening of the data indiltdesd
correlationmatrix heatmagFigure E1 - Figure E6) created using thBython library
sklearn andfiltered pairwise plotqFigureE.7) usng the Python librarseaborn
(Hunter, 2007; Pedregosa et al., 2011; Waskom, 202&)correlation matrixloes show

several areasf strongcorrelation. This i€xpected witlsome of theSAR data as
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velocity (millimeters per yearand deformatiorimillimeters) coherencand the
MuSigma (quality of thgoint) are physical mesurements with a strong correlation
(Canty, 2019)There is a very strong correlation between innundation depth and damage
level, also aticipated wherexamining flood biased datilo other abnormal results were
discovered during theeview of the dataTlhe filter and encoding results are discussed in
Section4.3.
4.3 Data Filtering Encoding Results

Data filtering as seen iBection4.2reduced thelimensionality of the dataset and
focus on the parameters that were more likelyrtmluce accurateategorizationThe
model further reduced any field with lower than 10% vaoiagirior to training in the
GIS case removingvater proximity featureMost of the dataset used for the models were
numerical values, but damage level is categorical and needed to be encoded to meet the
requirements of the machine learning tools and dlgus. The damage levels were
encoded adescribed irBections3.4.3and3.9:

071 Unknown,

17 No Damage,

21 Affected,

371 Minor,

47 Major, and

57 Destroyed.
No additional encoding was required to create and train the dataset.
4.4Hypothesis 1 and Results

H1: The critical success factors (independent variables) identified in this Praxis have
a significant influence on the dependeatiables.

This section contains the results of the critical success factors thadetermined

using all three datasets in various modéle critical success factors were determined
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usinga combination oPermutation Importan¢&®ecursive Feature Elimination, and
Mean Decrease ImpuripIDI). Figure4.4 are the results of th8IS critical success
factors, andrigure4.5 are the results of the H8SAR critical success factors. A
discussion of these results is presentesldation 5.1.1with comprehensiveesultsin

Appendix E T Expansion oResults and Validation

Data field Recuring Feature Elimination Permutation Importance
PS 65 DPS 75 PE By |PS 65 PS 75 PS8 B3

IN DEPTH 1 1 1 1 1 1

NEAR DIST 2 2 2 4 4 4

F XX Area 3 3 3 3 3 3

DEM ELEVATION 4 4 4 2 2 2

Figure 4.4 Ranking Results for allGIS models
Data field Perrmutation Importance Recuring Feature Elimination Mean Decrease Impurity
K-NN Ada SVM DT RF MLP Stack Ada DT RF Ada DT RF

PS_85 velocity 13 5 13 10 18 13 9 1 14 2 16 17 13
PS 85 coherence 18 11 17 11 13 2 15 1 17 6| 18 19 19]
PS_85 MuSigma 14 7 9 14 14 10 17] 1 19 5 14 13 17]
PS_85 Hprecision 11 g 11 16 19 1 13 1 16 1 19 14 18]
PS_85 D_date before 10 10 10 17 15 11 10| 1 15 1 15 18 16|
PS_85 D date after 9 13 12 19 16 4 19] 1 18 3 17 16 15
PS_85_ Difference 19 1 14 15 17 12 14] 1 12 4 13 15 14]
PS_75_velocity 2 3 4 3 3 9 3 1 1 1] 11 2 2]
PS_75_coherence 16 14 18 [ 11 19 8 1 13 1 12 3 8
P§_75 MuSigma 12 4 15 T 4 16 7 1 2 1 4 4 4
PS_75_D_ date before 3 6 g 2 7 14 4 1 10 1 2 7 10|
PS 75 D_ date after 6 2 2 4 1 B 2| 1 5 1] 6 6 3
PS_75_Difference 4 8 7 1 2 3 1 1 3 1 3 1 1
PS_65_velocity 1 15 1 3 6 6 5 1 7 1] 5 9 6
PS 65 coherence 17 12 19 18 10 13 18 1 1 1 10 11 9
PS_65_MuSigma 15 18 16 9 5 17 16 1 4 1 1 5 7
PS 65 D date before 5 19 3 g 12 5 12 1 6 1 7 12 11
PS_65_D_ date after 7 16 6 13 9 15 11 1 8 1 9 8 12
PS 65 Difference 8 17 5 12 g 7 (s} 1 9 1 g 10 5

Figure 4.5 Ranking Results for all PSINSAR models
4.5Hypothesis 2 and Results

H2: A Multinomial Logistic Regression model can be developed to accurately predict
structural flood damage categorization solely using GIS data withiS€ore, Phi

Coefficient, and Balance8iccuracy greater than or equal to 80%.
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This section provides the confusion matrices, and statistics specific to hyp@tbesis
in FigureE.23 throughFigureE.31. The validation of thiswypothesis is presented in
Section4.14.1. A discussion of these resuisspresented irsection5.1.2

4.6 Hypothesis 3 and Results

H3: A K-Nearest Neighbors model can be developed to accurately predict structural
damage categorization solely using MISAR data with A Score, Phi Coefficient, and
Balanced Accuracy greater than or equal to 80%.

This section provides the confusion matrices, and statistics specific to hyp8thesis
seen inFigureE.32throughFigureE.40. All three datasets are comprised of unbalanced
classes and due to the varying severity of natural disagthra minimum persistent
scatter coherence of 7bhe validation of this hypothesis is preserite8ection4.14.2
A discussion of these resuitspresented isection5.1.3
4.7 Hypothesis 4 and Results

H4: An adaptive boost (AdaBoost) model can be developed to accurately predict
structural damage categorization solely using-MBAR data with & Score, Phi
Coeffcient, and Balanced Accuracy greater than or equal to 80%.

This section provides the confusion matrices, and statistics specific to hypdthesis
seen inFigureE.41throughFigureE.49. All three datasets are comprised of unbalanced
classes and due to the varying severity of natural disagthra minimum persistent
scatter coherence of 7bhe validation of this hypothissis presented iBection4.14.3

A discussion of these resuitspresented ifsection5.1.4
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4.8 Hypothesis 5 and Results

H5: A Support Vector Machine model can be developed to accurately predict
structural damage categorization solely using-MBAR data with & Score, Phi
Coefficient, and Balanced Accuraggeater than or equal to 80%.

This section provides the confusion matrices, and statistics specific to hypéthesis
seen inFigureE.50throughFigureE.58. All three datasets are comprised of unbalanced
classes and due to the varying severity of natural disagthra minimum persistent
scatter coherence of .7bhe validatiorof this hypothesis is presentedSection4.14.4
A discussion of these resuitspresented irsection5.1.5
4.9 Hypothesis 6 and Results

H6: A Decision Tree model can be developed to accurately predict structural damage
categorization solely using MINSAR data with & Score, Phi Coefficient, and
Balanced Accuracy greater than or equal to 80%.

This section provides the confusion matrices, and statistics specific to hypéthesis
seen inFigureE.59throughFigureE.67. All three datasets are comprised of unbalanced
classes and due to the varyingesgty of natural disastemsith a minimum persistent
scatter coherence of 7bhe validation of this hypothesis is presente8aation4.14.5
A discussion of thse resultss presented iBection5.1.6
4.10 Hypothesis 7 and Results

H7: A Random Forest model can be developed to accurately predict structural
damagecategorization solely using MINSAR data with A Score, Phi Coefficient, and

Balanced Accuracy greater than or equal to 80%.
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This section provides the confusion matrices, and statistics specific to hyp@thesis
seen inFigureE.68 throughFigureE.76. All three datasets are comprised of unbalanced
classes and due to the varying severity of natural disagthra minimum persistent
scatter coherence of 7bhe validation of this hypothesis is presente8ectian 4.14.6
A discussion of these resultspresented irsection5.1.7.

4.11 Hypothesis 8 and Results

H8: A muli-layer perceptron model can be developed to accurately predict structural
damage categorization solely using MISAR data with A Score, Phi Coefficient, and
Balanced Accuracy greater than or equal to 80%.

This section provides the confusion matricGey] statistics specific to hypothe8is
seen inFigureE.77 throughFigureE.85. All three datasets are comprised of unbalanced
classes and due to the varyingesgty of natural disastemsith a minimum persistent
scatter coherence of 7bhe validation of this hypothesis is presente8déation4.14.7
A discussion of thse resultss presented iBection5.1.8
4.12 Hypothesis 9 and Results

H9: An ensemble model can be developed to accurately predict structural damage
categorization solely using GIS and NFISAR data with AL Score, Phi Coefficient, and
Balanced Accuracy greater than or equal to 80%.

This section provides the confusion matrices, and statistics specific to hyp8thesis
seen inFigureE.86 throughFigureE.94. All three datasets are comprised of unbalanced
classes and due to thiarying severity of natural disastevéh a minimum persistent
scatter coherence of 7bhe validation of this hypothesis is presente8action4.14.8

A discussion of these resuitspresented irsection5.1.9
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4.13 Hypothesis D and Results

H10: Thispredictive model improves structural damage categorization accuracy as
compared to existing models based on tHe$core, Phi Coefficient, and Balanced
Accuracy values.

This section provides #wstatistics specific to hypothesif seen inTable4.3 through
Table4.5 All three datasets are comprised of unbalanced classes and the varying
severity of natural disastength a minimum persistent scatter coherence oflfie
validation of this hypothesis is presente@®ection4.14 A discussion of these resuits
presented ifsection5.1.10

The Hurricane Matthew data set focused on Flor€wmentySouth Carolinas

listed inTable4.3 items bolded are above the threshold

Table 4.3 Hypothesis 10 Results for HurricaneMatthew

TRAIN TRAIN TRAIN TRAIN TEST TEST TEST TEST

ACC PHI BAL F1 ACC PHI BAL F1
COEFF ACC COEFF ACC

GIS MLR 0.999 0.983 0.976 0.999 0.999 0.980 0.972 0.999

SAR KNN 0.984 0.966 0.971 0.984 0.865 0.716 0.767 0.865

SAR ADA 0.584 0.220 0.441 0.607 0.557 0.193 0.421 0.584

SAR SVM_RBF 0.998 0.996 0.994 0.998 0.986 0.970 0.964 0.986
SAR DT 0.962 0.918 0.893 0.961 0.924 0.836 0.835 0.923

SAR RF 0.998 0.995 0.992 0.998 0.982 0.962 0.953 0.982

SAR MLP 0.776 0.432 0.414 0.734 0.741 0.318 0.357 0.692
STACK 0.998 0.996 0.995 0.998 0.987 0.972 0.965 0.987

The Hurricane Irma data set focused on CharleStumtySouth Carolinas listed in

Table4.4 items bolded are above the threshold
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Table 4.4 Hypothesis 10 Results for Hurricandrma

TRAIN TRAIN TRAIN TRAIN TEST TEST PHI TEST TEST F1

ACC PHI BAL F1 ACC COEFF BAL

COEFF ACC ACC
GIS MLR 0.934 -0.002 0.200 0.902 0.934 -0.002 0.200 0.902
SAR KNN 0.985 0.945 0.965 0.985 0.977 0.913 0.944 0.977
SAR ADA 0.792 0.005 0.400 0.760 0.792 0.008 0.400 0.760
SAR SVM_RBF 0.987 0.951 0.944 0.987 0.981 0.929 0.936 0.981
SAR DT 0.898 0.542 0.482 0.877 0.890 0.496 0.428 0.867
SAR RF 0.891 0.506 0.432 0.864 0.883 0.454 0.389 0.851
SAR MLP 0.852 0.159 0.352 0.791 0.851 0.139 0.328 0.789
STACK 0.987 0.951 0.945 0.987 0.981 0.929 0.936 0.981

The Hurricane Harvey data set focused on H&asnty Texasis listed inTable

45 items bolded are above the threshold

Table 4.5 Hypothesis 10 Results for Hurricane Harvey

TRAIN TRAIN TRAIN TRAIN TEST TEST TEST TEST

ACC PHI BAL F1 ACC PHI BAL F1
COEFF ACC COEFF ACC

GIS MLR 0.999 0.989 0.990 0.999 0.999 0.990 0.991 0.999

SAR KNN 0.986 0.943 0.956 0.986 0.985 0.939 0.956 0.985

SAR ADA 0.535 0.019 0.320 0.620 0.533 0.017 0.337 0.618

SAR SVM_RBF 0.988 0.950 0.962 0.988 0.984 0.936 0.952 0.984

SAR DT 0.933 0.691 0.658 0.925 0.931 0.678 0.640 0.922

SAR RF 0.943 0.744 0.672 0.937 0.942 0.735 0.666 0.935

SAR MLP 0.868 0.157 0.381 0.812 0.868 0.146 0.356 0.811

STACK 0.987 0.945 0.960 0.987 0.985 0.939 0.953 0.985

4.14 Model Validation

Each model was validated using receiver operating curves with area under the curve
calculationgo determine if the model was overfit. Additionally, t@nfusion matrices
and associated performance metrics are captured axgandedesultssection for the

corresponding moda&h Appendix E i Expansion oResults and Validation
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4.14.1 Multinomial Logistic Regression Model Validation
The training data and test data were split with 80% training data and 20% test data.
The results of the test data are present&kition4.5. Training the model used 4f0ld
cross validation to reduce overfittingigureE.95 - FigureE.97 show ROC curves for
each Hurricane dataset usingfbld validation. For validation athodels were trained
using all persistent scatter points and filtering PS_75 as discussed in the results of
Section4.5. The results of thBultinomial Logistic Regressionmodel are consistent
with the training results and do not show overfitting.
4.14.2 K-Nearest Neighbors Model Validation
The training data and test data were split with 80% training data and 20% test data.
The results of the test data are present&kition4.6. Training the model used 4f0ld
cross validation to reduce overfittingigureE.98 - FigureE.100show ROC curves for
each Hurricane dataset usingfbld validation For validation all models were trained
using all persistent scatter points and filtering PS_75 as discussed in the results of
Section4.6. The results of thK-Nearest Neighbonsiodel are consistent with the
training results and do not show overfitting.
4.14.3 AdaBoost Model Validation
The training data and test data were split \B@Po training data and 20% test data.
The results of the test data are present&kition4.7. Training the model used 4f0ld
crossvalidation to reduce overfittingzigureE.101- FigureE.103show ROC curvefor
each Hurricane dataset usingfdld validation. For validation all models were trained

using all persistent scatter points and filtering PS_75 as discussed in the results of
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Section4.7. The results of the AdaBoost model are consistent with the training results
and do not show overfitting.
4.14.4 Support Vector Machine Model Validation
The training data and test data were split with 8@#hing data and 20% test data.
The results of the test data are present&kittion4.8. Training the model used 4f0ld
cross validation to reduce overfittingigureE.104- FigureE.106 show ROC curves for
each Hurricane dataset usingfbld validation. For validation all models were trained
using all persistent scatter points and filtering PS_#hsasissed in the results of
Section4.8. The results of th8upport Vector Machinmodel are consistent with the
training results and do not show overfitting.
4.14.5 Decision Tree Model Validation
The training data and test data were split with 80% training data and 20% test data.
The results of the test data are present&kition4.9. Training the model used 4f0ld
cross validation to reduce overfittingigureE.107 - FigureE.109show ROC curves for
each Hurricane dataset usingfbld validation. For validation all models were trained
using all persistent scatter points and filtering PS_75 as discussed in theofesults
Section4.9. The results of the Decision Tree model are consistent with the training
results and do not show overfitting.
4.14.6 Random ForestModel Validation
The training data and test data were split with 80% training data and 20% test data.
The results of the test data are present&krntion4.10 Training the model used #0ld
cross validation to reduce overfittingigureE.110- FigureE.112show ROC curves for

each Hurricane dataset usingfdbld validation. For validation all models were trained
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using all persistent scatter points and filtering PS_#hsasissed in the results of
Section4.1Q The results of the Random Forest model are consistent with the training
results and do not shooverfitting.
4.14.7 Multilayer Perceptron Model Validation
The training data and test data were split with 80% training data and 20% test data.
The results of the test data are present&krtion4.11 Training the model used #0ld
cross validation to reduce overfittingigureE.113- FigureE.115show ROC curves for
each Hurricane dataset usingfbld validation. For validation all models were trained
using all persistent scatter points and fittg PS_75 as discussed in the results of
Section4.11 The results of the Multilayer Perceptron model are consistent with the
training results ando not show overfitting.
4.14.8 Stack Model Validation
The training data and test data were split with 80% training data and 20% test data.
The results of the test data are present&kition4.12 Training the model used #0ld
cross validation to reduce overfittingigureE.116- FigureE.118show ROC curves for
each Hurricane dataset usingfbld validation. For validation all models were trained
using all persistent scatter points and filtering PS_#hsasissed in the results of
Section4.12 The results of thEnsemblemodel are consistent with the training results

and do not show overfitting.
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Chapter 5  Discussion andConclusions

5.1Discussion

The purpose of this Praxigas to developa predictivemodel toassist thepublic
sector instructuraldamagecategorizationThe results generated by this study
supplemented previous research completed syittretic aperture radar (SARRased
damage assessment, ragainage assessment, and machine learning based damage
assessmerfdkhmadiya & Zeng, 2018; Q. D. Cao, 2020; Cossu et al., 2012; Milillo et
al., 2018; Plank, 2014kxisting literaturds inadequateising persistent scatter
interferometric (PSnSAR) fused withgeographic information systems (GI8) post
disasteddamage assessment predictions at the steietvel. Many studies use RS
INSAR data posearthquaketunneling orlandslidesat the block leve{Hou et al., 2021;
Normand & Heggy, 2015; Vadivel et al., 2021)

Thefollowing sectiongeview thePraxisresultsfor each research question and
hypothesisSections 5.1.1through5.1.10provide a discussion of hypothesethfiough
10respetively. Section5.2draws conclusions from thRraxis.Section5.3reflects on
all the lessons learned during the Praxis and potential avenues to reddaedye
assessment timeline furth&ection5.4 outlines the research contributions of this Praxis
to current literatureSection5.5 shapegpotential future research.

5.1.1 Discussion of Hypothesis 1
H1: The critical success factors (independent variables) identified in this Praxis have

a significant influence on the dependent variables.
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Hypothesis 1 was tested using the Hurricane Meatti&taset focused over Florence
County, South Carolina. The initial list of critical success faddelineated the
methodologychapterin Section3.8.1and3.8.2 The evaluation ofhetestedcritical
success factors is descriedSaction3.8.3 The results irSection4.4 propose that in the
two highest performing motieuse a combination of the most significant features, as the
results of multiple logistic regression atfe support vector machines were also
favorable and discussed in detaiSaction4.5andSection4.8respectively.

For GIS based damage categorization the most significant featsitheviiood
inundation depthas themodel accuracy achieved in the testing reduced when adding any
additionalfeatures seen iRigure E9 andFigure4.4. Figure E8 doesshowthat shuffling
the inundation depth (IN_DEPTH) featuteesqualitatively have a much greater impact
on the results than the otHeatures.

For PSInSAR thebased damage categorizatieigure E10 - Figure E22 graphicly
showthe relative feature importance of the 19 tested feathigsre4.5 qualitatively
shows the relative ranking of all the features in each of the matlgtsn the Hurricane
Matthew dataset the AdaBoost model did not perfaeti, and arenot consistent with
the other modelsThetop performing featureacross all modelwere PS_66PS 75
Velocities,PS_75 deformationsefore and after the disaster event. As the coherence
requirement is increased there are fewer data points available to generate PS locations.

HYPOTHESIS 1 CONFIRMED
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5.1.2 Discussion of Hypothesis 2

H2: A Multinomial Logistic Regression model can be develepeatcurately predict
structural flood damage categorization solely using GIS data withS€ore, Phi
Coefficient, and Balanced Accuracy greater than or equal to 80%.

Hypothesis 2 was tested using all datasets Hurricane Matthew, Hurricane Irma, and
Hurricane Harvey limited to ancillary GIS data without anyIRSAR dataMultinomial
Logistic Regressiomodels usingHurricane Matthevdata(FigureE.23 - FigureE.25)
and Hurricane Harveglata(FigureE.29 - FigureE.31) did accurately predict damage
categorization with th&IS data with FL Score, Phi Cdécient, and Balanced Accuracy
greater than or equal to 80%urricane Irma dataHigureE.26 - FigureE.28) did not
have reliable flood inundation data available and performed poorly, this result and
conclusion also support hypothesidHlirricane Matthew predictions had &LE 0.999,

Phi Coefficient=0.980, and Balanced Accuracy3:972 Multinomial Logistic Regression
model predictions using Hurricane Irma data had-ds B.9®, Phi Coefficient=-0.003,
and Balanced Accuracy&200. Hurricane Harvey predictions had B-1=0.999, Phi
Coefficient=0.990, ard Balanced Accuracy8.991

HYPOTHESIS 2 HURRICANE MATTHEW - CONFIRMED
HYPOTHESIS 2 HURRICANE IRMA 7 NOT CONFIRMED
HYPOTHESIS 2 HURRICANE HARVEY 17 CONFIRMED

5.1.3 Discussion of Hypothesis 3
H3: A K-Nearest Neighbors model can be developeatturately predict structural
damage categorization solely using MISAR data with A Score, Phi Coefficient, and

Balanced Accuracy greater than or equal to 80%.
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Hypothesis 3 was tested using all datasets Hurricane Matthew, Hurricane Irma, and
HurricaneHarvey limited to PSnSAR dataK-Nearest Neighbord<-NN) modelusing
Hurricane Irma dataF{gureE.35 - FigureE.37) and Hurricane HarveygureE.38 -
FigureE.40) did accurately predict damage categorization withMAeInSAR with F-1
Score, Phi Coefficient, and Balanced Accuracy greater than or equal t&K8Q&arest
NeighborgK-NN) modelusing Huricane Matthew dateH{gureE.32 - FigureE.34) data
did not accurately predt damage categorization. TheNMN model of Hurricane
Matthew data predictions resulted in ad+0.865 Phi Coefficient=0.716, and
Balanced Accuracyf.767 The K-NN model of Hurricane Irma data predictions resulted
in an F1=0.977 Phi Coefficient=0.913, and Balanced Accuracy®944 The K-NN
model predictions using Hurricane Harvey data had-an 985 Phi Coefficient=
0.939, and Balanced Accuracy3=956.

HYPOTHESIS 3HURRICANE MATTHEW 1 NOT CONFIRMED
HYPOTHESIS 3 HURRICANE IRMA 7 CONFIRMED
HYPOTHESIS 3 HURRICANE HARVEY 17 CONFIRMED

5.1.4 Discussion of Hypothesis 4

H4: An adaptive boost (AdaBoost) model can be developed to accurately predict
structural damage categorization solely using-MBAR data with & Score, Phi
Coefficient, and Balanced Accuracy greater than or equal to 80%.

Hypothesis 4 was tested using all datasets Hurricane Matthew, Hurricane Irma, and
Hurricane Harvey limited to RBISAR data. The Adaptive Boost (AdaBoosipdel
using Hurricanéviatthew dataKigureE.41 - FigureE.43), Hurricane Irma data=gure
E.44 - FigureE.46), and Hurricane Harvey datkigureE.47 - FigureE.49) did not

accurately predict damage categorizatiotn F-1 Score, Phi Coefficient, and Balanced
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Accuracy greater than or equal to 80Phe AdaBoost model of Hurricane Matthew data
predictions resulted in ant = 0.584 Phi Coefficient=0.1%, and Balanced Accuracy=
0.421. The AdaBoost model of Hurricane Irma data predictions resulted inlarOF6Q
Phi Coefficient=0.03, and Balanced Accuracy3:-40Q The AdaBoost model predictions
using Hurricane Harvey data had a1 #0.618, Phi Coefficient=0.017, and Balanced
Accuracy=0.337.

HYPOTHESIS 4 HURRICANE MATTHEW 1T NOT CONFIRMED
HYPOTHESIS 4 HURRICANE IRMA 7 NOT CONFIRMED
HYPOTHESIS 4 HURRICANE HARVEY - NOT CONFIRMED

5.1.5 Discussion of Hypothesis 5

H5: A Support VectoMachine model can be developed to accurately predict
structural damage categorization solely using-MBAR data with £ Score, Phi
Coefficient, and Balanced Accuracy greater than or equal to 80%.

Hypothesis 5 was tested using all datasets Hurricand&attHurricane Irma, and
Hurricane Harvey limited to RBISAR data. The Support Vector Machine (SVivipdel
using Hurricane Matthew dat&iQureE.50 - FigureE.52), Hurricane Irma data=gure
E.53- FigureE.55), and Hurricane Harvey datkigureE.56 - FigureE.58) did
accurately predict damage categorizatiotn F-1 Score, Phi Coefficient, and Balanced
Accuracy greater than or equal to 80Pkae SVM model of Hurricane Matthew data
predictions resulted in anF=0.986, Phi Coefficient=0.97Q and Balanced Accuracy=
0.964. The SVM model of Hurricane Irma data predictions resulted in B @981, Phi
Coefficient=0.929 and Balanced Accuracy3-936 The SVM model predictions using
Hurricane Harvey data had arlE 0.984, Phi Coefficient=0.936, and Balanced

Accuracy=0.952
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HYPOTHESIS 5 HURRICANE MATTHEW 1T CONFIRMED
HYPOTHESIS 5 HURRICANE IRMA 7 CONFIRME D
HYPOTHESIS 5 HURRICANE HARVEY 1 CONFIRMED

5.1.6 Discussion of Hypothesis 6

H6: A Decision Tree model can beveloped to accurately predict structural damage
categorization solely using MIRSAR data with A Score, Phi Coefficient, and
Balanced Accuracy greater than or equal to 80%.

Hypothesis 6 was tested using all datasets Hurricane Matthew, Hurricanaridna,
Hurricane Harvey limited to RBISAR data. The Decision Tree (Difodelusing
Hurricane Matthew datd-{gureE.59 - FigureE.61) did accurately predict damage
categorizatiorwith F-1 Score, Phi Coefficient, and Bataed Accuracy greater than or
equal to 80%The DT model using the Hurricane Irma dd&&(reE.62 - FigureE.64)
and Hurricane Harvey da(&igureE.65 - FigureE.67) did not accurately predict
damage categorizatiomith F-1 Score, Phi Coefficient, and Balanced Accuracy greater
than or equal to 80%.he DT model of Hurricane Matthew data predictions resulted in
an F1=0.9229 Phi Coefficient=0.83, and Balanced Accuracy383%. The DT model
of Hurricane Irma data predictions resulted in ab=0.867, Phi Coefficient=0.496 and
Balanced Accuracyf.428 The DT model predictions using Hurricane Harvey data had
an F1=0.922 Phi Coefficient=0.678 and Balanced Accuracy&640.

HYPOTHESIS 6 HURRICANE MATTHEW 1T CONFIRMED
HYPOTHESIS 6 HURRICANE IRMA 7 NOT CONFIRMED
HYPOTHESIS 6 HURRICANE HARVEY - NOT CONFIRMED
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5.1.7 Discussion of Hypothesis 7

H7: A Random Forest model can be developed to accurately pstdictural
damage categorization solely using MISAR data with A Score, Phi Coefficient, and
Balanced Accuracy greater than or equal to 80%.

Hypothesis 7 was tested using all datasets Hurricane Matthew, Hurricane Irma, and
Hurricane Harvey limited t€SInSAR data. The Random Forest (RR)delusing
Hurricane Matthew datd-{gureE.68 - FigureE.70) did accurately predict damage
categorizatiorwith F-1 Score, Phi Coefficient, and Balzed Accuracy greater than or
equal to 80%The RF model using the Hurricane Irma détm(reE.71 - FigureE.73)
and Hurricane Harvey datkigureE.74 - FigureE.76) did not accurately predict
damage categorizatiomith F-1 Score, Phi Coefficient, and Balanced Accuracy greater
than or equal to 80%The RF model of Hurricane Matthew data predictions resulted in
an F1=0.982 Phi Coefficient=0.962 andBalanced Accuracy9.953 The RF model of
Hurricane Irma data predictions resulted in ab=9.851, Phi Coefficient=0.454 and
Balanced Accuracyf.38. The RF model predictions using Hurricane Harvey data had
an F1=0.935 Phi Coefficient=0.735 and Balanced Accuracy3:666.

HYPOTHESIS 7 HURRICANE MATTHEW 1 CONFIRMED
HYPOTHESIS 7 HURRICANE IRMA 7 NOT CONFIRMED
HYPOTHESIS 7 HURRICANE HARVEY - NOT CONFIRMED

5.1.8 Discussion of Hypothesis 8
H8: A multi-layer perceptron model can be developed to accurately predict structural
damage categorization solely using MISAR data with A Score, Phi Coefficient, and

Balanced Accuracy greater than or equal to 80%.
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Hypothesis 8 was tested using all datasets Hurricane Matthew, Hurricane Irma, and
Hurricane Harvey limited to RBISAR data. The MLP model using the Hurricane
Matthew dataFigureE.77 - FigureE.79), Hurricane Irma data={gureE.80 - Figure
E.82), and Hurricane Harvey datgiureE.83 - FigureE.85) did not accurately predict
damage categorizatiomith F-1 Score, Phi Coefficient, and Balanced Accuracy greater
than or equal to 80%The MLP model of Hurricane Matthew data predictions resulted in
an F1=0.692 Phi Coefficient=0.318, ard Balanced Accuracy8.35/. The MLP model
of Hurricane Irma data predictions resulted in ab=F0.789, Phi Coefficient=0.139, and
Balanced Accuracy9.3280 The MLP model predictions using Hurricane Harvey data
had an F1=0.811, Phi Coefficient=0.146, and Balanced Accuracy3:356.

HYPOTHESIS 8 HURRICANE MATTHEW 1T NOT CONFIRMED
HYPOTHESIS 8 HURRICANE IRMA 7 NOT CONFIRMED
HYPOTHESIS 8 HURRICANE HARVEY - NOT CONFIRMED

5.1.9 Discussion of Hypothesis 9

H9: An ensemble model can be developed to accurately predict structural damage
categorization solely using GIS and NHSAR data with A Score, Phi Coefficient, and
Balanced Accurey greater than or equal to 80%.

Hypothesis 9 was tested using all datasets Hurricane Matthew, Hurricane Irma, and
Hurricane Harvey with both GIS ancillary and-R$SAR data. The ensemble model
using the Hurricane Matthew datdureE.86 - FigureE.88), Hurricane Irma data
(FigureE.89 - FigureE.91), and Hurricane Harvey datBigureE.92 - FigureE.94) did
accuratelypredict damage categorizatiaith F-1 Score, Phi Coefficient, and Balanced
Accuracy greater than or equal to 80P&ae ersemble model of Hurricane Matthew data

predictions resulted in an®=0.987, Phi Coefficient=0.972 and Balanced Accuracy=
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0.965 The ensemble model of Hurricane Irma data predictions resulted #1a0.981,
Phi Coefficient=0.929 and Balanced Accuracy3936. The ensemble model predictions
using Hurricane Harvey data had a1 ¥0.985 Phi Coefficient=0.939, and Balanced
Accuracy=0.985

HYPOTHESIS 9 HURRICANE MATTHEW 1T CONFIRMED
HYPOTHESIS 9 HURRICANE IRMA 7 CONFIRMED
HYPOTHESIS 9 HURRICANE HARVEY 1 CONFIRMED

5.1.10 Discussion of Hypothesis 10

H10: This predictive model improves structural damage categorization accuracy as
compared to existing models based on tHe$core, Phi Coefficient, and Balanced
Accuracy values.

Hypothesis 10 was tested using all datasets Hurricane Matthew, Hurricane Irma, and
Hurricane Harvey with both GIS ancillary and-PSAR data. The predicteymodel
using the Hurricane Matthew datBaple4.3), Hurricane Irma datar@ble4.4), and
Hurricane Harvey datd @ble4.5) did accurately predict damage categorizatioth F-1
Score, Phi Coefficient, and Balanced Accuracy greater than ortequadels outlined
by Cao(2020) This Praxis outline multiclass models, with greater fidelity of damage
severity and yields greater than imagery only balanced accuracy £ 82% and FL
score = 0.6& 0.22, and GIS only balanced accuracy = 88164% and FL score = 0.91
+ 0.02 modés presented b€ao (2020, p. 41) The performance of the combined models
for both this Praxis and the research presented by Cao are within the error margin. The
ensemble model of Hurricane Matthew data predictions resulted irfla®B87, Phi
Coefficient=0.972 and Balanced Accuracy3965 The ensemble model of Hurricane

Irma data predictions resulted in a11£0.981, Phi Coefficient=0.929 and Balanced
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Accuracy=0.936 The ensemble model predictions using Hurricane Harvey data had an
F-1=0.985, Phi Coefficient=0.939 and Balanced Accuracy3985

HYPOTHESIS 10 HURRICANE MATTHEW 1 CONFIRMED
HYPOTHESIS 10 HURRICANE IRMA 17 CONFIRMED
HYPOTHESIS 10 HURRICANE HARVEY 1 CONFIRMED

5.2Conclusions

All research questions were answered duringctmpletion of this Praxis.

RQ1: What data features are required for a structural damage categorization
prediction model utilizing MIINSAR and GIS postlisaster?

Hypothesis 1 addressed ttopic of research question 1 by reducing over 200 data
fields to23 and further reducing by ABSAR or GIS model.

RQ2: Which proposed prediction model is most effective in categorizing structural
damage based on GIS and NMISAR data?

Hypotheses A0 addressed the topic of research questiontabying, testingand
validatingeightmachine learning modelnd their ensemble determining the stacked
MLR andSVM model were most effective in predicting damage categorization.

RQ3: Does a model developed with MMSAR with a 5by-20-meter resolution
when fused with G predict structural damage categorization more accurately than
existing models?

Hypothesis 1@ddresses the topic of research question 8ebgrating results that
meet or exceed otheategoricablamage predictiomodels usingnultitemporal
interferometric SARused with ancillary GISpecifically a persistent scatter
methodology and flood predictiorisach hurricane dataset studied represented a segment

of urbanization Hurricane Matthew (RUfBuburban), Hurricane Irma (Urban/
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Suburban), and Hurricane HarveyréateiMetropolitanArea andgenerallyas
urbanization increased the accuracy oflPSAR damage reduced@he collection of all

results is seen ifable5.1.

Table 5.1 Combined Results for Hypotheses-20 for all datasets

HURRICANE HURRICANE HURRICANE

MATTHEW IRMA HARVEY
HYPOTHESIS 2 GIS MLR Confirmed Not Confirmed Confirmed
HYPOTHESIS 3 SAR KNN Not Confirmed Confirmed Confirmed

HYPOTHESIS 4 SAR ADA

HYPOTHESIS 5 SAR
SVM_RBF

HYPOTHESIS 6 SAR DT
HYPOTHESIS 7 SAR RF
HYPOTHESIS 8 SAR MLP
HYPOTHESIS 9 STACK
HYPOTHESIS 10

Not Confirmed
Confirmed

Confirmed
Confirmed
Not Confirmed
Confirmed
Confirmed

Not Confirmed
Confirmed

Not Confirmed

Not Confirmed

Not Confirmed
Confirmed
Confirmed

Not Confirmed
Confirmed

Not Confirmed

Not Confirmed

Not Confirmed
Confirmed
Confirmed

Severakttempts were conductedth eachdatasetltering different variableand
hyperparameteigcluding varying the minimum RBISAR coherence level used to
produce the modeGenerallyas the minimum coherenees increased the model
became more accurate, howefawer structures and damage levelsavincluded within
the datasgpreviouslyseen inTable4.2 and below inTable5.2 - Table5.4.

Table 5.2 Hurricane Matthew Damage by Sampled Coherence Levels

No Damage @ Affected Minor Major Destroyed
FEMA 98,450 1,048 1,356 843 494
Matthew PS-65 5,072 647 787 535 335
Matthew PS75 4,012 480 570 352 229
Matthew PS-85 1,524 145 199 84 50

94



Table 5.3 Hurricane Irma Damage by Sampled Coherence Levels

No Damage Affected Minor Major Destroyed

FEMA 189,815 10448 2,272 631 71
Irma PS-65 25,918 3,961 609 94 10
Irma PS75 21,327 3,204 542 72 10
Irma PS-85 14,374 2,106 435 37 8

Table 5.4 Hurricane Harvey Damage by Sampled Coherence Levels

No Damage Affected Minor Major Destroyed

FEMA 624,799 15,043 6,427 1,598 1,643
Harvey PS-65 36,777 3,805 1,904 87 59
Harvey PS75 31,341 3,267 1,523 61 46
Harvey PS-85 16,563 1,619 636 20 23

Further, d research objectives were met during the completion of this Praxis

1. Determine and identify the key set of critical success factors that are optimal
model inputs to accurately predddamage categorization within the FEMA disaster
categorization framework.

Chapter 2 used current literature to assist in identifying the potential critical success
factors to predictlamage categorizatio@hapter 3 enumerated the methodology to
screen and test the critical success factors. While chapter 4 provided reswdterafdhl
success factors, additional greater deta8éction5.1.1

2. Develop a machine learning damage categorization predictive model to support
emergency managers and public sector administrators in making informed disaster
response and recovery decisions.

Fusing multiple SAR products (flood map andIRSAR) with GIS modeling and
ancillary information providethe required features to prediiimage categorization at

the structure level, while and displaying the aggregate at the block, city, or county level.

95



Providing rapid and accurate damage assessment and modeling enables emergency
managers to allocate resources to areas of greater need.

3. Dewelop a geographic information system map/dashboard to represent the output
of the model using industistandard tools to streamline use for the-esers.

All research products are designed with geospatial interoperability focus. Examples
include consistet coordinate reference systems (WGS 84), industry standard tools
(ArcGIS Pro,Environment for Visualizing Imagg&ENVI) SARscape, Python Jupyter
notebooks), and publicly available information (Sentth&AR imagery, GIS parcels
and building footprints)All georeferenced information is represented graphically and
tabularly to the user, enabling access to enterprise solutions aexigterg workflows.
5.3Lessons Learned

During thecompletion of this Praxis there were several areas that were explated
researchetb develop the frameworlpreprocess the data, and create the models. The
following bulletscaptureseveral lessons learned throughout the praoesee
categories.

Developing the Framework

1 Developing a model with big data needs to glaw to handle, store, transport,

and process the data early to alleviate bottlenecks.

1 The dataset quickly approaches big data, in examining three locations with less

than a year of samples the data at rest exceeds 1.5 Terabytes, once processed the

data isreduced to less than 2 Gigabytes.
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Preprocessing the Data

1 During this Praxis, several processing tools were tested for ease of workflow
integration and capability to produce the products necessary to build the model.

1 After some experimentation ENVI SABape Analytics Toolbox 5.6.2 was
selected as the processing chain for the Praxis due to ease of workflow
integration, industry standargl,3Harris Geospatial, 2022b, 2022a)

1 OtherSAR processors that were tested include Sentinel Application Platform
(SNAP) (ESA, 2022) Open SAR LalfHogenson et al., 2021and ArcGIS Pro
(ESRI, 2022xll were able to create RTC products easily, the issue was producing
PSInSAR products reliably and integrating with industry standard GIS processes.

1 Due toENVI SARScapeéAnalytics Toolboxicense and processing restrictions
the area additional streps were required for thénS&R processing, namely
restricting the area of interest (AOI) to fifteen sq km per processing window.

1 Restrictions on the researclieense of ENVI and the SARscape Analytics
Toolboxrequiredsoftware to be run on a local computer. If this model were
deployed to public sector emergency managers, the potential of deploying several
instances for parallel processing and reducing praugsisnes.

1 The elapsed processing time cob&keduced by parallelizing the processing
across multiple instancesd optimizing for multiple cores and threads

Developing theModels

1 MT-InSAR processing needs to be automatethtoease reliability in dat
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1 Many SAR processors availabtberesearch objective was a path toaitild
integrate from start to finish imdustry standard Glith all the features (Flood
Mapping, PSNSAR) available to be modeled

1 Limited historic data to train the machine learning models thnBAR efforts
are focused on areas that were previously known to be damaged from the FEMA
historic GIS database to reduce the size and scope of the model.

1 C-band Earth observation SAR isadlsto support emergency management
already, however, the geometry required for INSA® nesult in delayed
delivery(12-day revisit)vs first target of opportunity.

5.4 Contributions to Body of Knowledge

During developing the body of work encompassed by Fhesis there werewvo

primary novel contributions to the body of knowledge.

1 Developing a rapid process to move from S&Ryle look complexmages and a
structured GIS tpost disastedamagecategorizatiompredictiors using Persistent
ScattefrInSAR prodicts fused with flood modelingeducing preliminary damage
assessmermreatingto hours after a post disast@AR image is delivered.

1 Fused PSnSAR datawith GIS ancillary dat#@o create gpostdisastedamage
categorization prediction model

5.5Recommendations for Future Research

Throughout thd’raxis several ideas were notedfiother research coalescing
three ctegories. The topics are related to improving model performance, extending the
model, and improving the utility for emergency ragamentThe categories are

Improve Damag€ategorizatiorPrediction Model Performance
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1
1

Determine urbanization effects on the model accuracy, each dataset represented a
segmentas urbanization increased the accuracy offSAR damage reduced.
Determinng optimal filtering and fusing techniques rethgodimensionality

Determine optimal PAhSAR coherence to balance nolggermanent scattering.

Test additional methodologies of machine learrsing feature&ombinations.

Test alternative RB1SAR and DSINSAR processing techniques.

PredictDamage Categorizatiarsing additional information:

1

Create a modeb screerdamage type andirect predictiorto another modebr
prioritization anddamage categorizatio

Create models that are compatible with add@latamage phenomena (fire,
earthquake, landslide, tornado), current models only trained with Flood damage.
Discretize manufactured homes and conventionally built h@®dése damage

categorization criteria differ.

Improve usability and access to emergemanagers:

T

Complete arextract, transform, loadingipeline to use oWlemand datand
predictdamage otthefly.

Discretize road outagkblockagesluring structural damage assessment.

Identify facilitiesfor shelter basedon transportation routesnd predicted damage.
Identify more SAR sensor types for model trainiegrimercially available

ICEYE/ Capella)and train the model at different imagery resolutions.
Connectwith State GIS systems to incorpordemage predictionstodecision
management tools and interact wsthurces of live data such as repair crews, and

socialservicedo assist in recovery efforts
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Appendix AT Data
Data available for download:
GitHub Code Repositoryhttps://github.com/cylehawk/Hawkins DENG_Praxis

ArcGIS Dashboard/ Modelshttps://hawksar.mapsais.com/home/index.html
Raw SAR images https://asf.alaska.edof https://scihub.copernicus.eu/

List of Sentinell imagesused for Flood observation
Florence County,SC - Hurricane Matthew SLCs
S1B_IW_SLC__ 1SDV_20160928T232109 20160928T232137_002276_003D64zip22C

S1B_IW_SLC__1SDV_20161010T232058_20161010T232125_002451_00422Fz®/CF
S1A_IW_SLC__1SDV_20161004T232151_20161004T232219_013347_015494_6009.zip

Charleston County,SC- Hurricane Irma SLCs
S1A IW_SLC_1SDV_20170905T232132 20170905T232159 018247 01EADS8 5FO0C.zip

S1A_IW_SLC__1SDV_20170917T232132_20170917T232159_018422_01F04C_B1E6.zi
S1A_IW_SLC__1SDV_20170824T232131_20170824T232158_018072_01E585z82B

Harris County, TX - Hurricane Harvey SLCs
S1A IW_SLC_1SDV_20170812T122247 20170812T122317 017890 _01E004 F6BB.zip

S1A_IW_SLC__1SDV_20170824T122248 20170824T122318_018065_ 01E54E_5C27.zip
S1A_IW_SLC__1SDV_20170905T122248 20170905T122318_018240 01EAA2_0661.zip
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https://github.com/cylehawk/Hawkins_DENG_Praxis
https://hawksar.maps.arcgis.com/home/index.html
https://asf.alaska.edu/
https://scihub.copernicus.eu/

List of Sentinel1 imagesused forDamage Detection
Florence County,SC - Hurricane Matthew Persistent Scatter SLCs

S1A_IW_SLC__1SDV_20160419T232143_20160419T232211_010897_010538.A8C
S1A_IW_SLC__1SDV_20160712T232148_20160712T232216_012122_012C60_6FAE.zip
S1A_IW_SLC__1SDV_20160805T232149 20160805T232217_012472_0137E4_0C39.zip
S1A_IW_SLC__1SDV_20161004T232151_20161004T232219_013347_015494_6009.zip
S1A_IW_SLC__1SDV_20161028T232152_20161028T232219_013697_015F87 1CA2.zip
S1A_IW_SLC__1SDV_20161109T232151 20161109T232219_013872_01650D_973E.zip
S1A_IW_SLC__1SDV_20161121T232151 201611232219 014047_016A61_02DF.zip
S1A_IW_SLC__1SDV_20161203T232151 20161203T232219_014222_016FD5_CA05.zip
S1A_IW_SLC__1SDV_20161215T232150 20161215T232218_014397_017561_092A.zip
S1A_IW_SLC__1SDV_20161227T232150_20161227T232218_014572_017AD2_3633.zip
S1A_IW_SC__1SDV_20170108T232148_20170108T232216_014747_01801D_E156.zip
S1A_IW_SLC_ 1SDV_20170120T232148_20170120T232216_014922_0185A0_F6E3.zip
S1A_IW_SLC__1SDV_20170201T232148_20170201T232216_015097_018AE5_549D.zip
S1A_IW_SLC__1SDV_20170213T232148_20170213T232015272_01906B_9239.zip
S1A_IW_SLC__1SDV_20170225T232147_20170225T232215_015447_0195C0O_AGOB.zip
S1A_IW_SLC__1SDV_20170309T232148_20170309T232215_015622_019B0D_1EF8.zip
S1A_IW_SLC__1SDV_20170321T232148_20170321T232215_015797_01A042_32B2.zip
S1A_IW_SLC__1SDV20170402T232148_20170402T232215_015972_01A570_1BF7.zip
S1A_IW_SLC__1SDV_20170414T232149 20170414T232216_016147 01AAC9 3AE1.zip
S1B_IW_SLC__1SDV_20160928T232109_20160928T232137_002276_003D64_722C.zip
S1B_IW_SLC__1SDV_20161010T232058_20161010T232125_00POB22F 87CF.zip
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Charleston County,SC- Hurricane Irma Persistent Scatter SLCs

S1A_IW_SLC__1SDV_20150320T232109 20150320T232138_005122_00672A_ BEFA.zip
S1A_IW_SLC__1SDV_20160419T232116_20160419T232146_010897_010536_C73A.zip
S1A_IW_SLC__1SDV_20160712T232120_20160712T232150_012122_012C60_4BOF.zip
S1A_IW_SLC__1SDV_20160805T232122_20160805T232152_012472_0137E4_5E2D.zip
S1A_IW_SLC__1SDV_20161004T232124 _20161004T232154_013347_015494_A932.zip
S1A_IW_SLC__1SDV_20161028T232124_20161028T232154_013697_015F87_B687.zip
S1A_IW_SLC__1SDV_20161109T232124 201641932154 013872_01650D_BE23.zip
S1A_IW_SLC__1SDV_20161121T232124 20161121T232153_014047_016A61_6CFD.zip
S1A_IW_SLC__1SDV_20161203T232123 20161203T232153_014222 016FD5_DD55.zip
S1A_IW_SLC__1SDV_20161215T232123_20161215T232153_014397_017561_08BD.zip
S1A_IW_S.C__1SDV_20161227T232122 20161227T232152_014572_017AD2_9893.zip
S1A_IW_SLC__1SDV_20170108T232121 20170108T232151 014747 _01801D_AACA.zip
S1A_IW_SLC__1SDV_20170120T232120_20170120T232150_014922_0185A0_5342.zip
S1A_IW_SLC__1SDV_20170201T232120_20170201T232036097_018AE5_5302.zip
S1A_IW_SLC__1SDV_20170213T232120_20170213T232150_015272_01906B_ECB9.zip
S1A_IW_SLC__1SDV_20170225T232123 20170225T232150 015447 _0195CO_8F66.zip
S1A_IW_SLC__1SDV_20170309T232123_20170309T232150_015622_019B0D_9285.zip
S1A_IW_SLC__1SDV20170321T232123_20170321T232150 015797 _01A042_7AAB.zip
S1A_IW_SLC__1SDV_20170402T232123 20170402T232150 015972 _01A570 27F6.zip
S1A_IW_SLC__1SDV_20170414T232124_20170414T232151_016147_01AAC9_9ACO.zip
S1A_IW_SLC__1SDV_20170508T232125_20170508T232152_ 01648573 4C52.zip
S1A_IW_SLC__1SDV_20170520T232126_20170520T232153_016672_01BACC_C8C2.zip
S1A_IW_SLC__1SDV_20170601T232126_20170601T232153_016847_01CO02F _62DF.zip
S1A_IW_SLC__1SDV_20170613T232127_20170613T232154_017022_01C59F_1074.zip
S1A_IW_SLC__1SDV_201706J232128 20170625T232155_017197 01CAF4_3AB6.zip
S1A_IW_SLC__1SDV_20170707T232128 20170707T232155_017372_01D037_C488.zip
S1A_IW_SLC__1SDV_20170719T232129 20170719T232156_017547_01D590_04AE.zip
S1A_IW_SLC__1SDV_20170731T232130_20170731T232157_017722_01DAEH.Ep
S1A_IW_SLC__1SDV_20170812T232131 20170812T232158 017897 01E03A_E6B9.zip
S1A_IW_SLC__1SDV_20170824T232131_20170824T232158_018072_01E585_482B.zip
S1A_IW_SLC__1SDV_20170905T232132_20170905T232159_018247 01EAD8S_5FOC.zip
S1A_IW_SLC__1SDV_20170917T232132_20170917T232159 018422 _01F04C_81E6.zip
S1A_IW_SLC__1SDV_20170929T232132_20170929T232159_018597 01F5A3_F274.zip
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Harris County, TX - Hurricane Harvey Persistent Scatter SLCs

S1A_IW_SLC_ 1SDV_20170108T122240 20170108T122814740 017FEA_BECS.zip
S1A_IW_SLC__1SDV_20170120T122240 20170120T122310 014915 _01856B_82FF.zip
S1A_IW_SLC__1SDV_20170201T122240_20170201T122310_015090_018AB1_92BB.zip
S1A_IW_SLC__1SDV_20170213T122240_20170213T122309_015265_019030_32C3.zip
S1A_IW_SLC__18®V_20170225T122240 20170225T122309 015440 019588_904B.zip
S1A_IW_SLC__1SDV_20170309T122240 20170309T122309 015615 019AD4_FBCF.zip
S1A_IW_SLC__1SDV_20170321T122240_20170321T122310_015790_01A00B_EC72.zip
S1A_IW_SLC__1SDV_20170402T122240 20170402T122310 GLEHA53B_E357.zip
S1A_IW_SLC__1SDV_20170414T122241 20170414T122310 016140 01AASF_AESE.zip
S1A_IW_SLC__1SDV_20170426T122241_20170426T122311_016315_01AFEA_1EOF.zip
S1A_IW_SLC__1SDV_20170508T122242 20170508T122312_016490_01B53A_7F76.zip
S1A_IW_SLC__1SDV_201A20T122243 20170520T122312 016665 01BA93 A335.zip
S1A_IW_SLC__1SDV_20170601T122243 20170601T122313_016840_01BFF8_942E.zip
S1A_IW_SLC__1SDV_20170613T122244 20170613T122314_017015_01C567_5746.zip
S1A_IW_SLC__1SDV_20170625T122245 20170625T122314_ 017190 O1CIFER.zip
S1A_IW_SLC__1SDV_20170707T122245 20170707T122315_017365_01CFFF_4B9E.zip
S1A_IW_SLC__1SDV_20170719T122246_20170719T122316_017540_01D55A_1773.zip
S1A_IW_SLC__1SDV_20170731T122247 20170731T122317_017715_01DAB4_C360.zip
S1A_IW_SLC__1SDV_20170812T122247 20170812T122317 017890 01E004 F6BB.zip
S1A_IW_SLC__1SDV_20170824T122248 20170824T122318_018065_01E54E_5C27.zip
S1A_IW_SLC__1SDV_20170905T122248 20170905T122318_018240_01EAA2_0661.zip
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Appendix BT Credit

Data:

1 Single Look ComplexSAR imagery provided byAlaskaSatellite Facility Distributed
Active Archive Center2022 contains modified Copernicus Sentinel data 22082
processed by dopearnSpaceAgency

o0 https://asf.alaska.edu/

0 https://scihub.copernicus.eu/

1 To calculate th&IS flood modeltheFlorenceandCharleston Countigsarcel and
matched building footprindata obtained from Regrid (previously LOVELAND
technologies), which records a standardized categorization based on the economic
function or type of establishment and «sele for parcels across the United States.
Additional information including property Uge was retrieved from the appropriate
county tax assessorods website.

1 FEMA Historical Damage Assessment Databased for model validatioand
machine learning model trainifgEMA, 2021a)

1 U.S. Geological Surveghosted by the Environmental Protectiogehcy)water data
for the Nationis used to determine the water depth/inundation at peak flood and
correlate the water levels at the time the SAR image is {@k& Geological
Survey, 2016)

0 https://waterdta.usgs.gov/nwis

0 https://www.epa.gov/waterdata/nhdploationatdata
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https://asf.alaska.edu/
https://scihub.copernicus.eu/
https://waterdata.usgs.gov/nwis
https://www.epa.gov/waterdata/nhdplus-national-data

Software Vendors:

T
)l
T

1
1

ArcGISPro3.0.2(ESRI, 2022)

Environment for Visualizing Imagd&NVI) (L3Harris Geospatial, 2022a)
Interactive Data LanguadéDL) 5.6.1(L3Harris Geospatial, 2022a)

ENVI SARscapéAnalytics Toolbox5.6.1(L3Harris Geospatial, 2022b)

The INSAR Scientific Computing EnvironmgiiRosen et al., 2018)
TheOpenSARLal{Hogenson et al., 2021)

European Space Agendy$A) SentinelApplication Platform(SNAP) (ESA, 2022)

DateSpell

Python Libraries:

=

Python 3.9
Numpy

Pandas
GeoPandas
Scipy

Matplotlib
Jupyter

eli5

Scikit Learn1.1.2

Seabourn
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Table B.0.1 PSInSAR Processing Computer Specifications

Component Specifications
Processor AMD Ryzen 9 5900X 1ZXore
RAM 64 GB

Graphics Card NVIDIA GeForce GTX 1650 SUPER

Storage System Drive: 500GB SSD
Local Storage Drive: 1TB SSD
Network Storage: 20TB NAS

Operating Windows 10 Pro
System
Software ENVI/IDL 5.6.2
SARscape Analytics Toolbox 5.6.2
Versions ArcGIS Pro 3.0.2
Python 3.9

Machine Learning Training and Testing was performed on Amazon Web Services
elastic cloud compute instance m6a.4xlamid 16 virtual processors, and 64 GB of

RAM.
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Appendix Ci Schemas / Data Dictionaries

Parcel Schema

Field
ogc_fid

geoid

sourceagent

parcelnumb

parcelnumb_no_formatting

alt_parcelnumbl

alt_parcelnumb?2

alt_parcelnumb3

usecode

usedesc

zoning

zoning_description

Table C.1 Parcel Schema

Description
Object ID

FIPS Code

FIPS code (state + county FIPS codes)
Source Agent

Parcel ID

The assessor's primary parcel identification number or
code.
Examples: 02004940, 001-020-4624-001

Parcel ID without Formatting

The primary parcel identification number with spaces
and formatting characters removed.
Examples: 02004940, 0010204624001

First Alternative Parcel ID

An assessor-provided additional or alternative parcel
identification number. If there is a state provided parcel
identification number, it will be in this first alternative by
convention.

Examples: 02004940, 001-020-4624-001

Second Alternative Parcel ID

An assessor-provided additional or alternative parcel
identification number.
Examples: 02004940, 001-020-4624-001

Third Alternative Parcel ID

An assessor-provided additional or alternative parcel
identification number.
Examples: 02004940, 001-020-4624-001

Parcel Use Code

Varies by governing municipality
Examples: 104

Parcel Use Description

Varies by governing municipality
Examples: Residential

Zoning Code

Varies by governing municipality
Examples: R-1

Zoning Description

Varies by governing municipality

Examples: Residential
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Datatype

serial primary
key
text

text

text

text

text

text

text

text

text

text

text



Field

struct
multistruct
structno
yearbuilt

numstories

numunits
structstyle

parvaltype

improvval
landval
parval

agval

homestead_exemption

saleprice

saledate

taxamt

taxyear

owntype
owner
ownfrst
ownlast
owner2
owner3
owner4
subsurfown
subowntype

mailadd

mail_addess2

Description
Structure on Parcel

Multiple Structures on Parcel
Number of Structures on Parcel
Structure Year Built

Number of Stories

Number of Units

Structure Style

Parcel Value Type

The type of value reported in the parcel value fields

Examples: Appraised, Assessed, Taxable, Market,
Market Value
Improvement Value

Land Value
Total Parcel Value
Agricultural Value

Homestead Exemption

An assessor-provided attribute indicating if the parcel
has any tax exemption due to homestead status.

Last Sale Price

Last Sale Date

Annual Tax Bill

Tax Year

An assessor-provided attribute indicating the tax year the
assessor data applies to.
Owner Type

Owner Name

Owner First Name
Owner Last Name
Second Owner Name
Third Owner Name
Fourth Owner Name
Subsurface Owner
Subsurface Owner Type
Mailing Address

This is the address where the tax and other assessor's
communications are sent. It is often thought of as the
owner's mailing address. It is often the same address as
the parcel physical street address, but very commonly it
is a different address than the parcel address itself.
Mailing Address Second Line
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Datatype

boolean
boolean
integer
integer

double
precision
integer

text

text

double
precision
double
precision
double
precision
double
precision
text

double
precision
date

double
precision
text

text
text
text
text
text
text
text
text
text

text

text



Field

careof

mail_addno

mail_addpref

mail_addstr

mail_addsttyp

mail_addstsuf

mail_unit

mail_city

mail_state2

mail_zip

mail_country

mail_urbanization

address

address2

saddno

saddpref

saddstr

saddsttyp

saddstsuf

sunit

Description
Mailing Address Care Of

Mailing Address Street Number
Examples: 402

Mailing Address Street Prefix
Examples: S

Mailing Address Street Name
Examples: FOURTH

Mailing Address Street Type
Examples: AVE

Mailing Address Street Suffix
Examples: NW

Mailing Address Unit Number
Examples: APT # 2

Mailing Address City
Examples: Ann Arbor

Mailing Address State

Mailing Address State 2-Letter abbreviation

Examples: Ml

Mailing Address ZIP Code
Mailing Address Country
Examples: US, Bolivia, Canada

Mailing Address Urbanizacion (Puerto Rico)

Parcel Address

This is the address of the parcel itself. Also called the
"situs address" or "site address". Not every parcel has a
street address, especially in agricultural areas and other

large parcels.
Examples: 12109 KATZ RD

Parcel Address Second Line

Examples: Apt 2, Unit B, 6th floor

Parcel Address Number
Examples: 12109

Parcel Address Prefix
Examples: N

Parcel Address Street Name
Examples: GLENN

Parcel Address Street Type
Examples: RD

Parcel Address Street Suffix
Examples: NW

Parcel Address Unit
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Datatype

text

text
text
text
text
text
text
text
text
text
text

text

text

text
text
text
text
text
text

text



Field

scity

original_address

city

county

state2

szip

urbanization

Il_address_count

location_name

address_source

legaldesc

plat

book

page

block

lot
neighborhood
subdivision

lat

lon

Description

Parcel Address City

Examples: GRASS LAKE

Original Parcel Address

Address fields as originally provided by the county,
separated by a semicolon and a space
Examples: 12109 Katz Rd; NW; Ann Arbor; MI; 48105

US Census County Subdivision

Used for organizational purposes. Refer to scity for the
city associated with the site address.

Parcel Address County

Parcel Address State

Examples: Ml

Parcel Address Zip Code

Examples: 48103, 48104-3423

Parcel Urbanizacion

A postal address field commonly used in Puerto Rico
Loveland Calculated Total Address Count

Total number of primary and secondary addresses on
the parcel as calculated by Loveland

Location Name

A name commonly associated with this parcel

Primary Address Source

Default source if none is listed is the county.

Examples: openaddresses, accuzip, county

Legal Description
Plat

Plat number the parcel is recorded on

Examples: A
Book

Book/Liber the parcel is recorded in

Examples: 231
Page

Page/Folio the parcel is recorded on

Examples: 2
Block

Lot
Neighborhood
Subdivision
Latitude

On parcel centroid latitude decimal coordinate

Longitude
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Datatype

text

text

text

text

text
text
text

integer

text

text

text

text

text

text

text
text
text
text

text

text



Field

goz

goz_tract

census_tract
census_block
census_blockgroup
sourceref
sourcedate

Il_last_refresh

sourceurl

recrdareatx

recrdareano

gisacre
sqft

Il_gisacre

Il_gissqft

Il_bldg_footprint_sqft

Il_bldg_count

cdl_raw

cdl_majority_category

Description

On parcel centroid longitude decimal coordinate
Federal Qualified Opportunity Zone
Is this parcel in a US Federal Qualified Opportunity Zone

Examples: Yes, No

Qualified Opportunity Zone Tract Number

Census tract number as it was defined in Dec 2018
when QOZs were designated.
Examples: 30059000100, 30107000100

Census 2020 Tract
Census 2020 Block

Census 2020 Blockgroup
Source Document Reference
A county-provided reference for the parcel record

Source Document Date

A county-provided date for the parcel record
Last County Refresh Date
The last date Regrid updated data from the County.

Source URL

A county-provided URL to the county parcel record

online
Recorded Area (text)

Total Square Footage of Structures

An assessor-provided number in square feet that
indicates the total habitable / taxable area of buildings on

the parcel.
County-Provided Acres

County-Provided Parcel Square Feet

Loveland Calculated Parcel Acres

Parcel acres as calculated by Loveland from the parcel

geometry

Loveland Calculated Parcel Square Feet

Parcel square feet as calculated by Loveland from the

parcel geometry

Loveland Calculated Building Footprint Square Feet

Total building footprint in square feet as calculated by

Loveland

Loveland Calculated Building Count

Total number of buildings on the parcel as calculated by

Loveland

Cropland Data Layer Raw Values

This is an array of [value,percentage] pairs that
represent the pixel classes present in the parcel and
their percentage of the total pixels.

Examples: 36, 60.0, 75, 20.0, 87, 10.0, 190, 10.0

Cropland Data Layer Majority Category
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Datatype

text

text

text
text
text

text
date
date

text

text

integer

double
precision
double
precision
double
precision

bigint

integer

integer

text

text



Field Description Datatype

This is the human readable Category name for the land
cover type that is most common on the parcel.

Examples: Alfalfa

cdl_majority_percent Cropland Data Layer Majority Percent double

This is the actual percentage of pixels for the majority precision

category.
Examples: 60.0

cdl_date Cropland Data Layer Date text

The year of the Cropland Data Layer data set the current
attributes are derived from.
Examples: 2021

plss_township PLSS Township text
Public Land Survey System Township reference.

plss_section PLSS Section text
Public Land Survey System Section reference.

plss_range PLSS Range text
Public Land Survey System Range reference.

reviseddate Date of Last Revision date

The last date of last revision as provided by the county
assessor's office if available.
path Parcel Path text

Examples: /us/mi/wayne/detroit/123, /us/ny/new-
york/manhattan/375553
Il_stable_id Stable ID Status text

Indicates if the path and Il_uuid values have changed
during the last refresh from the county. A value of
'‘preserved' means the 'll_uuid' was matched during
county refresh to the previous data. A 'null’ indicates a
new Il_uuid was generated because the new data was
not matched to the existing data during the county data
refresh process.

Examples: preserved (if unchanged),

Il_uuid uuID uuid

Uniquely identifies a single parcel with a v4 uuid. A
stable parcel id across county data refreshes. This field
should be used for tracking individual parcels.
Examples: 4cc9eda6-883c-4f38-9a07-b44900a64b16

Il_updated_at Updated At timestamp with
time zone

Examples: 2019-06-06 12:45:21.285102-04

dpv_status USPS Delivery Point Validation text
Examples: V, N

dpv_codes Delivery Point Validation Codes text

dpv_notes Delivery Point Validation Notes text

dpv_type Delivery Point Match Type text
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Field

cass_errorno
rdi

usps_vacancy

usps_vacancy_date

padus_public_access

Ibcs_activity

Ibcs_activity_desc

Ibcs_function

Ibcs_function_desc

Ibcs_structure

Ibcs_structure_desc

Ibcs_site

Ibcs_site_desc

Ibcs_ownership

Ibcs_ownership_desc

Description

Examples: H (High Rise), S (Street)
CASS Error Codes

Residential Delivery Indicator

Examples: Y, N

USPS Vacancy Indicator

Examples: Y

USPS Vacancy Indicator Date

Date the vacancy indicator was collected
PAD-US Public Access Designation

United States Geological Survey Protected Areas
Database of the United States Public Access
designation.

Examples: Open Access, Restricted Access, Unknown

(Closed), Closed
Land Use Code: Activity

Actual activity on land, eg farming, shopping,
manufacturing.
Land Use Code Description: Activity

Description of the LBCS numeric code
Land Use Code: Function

Economic function or type of establishment, eg
agricultural, commercial, industrial
Land Use Code Description: Function

Economic function or type of establishment, eg
agricultural, commercial, industrial
Land Use Code: Structure

Type of structure or building, eg single-family house,
office building, warehouse
Land Use Code Description: Structure

Type of structure or building, eg single-family house,
office building, warehouse
Land Use Code: Site

What is on the land

Land Use Code Description: Site

What is on the land

Land Use Code: Ownership

Ownership structure, eg public, private
Land Use Code Description: Ownership

Ownership structure, eg public, private
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Datatype

text

text
text
date

text

numeric

text

numeric

text

numeric

text

numeric
text
numeric

text



Building Schema

Table C.2 Building Schema

Field Description Example

ed_str_uuid Universally Unique ID of the entire 460ec73da847-11eb-b9dd
structure a0369f4d4bda

ed_bld_uuid Universal Unique ID of the building f51e780a9fde-11eb-8ac?
extracted from the structure d89d67c66f28

ed_geoid County FIPS code 1001

ed_lat Latitude of a point in the shape, typically = 25.798749
the centroid

ed_lon Longitude of a point in the shape, typically -80.339941
the centroid

ed_bldg_footprint_sqft Building footprint area in square feet 24052

ed_source Source of the building footprint Aerial Imagery

ed_source_date Date of thebuilding source imagery 11/26/2020
formatted as MM/DD/YYYY

wkt Parcel geometry in Well Known Text (wkt] POLYGON((22.9279 40.7133,
format 122.9287 40.7136122.9287

40.7135-122.9291 40.713%,
122.9279 40.7133))
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Parcel Building Join Table Schema

Field

Il_uuid

ed_str_uuid

ed_bld_uuid

geoid

Table C.3 Parcel Building Join Table Schema

Description
Uniquely identifies a
single parcel

Universally Unique ID of
the entire structure

Universal Unique ID of
the building extracted
from the structure

County FIPS code

Datatype

uuid

text

text

text
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Example
03e304ad4d2¢451e-ac900d9aalb46dcO

460ec73da84711ebb9dd-a0369f4d4bda

f51e780a9f4e-11eb-8ac?#d89d67c66f28
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FEMA Historic GIS Damage Assessment Dat®ictionary

Table C.4 GIS Damage Assessment Data Dictionary

Field Description
Damage Level: The damage category assigned to the structure based on modeled or visual
assessment.
No Damage
Affected
Minor
Major
Destroyed

Damage Type: The type of event that created the damage. Mutient: more than one type of
event created damage.

Assessment Type: The method for assigning a damage category:
Field Assessedamage categoryalidated in the field
Modeled:damage categorpredicted based on modeled winflpod, or surge
data
Other type:damage category predicted based on other type of geospatial ana

Remote Sensing: damage category assigned using image processing and im
validation

Unknown:damage category predicted based on unknown type of analysis
Inundation Depth: Depth of flooding in feet. Predicted/modeled or measured/observed.
Wind Exposure Level: Severity of wind impact the structure experienced based onSafirSimpson

Hurricane Wind Scale or the Enhanced Fujita Rating for Tornados.

Peak Ground Acceleration: = PGA experienced by the structure during an earthquake based on USGS
ShakeMap GIS data.

Accessible: Indicates whether the structure is accessible or inaccessible due to debris,
flooding,damageor other reason.

Production Date: Date when the damage category was assigned.

Imagery Date: Acquisition date of the image that was used to assign structunaladyge
categories.

Event Name: Name of the natural disaster that caused the damage.

Event Date: The date of the event or natural disaster.

Data Producer: Organization that created the damage assessment data.

Disaster Number: Unique ID valuassigned for natural disaster events.

USNG: The USNG grid ID that the structural damage lies within.
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Combined Dataset Feature List

Portions in yellow differ between datasets due to specificeajery collection dates

and flood depth.

'OBJECTID', 'geoid’, ‘address’,
‘Join_Count', 'sourceagent’, ‘address?2’,
'TARGET_FID', '‘parcelnunb’, 'saddno’,
‘Join_Count_1', ‘parcelnumb_no_formatting’, ‘'saddpref’,
"TARGET_FID_1', ‘alt_parcelnumbl’, 'saddstr’,
‘Join_Count_12', ‘alt_parcelnumb?2’, 'saddsttyp’,
'TARGET_FID_12', ‘alt_parcelnumb3', 'saddstsuf’,
‘Join_Count_12_13', 'usecode’, 'sunit’,
‘TARGET_FID_12_ 13/, ‘usedesc’, 'scity’,
‘ed_str_uui', 'zoning', ‘original_address’,
'ed_bld_uui', 'zoning_description’, ‘city’,

'ed_geoid', 'struct’, ‘county’,

‘'ed_lat', 'multistruct’, 'state2’,

‘ed_lon/, 'structno’, 'szip',
'ed_bldg_fo', 'yearbuilt', 'urbanization’,
'ed_source', 'numstories’, 'll_address_count',
'‘ed_souce_’, ‘numunits’, 'location_name',
'PS_85_velocity', 'structstyle’, ‘address_source’,
'PS_85_coherence', 'parvaltype’, 'legaldesc’,
'PS_85_MusSigma', 'improvval’, 'plat’,
'PS_85_Hprecision’, 'landval’, 'book’,

'PS_85 Vprecision', '‘parval’, 'page’,

'PS_85 range’, ‘agval’, 'block’,
'PS_85_azimuth', 'homestead_exemption’, 'lot’,

'PS_85 D 20170905, 'saleprice’, 'neighborhood’,
'PS_85_D 20170917, 'saledate’, 'subdivision’,
'PS_85_ Difference’, ‘taxamt’, lat,
'PS_75_velocity', ‘taxyear’, 'lon’,
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'PS_75_Difference’, ‘'subowntype’, 'sourceurl’,
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‘Join_Count_12 13 14/, 'mail_state2', ‘cdl_majority_percent’,
'TARGET_FID_12_13_14, 'mail_zip', ‘cdl_date",
‘Join_Count_12 13 14 15', 'mail_country', 'plss_township',
"TARGET_FID_12 13 14 15/, 'mail_urbanization’, 'plss_section’,
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'plss_range',
'reviseddate’,

'path’,

'Il_stable_id',

Il_uuid',
'll_updated_at',
'dpv_status’,
'dpv_codes',
'dpv_notes',
'dpv_type',
‘cass_errorno’,

rdi’,

'usps_vacancy',
'usps_vacancy_date’,
'padus_public_access',
'Ibcs_activity',
'Ibcs_activity_desc',
'Ibcs_function’,
'Ibcs_function_desc',
'Ibcs_structure’,
'Ibcs_structure_desc',

'Ibcs_site’,
'Ibcs_site_desc',
'Ibcs_ownership',
'Ibcs_ownership_desc',
'tax_district',
'legal_residace’,
‘other’,

‘agr',
‘deed_book_page',
‘doc_date',
'NEAR_FID',
'NEAR_DIST',
'DMG_LEVEL',
'DMG_TYPE',
'ASMT_TYPE',
'IN_DEPTH',
'WIND_SPEED',
'PGA',
'ACCESS,
'COUNTY_1',
'STATE',
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'PROD_DATE',
'IMG_DATE,
'EVENT_NAME/,
'EVENT_DATE',
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'COMMENTS',
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'LATITUDE',
'USNG/,
'POINTID',
'DEM_ELEVATION',
'F_3_Area,
'F_5_Area’,

'F_8 Area,
'F_10_Area’,
'‘Shape_Length',
'‘Shape_Area’,
‘geometry’



Appendix DT Work Processes

Work Process to Create ~15 sq km boxes
The following steps document the work process and are graphically depi€tgdrie
D.1:
Create a feature layer
Draw a rectangle
Edit > Tools > Divide (into smaller than 15 sq km)
Edit > Save
Select Areas wanted > Data > Layer from Selection
Attribute table > Add (Ensuréext Data Type) > Save > Add Names for each
portion
Analysis > Geoprocessing > Split
Sort Folders into processing areas

1Draw the rectangle over theDaveads fwliei n&demastytepsnto

3Divide ealkédqgskmipreanso 4Save the div,jaddedd ifde attumre bl
to identify files once ex

To o To Do o Do Do Io

5. Select the sections that are desired for PS-InSAR processing, and split using the id attribute added as the “Split Field”

Figure D.1 PSInSAR AOI Preparation
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Work Process to Create PSnSAR Products

The PSINSAR generation model is comprised of six portions:

1. List of folders with AOI and output folders
D:\Praxis_DataSAR_Dats&Florencal\
D:\Praxis_DataSAR_Dats&Florenca2\
D:\Praxis_DataSAR_Dat&Florenca3\
2. lterator to select one folder from the listfofders
3. List of all SLCs used in the PIBSAR process as listed Appendix Ai Data
4. Concatenate the folder name with the standardized shapefile(nem®ghm) f
for AOI use for the input for the AOI field
5. Concatenate the folder nameuldi th the desi
6. Process all the inputs and execute theF@8eration tooFigureD.2

LE‘J SAR Persistent Scatterers *

~

Input File List 3
=

ADI

DEM option | Extract SRTM-3 V4 DEM ~

Outut Catographic SIET  tate GED-GLOBAL
o Hemisphere

Projection GEO

Zone

Hlipsoid WGES34

Datum_Shift

Reference_Height

hput DEM | |-

L4 <l <][€] €

DEMTIFF | |-

Subtract Geocid | Subtract gecid ~

Geoid Type

Dummy Value for DEM TIFF

EGM36  ~
[Nan

Grid size (m) l:l
|

Minimum GQuality Thrashold

Qutput folder

(7] OK || Cancel

Figure D.2 ENVI SARscape Analytics Toolbox SAR Persistent Scatters Tool
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Work Process to Create PSnSAR Product Refinements
This workflow was modeled and semiitomated to complete after each set of PS points

were created seen kigureD.3.

@ SAR Persistent Scatterers-Refinement *
i G Fien. SAR P
Intermediate folder | ! SRR o L wm_’j&i‘:‘mm 3
g = / o=
e [ / |
optional 2 / — /’
- : [ —» >
Minimum Qualty Thrashold (0.7 / * a=
rime Gty ool [078 - o )/ 2=
optional 1 DL:;:TS_"C - o o A
= Generate Fiename SAR Persistent
Qutput folder | \ G > » Scatterers-Refinement .
\ = / o=
[
Delete workingfiles @ Yes (O No /’
Generate Fiename )/ 6
> e >
[7] oK Cancel LS

Figure D.3 ENVI SARscape PSINSAR Refinement Model

The PSINSAR refinement model is comprised of six portions:
Select the input folder with the previously generated PS points
Iterate the AOI folders used in the previgeneration step

Concatenate he f i | ename us e doul\psé63o orfiohtps8im )t p ut
Process PS points at 65% coherence
Process PS points at 85% coherence

ogakhwbhE
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Work Process to Create Additional SAR Products

The process to generate these products are ségguireD.4 andFigureD.5.

SAR Ch:
1 O\mge_r.kiecbon > Detec:;?e > 5
o= o=
1 {URI] Flood_mapping SAR Flood Mapping 5
= i = <
— [

[
23
i

[URI] dem tf

o=

[URI]
32132_20170905T232153

S~ W W N
£
g
3

Figure D.4 ENVI SARscape Additional SAR Products Model

Theadditional SAR products modesl comprised of five sections:
Identify the unique inputs (output folders)

Supply DEM

List Preevent image files

List Postevent image file

Supply AOI boundary to reduce processing time
Process the product using the tools showkigureD.5

o0k whE
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Work Process to CreateDataset

The five models are:
1. Create Water Feature RastergureD.6)
1 Create a polygon and raster mask of all standing water within a AOI not
including ASwampMarsho areas as struct
from the National Hydrography DatageLS. Gelogical Survey, 2018)

Nati oMaaler> Select—>NHDWaterbod Inters ceNHDWaterbs Merge —>. St s Ule sl gprogwz —> Recl assi> %P %W

I np@ounty> Inter ec®NHDWaterbod

P

NHDAr ea

Figure D.6 Create Water Feature RasterArcGIS Model

2. Florence(CharlestonCreate Flood Raster and SAR Intersection Feature Class
(FigureD.7)

1 Create flood raster (water surface elevations) based on stream depth peak
height and the height of the gage at SAR collection time, create SAR
intersection feature classes and collected from National Water Information
Service(U.S. Geological Survey, 2016)
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t
d Ras,
ygon

(RO

Figure D.7 Florence Flood Raster& SAR Intersection FeatureArcGIS Model
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3. Extract Standing Water from Flood Depth M#BkgureD.8)

1 Remove the permanent water features from the flood depth masks to
facilitate SAR intersection, because permanent water features are removed
from the image product automatically.

Out pNid me

%O0u t pNia me

Ma s k —»Extract % poly

7

Il npbhe p.t.h.

%O0u t pNiat me R
oy %g > b

=

Figure D.8 Extract Standing Water from Flood Depth Mask ArcGIS Model

4. Florence(CharlestonDataset Builde(FigureD.9)

1 Combine FBMA Historic dataset, Water, DEM elevation, Flood/parcel
intersections and calculate parcel inundation percentage and depth in the
parcel layer

1 Combine PInSAR layers with building data

91 Spatially join the keeping all structures
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Figure D.9 Florence (Charleston) Dataset BuildeArcGIS Model
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5. Export Combined Datasets to geoJS®igureD.10)
1 Used to export each dataset out of ArcGIS via geoJSON file type

Florence (©)]

Features To
JSON (2)

Select Layer By

** e

Charleston @

Features To
JSON
Select Layer By
Attribute (2) l

Figure D.10 Export Combined Datasets to geoJSOMrcGIS Model
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Appendix E T Expansion ofResults and Validation

Section 4.2 Result§igure E1 - Figure E7

Section 4.4 Resultg&igure E8 - Figure E22

Section 4.5 Result§igureE.23 - FigureE.31
Section 46 Results FigureE.32 - FigureE.40

Section 47 Results FigureE.41 - FigureE.49

Section 48 Results FigureE.50- FigureE.58

Section 49 Results FigureE.59 - FigureE.67

Section 410 Results FigureE.68 - FigureE.76
Section 411 Results FigureE.77 - FigureE.85
Section 412 Results FigureE.86 - FigureE.94
Section 4.14.1 ValidatiorFigureE.95 - FigureE.97
Section 4.14.2 ValidatiorFigureE.98 - FigureE.100
Section 4.14.3 ValidatiorFigureE.101- FigureE.103
Section 4.14.4 ValidatiorigureE.104- FigureE.106
Section 4.14.5 ValidatiorFigureE.107 - FigureE.109
Section 4.14.6 ValidatiorFigureE.110- FigureE.112
Section 4.14.7 ValidatiorigureE.113- FigureE.115
Section 4.14.8 ValidatiorEigureE.116- FigureE.118

140



OBJECTID -

Ibcs_ownership — . u : = .
=} I
II_last_refresh -

NHD_water_reature NN I [ I IS
" ooer, T TR TR 1"
IN_DEPTH

EVENT_DATE -
|ﬂ |‘ Hi '

PS_85_cohe
PS_85_Hpre
P5_85_rang
PS_85_D_20

PS_85_DIff
PS_75_coherence
PS_75_Hprecision
PS_75_range
PS_75_D_20161004
PS_75_Difference
PS_65_coherence
PS_65_Hprecision
PS_65_range
PS_65_D_20161004
PS_65_Difference
TARGET_FID_12_13_14
gisacre

Il_gissqft

IIl_bldg_count
Il_updated_at
Ibcs_activity

Ibcs_structure -
el [m————

LATITUDE
wkb_geometry_Area
F_30_Area
F_58_Area
F_75_Area
Shape_Area

p -

last_refresh

ity

Ibcs_structure

<
S

on
ge

on
ge
PS_65_D_20161004

5_D_20161004

TARGET_FID_12

TARGET_FID_12_13

TARGET FID_1

F 58 _Area
F_75_Area
Shape_Area -

NHD_Water_Feature
IN_DEPTH

EVENT_DATE
LATITUDE

OBJECTID

TARGET FID
NEAR_DIST
wkb_geometry_Area
F_30_Area

updated_at
Ibcs_activi
cs_ownershi

PS 65 _Hpre

5_Difference

PS_75_ran
PS_65_ran

7
PS_65_coherence

TARGET_FID_12 1314

PS_65_Difference

Figure E.1 Unfiltered Correlation Matrix from Hurrica ne Matthew Dataset

PS_85_velo -

PS_75_velocity
PS_75_coherence
PS_75_MuSigma
PS_75_D_20161004
PS_75_D_20161010
PS_75_Difference
PS_65_velocity
PS_65_coherence
P5_65_MuSigma
PS_65_D_20161004
PS_65_D_20161010
PS_65_Difference
NEAR_DIST
DEM_ELEVATION
F_75_Area
IN_DEPTH

DMG_LEVEL

o
o W F PO Mk >YoT O XY EYE O YEZ 8T
T ZsNYN58¢EgEg3ETEgESEE2e RN
>‘UIEIIIQIQ‘M\EEg-—t—iegﬁ{%’-—t-—taﬂ‘z ‘t‘wg
E A R R B A A
| O w2 ww 15 £ 00 %E 713 cox T L ™Z0
Iy w8 2 agnda| a0 o v E 2
A O Y L N N i B R BT S N B B a

R oo wn Sin g oo n =

9o~ KE‘ IR ] EEI o n © =

4 E\E\E 4 zlzwg o
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Figure E.3 Unfiltered Correlation Matrix from Hurricane Irma Dataset
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Figure E.5 Unfiltered Correlation Matrix from Hurricane Harvey Dataset
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Hurricane Matthew at PS_75
Permutation Importance (test set) for
LogisticRegression

IN_DEPTH -
DEM_ELEVATION - %D
F_75_Area - “{

NEAR_DIST A H

0.0 0.1 0.2 0.3 0.4

0.5

Figure E.8 Permutation Importance for Multinomial Logistic Regression model

Hurricane Matthew at PS_75

Recursive Feature Elimination

with correlated features for
LogisticRegression

0.975 A

0.970

0.965

Mean test accuracy

0.960 A

T T T
1.0 1.5 2.0 2.5 3.0 3.5

Number of features selected

4.0

Figure E.9 Recursive Feature Elimination for Multi Log istic Regression model

145



Hurricane Matthew at PS_75
Permutation Importance (test set) for
KNeighborsClassifier
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Figure E.10 Permutation Importance for K-NN model

Hurricane Matthew at PS_75
Permutation Importance (test set) for
AdaBoostClassifier
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Figure E.11 Permutation Importance for AdaBoost model
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Hurricane Matthew at PS_75
Permutation Importance (test set) for
SVC
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Figure E.12 Permutation Importance for Support Vector Machinemodel

Hurricane Matthew at PS_75
Permutation Importance (test set) for
DecisionTreeClassifier
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Figure E.13 Permutation Importance for Decision Tree model

147



Hurricane Matthew at PS_75
Permutation Importance (test set) for
RandomForestClassifier
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Figure E.14 Permutation Importance for Random Forestmodel
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Hurricane Matthew at PS_75
Permutation Importance (test set) for
MLPClassifier
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Figure E.15Permutation Importance for Multilayer Perceptron model
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Hurricane Matthew at PS_75
Permutation Importance (test set) for
StackingClassifier
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Figure E.16 Permutation Importance for Stacking model

Hurricane Matthew at PS_75
Feature Importance (MDI) for
AdaBoostClassifier
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Figure E.17 Mean Decrease Impurityfor AdaBoost model
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Hurricane Matthew at PS_75
Feature Importance (MDI) for
DecisionTreeClassifier
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Figure E.18 Mean Decrease Impurityfor Decision Treemodel

Hurricane Matthew at PS_75
Feature Importance (MDI) for
RandomForestClassifier
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Figure E.19 Mean Decrease Impurityfor Random Forestmodel
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Hurricane Matthew at PS_75
Recursive Feature Elimination
with correlated features for
AdaBoostClassifier
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Figure E.20 RecursiveFeature Elimination for AdaBoost model

Hurricane Matthew at PS_75
Recursive Feature Elimination
with correlated features for
DecisionTreeClassifier
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Figure E.21 RecursiveFeature Elimination for Decision Treemodel
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Hurricane Matthew at PS_75
Recursive Feature Elimination
with correlated features for
RandomForestClassifier
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Figure E.22 RecursiveFeature Elimination for Random Forestmodel
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Figure E.23 Hurricane Matthew MLR
model training confusion matrix
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Figure E.24 Hurricane Matthew MLR
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.99

- Phi coefficient 0.983

- Balanced Accuracy: 0.96

- F1 score: 0.99

precision recall fiscore support
1.0 1.00 1.00 1.00236280
2.0 1.00 089 094 2515
3.0 1.00 1.00 1.00 3254
4.0 0.99 1.001.00 2023
5.0 1.00 099 1.00 1186
accuracy 1.00 245258
macro avg 1.00 0.98 0.99 245258
weighted avg 1.00 100 1.00 24525

Model performance for Test Set
- Accuracy: 0.99

- Phi coefficient 0.980

- Balanced Accuracy: 0.96

- F1 score: 0.99

precision recall fiscore support

1.0 1.00 1.00 1.0059070

2.0 099 0.87 0.93 629

3.0 1.00 099 1.00 814

4.0 1.00 1.00 1.00 506

5.0 1.00 1.001.00 296
accuracy 1.00 61315
macro avg 1.00 0.97 0.98 61315

weighted avg 1.00 1.00 1.00 61315

Figure E.25Hurricane Matthew MLR model performance reports

153



10 700000

758995

600000
2.0

41792

500000

- 400000
3.0

True label

300000

4.0
200000

100000

0
3.0

Predicted label

4.0

Figure E.26 Hurricane Irma MLR
model training confusion matrix
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Figure E.27 Hurricane Irma MLR
model testconfusion matrix

Model performance for Training Set
- Accuracy: 0.934

- Phi coefficient -0.002

- Balanced Accuracy: 0.200

- F1 score: 0.902

precision recall fiscore support
1.0 093 1.00 0.97 759260
2.0 0.00 0.00 0.00 41792
3.0 0.00 0.00 0.00 9088
4.0 0.00 0.00 0.00 2524
5.0 0.00 0.00 0.00 284
accuracy 0.93 8124
macro avg 0.19 0.20 0.19 8129
weighted avg 0.87 0.93 0.90 81294

Model performance for Test Set
- Accuracy: 0.934

- Phi coefficient -0.002

- Balanced Accuracy: 0.200

- F1 score: 0.902

precision recall fiscore support
1.0 093 1.00 0.97 189815
2.0 0.00 0.00 0.00 10448
3.0 0.00 0.00 0.00 2272
4.0 0.00 0.00 0.00 631
5.0 0.00 0.00 0.00 71
accuracy 0.93 203
macro avg 0.19 0.20 0.19 20323
weighted avg 0.87 0.93 0.90 20323

Figure E.28 Hurricane Irma MLR model performa nce reports
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Figure E.29 Hurricane Harvey MLR
model training confusion matrix
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Figure E.30 Hurricane Harvey MLR
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.999

- Phi coefficient: 0.989

- Balanced Accuracy Score: 0.990

- F1 score: 0.999

precision recall fiscore support
1.0 1.00 1.00 1.00 6497910
2.0 1.00 0.97 0.98 156447
3.0 1.00 1.00 1.00 66841
4.0 1.00 098 0.99 16619
5.0 1.00 1.00 1.00 17087
accuracy 1.00 6754
macro avg 1.00 0.99 0.99 67549(
weighted avg 1.00 1.00 1.00 675490

Model performance for Test Set

- Accuracy: 0.999

- Phi coefficient: 0.990

- Balanced Accuracy Score: 0.990
- F1 score: 0.999

precision recall fl-score support
1.0 1.00 1.00 1.00 1624477
2.0 1.00 097 0.98 39112
3.0 1.00 100 1.00 16710
4.0 1.00 098 0.99 4155
5.0 1.00 1.00 1.00 4272
accuracy 1.00 168¢
macro avg 1.00 099 0.99 16887
weightedavg 1.00 1.00 1.00 1688726

Figure E.31 Hurricane Harvey MLR model performance reports
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Figure E.32 Hurricane Matthew K -NN
model training confusion matrix
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Figure E.33 Hurricane Matthew K -NN
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.98

- Phi coefficient 0.966

- Balanced Accuracy: 0.9Y

- F1 score: 0.98

precision recall fiscore support

1.0 099 0.99 0.99 9629

2.0 097 0.96 0.96 1152

3.0 096 0.97 0.96 1368

4.0 0.97 0.97 0.97 845

5.0 0.97 0.96 0.96 549
accuracy 0.98 13543
macro avg 097 097 097 13543

weighted avg 0.98 0.98 0.983543

Model performance for Test Set
- Accuracy: 0.86

- Phi coefficient 0.716

- Balanced Accuracy: 0.767

- F1 score: 0.865

precision recall fiscore support
1.0 0.93 0.92 0.92 2407
2.0 0.68 0.68 0.68 288
3.0 0.70 0.77 0.74 342
4.0 0.79 0.71 0.74 211
5.0 0.72 0.750.73 138
accuracy 0.86 3386
macro avg 0.76 0.77 0.76 3386
weighted avg 087 0.86 0.87 3386

Figure E.34 Hurricane Matthew K-NN model performance reports
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Figure E.35Hurricane Irma K -NN
model training confusion matrix
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Figure E.36 Hurricane Irma K -NN
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.985

- Phi coefficient 0.945

- Balanced Accuracy: 0.96

- F1 score: 0.98%

precision recall fiscore support
1.0 0.99 0.99 0.99 85308
2.0 095 095 0.95 12816
3.0 0.96 0.93 0.94 2168
4.0 096 0.95 0.96 288
5.0 091 1.00 0.95 40
accuracy 0.99 100620
macro avg 096 096 0.96 100620
weighted avg 099 0.99 0.99 10062

Model performance for Test Set
- Accuracy: 0.97

- Phi coefficient 0.913

- Balanced Accuracy: 0.944
-F1 score: 0.97

precision recall fiscore support

1.0 099 0.99 0.99 21327

2.0 092 0.92 0.92 3204

3.0 092 091 09 542

4.0 093 090 0.92 72

5.0 091 1.00 0.95 10
accuracy 0.98 25155
macro avg 093 094 094 25155
weighted avg 0.98 0.98 0.98 25155

Figure E.37 Hurricane Irma K -NN model performance reports
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Figure E.38 Hurricane Harvey K-NN
model training confusion matrix
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Figure E.39 Hurricane Harvey K-NN
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.986

- Phi coefficient: 0.943

- Balanced Accuracy: 0.956

- F1 score: 0.986

precision recall ftscore support
1.0 099 0.99 0.99 325946
2.0 094 094 094 33977
3.0 095 094 0.95 15839
4.0 0.97 0.97 0.97 634
5.0 094 093 0.94 479
accuracy 0.99 376
macro avg 0.96 0.96 0.96 37687
weighted avg 0.99 0.99 0.99 6875

Model performance for Test Set
- Accuracy: 0.985

- Phi coefficient: 0.939

- Balanced Accuracy: 0.956

- F1 score: 0.985

precision recall fiscore support
1.0 099 0.99 0.99 81487
20 094 094 094 8494
3.0 094 094 094 3960
4.0 0.97 096 0.97 159
5.0 092 094 0.93 119
accuracy 0.99 947
macro avg 0.95 096 0.95 9421
weighted avg 099 0.99 0.99 9421¢

Figure E.40 Hurricane Harvey K

-NN model performance reports
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Figure E.41 Hurricane Matthew
AdaBoost model training confusion
matrix
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Figure E.42 Hurricane Matthew
AdaBoostmodel test confusion matrix

Model performance for Training Set
- Accuracy: 0.58

- Phi coefficient 0.220

- Balanced Accuracy: 0.44

- F1 score: 0.60

precision recall ftscore support

1.0 0.78 0.67 0.729629

2.0 0.24 0.39 0.291152

3.0 0.22 0.34 0.261368

4.0 035 029 0.32 845

5.0 062 051 0.56 549
accuracy 0.58 13543
macro avg 0.44 044 0.43 13543
weighted avg 0.64 058 0.61 13543

Model performance for Test Set
- Accuracy: 0.5%

- Phi coefficient 0.193

- Balanced Accuracy: 0.44

- F1 score: 0.584

precision recall fiscore support

1.0 0.77 0.64 0.702407

2.0 0.22 039 0.28 288

3.0 0.19 0.33 0.24342

4.0 0.36 027 0.31 211

5.0 056 0.47 051 138
accuracy 0.56 3386
macro avg 0.42 042 0.41 3386

weightedavg 0.63 056 0.58 3386

Figure E.43 Hurricane Matthew AdaBoost model performance reports
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Figure E.44 Hurricane Irma AdaBoost
model training confusion matrix
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Figure E.45Hurricane Irma AdaBoost
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.72

- Phi coefficient 0.005

- Balanced Accuracy: 0.400

- F1 score: 0.B60

precision recall fiscore support

1.0 0.85 0.93 0.89 85308

2.0 0.13 0.04 0.06 12816

3.0 0.02 0.02 0.02 2168

4.0 0.02 @9 0.03 288

5.0 090 0.93 0.91 40
accuracy 0.79 100620
macro avg 0.38 040 0.38 100620
weighted avg 0.74 0.79 0.76 10062

Model performance for Test Set
- Accuracy: 0.792

- Phi coefficient 0.008

- Balanced Accuracy: 0.400

- F1 score: 0.760

precision recall fiscore support

1.0 0.85 0.93 0.89 21327

2.0 0.14 0.04 0.07 3204

3.0 0.02 0.02 0.02542

4.0 0.01 0.06 0.02 72

5.0 0.89 0.80 0.84 10
accuracy 0.79 25155
macro avg 0.38 0.37 0.37 25155

weighted avg 0% 079 0.76 25155

Figure E.46 Hurricane Irma AdaBoost model performance reports
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Figure E.47 Hurricane Harvey
AdaBoost model training confusion
matrix
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Figure E.48 Hurricane Harvey
AdaBoost model test confusion matrix

Model performance for Training Set
- Accuracy: 0.535

- Phi coefficient: 0.019

- Balanced Accuracy: 0.320

-F1 score: 0.617

precision recall fiscore support precision recall fiscore support
1.0 0.87 058 0.70 325946 1.0 0.87 0.58 0.70 81487
2.0 0.10 0.24 0.14 33977 2.0 0.10 024 0.14 8494
3.0 0.05 0.24 0.08 15839 3.0 0.05 0.24 0.08 3960
4.0 0.14 0.16 0.15 634 4.0 0.11 011 o0.11 159
5.0 o9 039 0.52 479 5.0 081 052 0.63 119
accuracy 0.54 376] accuracy 0.53 947
macro avg 039 0.32 0.32 37687 macro avg .89 0.34 0.33 94219
weighted avg 0.76 054 0.62 37687} weighted avg 0.76 053 0.62 9421¢

Model performance for Test Set
- Accuracy: 0.533

- Phi coefficient: 0.017

- Balanced Accuracy: 0.320
-F1 score: 0.618

Figure E.49 Hurricane Harvey AdaBoost model performance reports

161



r 8000

r 6000

True label

4000

2000

1.0

3.0
Predicted label

4.0 5.0

Figure E.50 Hurricane Matthew SVM
model training confusion matrix
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Figure E.51 Hurricane Matthew SVM
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.998

- Phi coefficient 0.996

- Balanced Accuracy: 0.994

- F1 score: 0.998

precision recall fiscore support precision recall fiscore support

1.0 1.00 1.00 1.00 9629 1.0 098 1.00 0.99 2407

2.0 1.00 1.00 1.00 1152 2.0 099 0.97 0.98 288

3.0 099 1.00 0.99 1368 3.0 099 096 0.98 342

4.0 1.00 099 0.99 845 4.0 1.00 093 0.97 211

5.0 1.00 098 0.99 549 5.0 0.99 096 0.97 138

accuracy 1.00 13§ accuracy 099 33
macro avg 1.00 099 1.00 13543| macro avg 099 096 0.98 3386
weighted avg 1.00 100 1.00 13543 weighted avg 099 099 099 3386

Model performance for Test Set
- Accuracy: 0.986

- Phi coefficient 0.970

- Balanced Accuracy: 0.964

- F1 score: 0.986

Figure E.52 Hurricane Matthew SVM model performance reports

162



. 84932 366

12098

5

23

r 80000

[ 70000

60000

[ 20000

. 21153 169 5

r 17500

225

2967

12

F 15000

[ 50000

- 40000

True label

30000

20000

10000

2.0 3.0

Predicted label

4.0 5.0

Figure E.53 Hurricane Irma SVM
model training confusion matrix
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Figure E.54 Hurricane Irma SVM
model test confision matrix

Model performance for Training Set
- Accuracy: 0.987

- Phi coefficient 0.952

- Balanced Accuracy: 0.944

- F1 score: 0.987

Model performance for Test Set
- Accuracy: 0.981

- Phi coefficient: 0.929

- Balanced Accuracy: 0.936
-F1 score: 0.981

precision recall fiscore support
1.0 099 1.00 0.99 85308
2.0 097 094 0.96 12816
3.0 098 0.92 0.95 2168
4.0 0.97 096 0.96 288
5.0 1.00 @ 0.95 40
accuracy 0.99 100
macro avg 098 094 0.96 10067
weighted avg 099 0.99 0.99 10062

precision recall fiscore support
1.0 099 099 0.99 21327
2.0 094 093 0.93 3204
3.0 096 091 0.93 542
4.0 099 0.96 0.97 72
5.0 1.00 090 0.95 10
accuracy 0.98 25155
macro avg 098 094 096 2515
weighted avg 0.98 0.98 0.98 25155

Figure E.55Hurricane Irma SVM model performance reports
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Figure E.56 Hurricane Harvey SVM
model training confusion matrix
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Figure E.57 Hurricane Harvey SVM
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.988

- Phi coefficient: 0.950

- Balanced Accuracy: 0.962

- F1 score: 0.988

precision recall fiscore support
1.0 099 0.99 0.99 325946
2.0 095 095 0.95 33977
3.0 095 0.96 .96 15839
4.0 0.98 0.96 0.97 634
5.0 093 096 0.94 479
accuracy 0.99 376
macro avg 096 096 0.96 37687
weighted avg 099 099 0.99 37687

Model performance for Test Set
- Accuracy: 0.984

- Phi coefficient: 0.936

- Balanced Accuracy: 0.952

- F1 score: 0.984

precision recall fiscore support
1.0 099 099 0.99 81487
2.0 093 094 094 8494
3.0 093 0.94 0.94 3960
4.0 099 093 0.96 159
5.0 0.88 0.96 0.92 119
accuracy 0.98 947
macro avg 0.95 095 0.95 9421
weighted avg 0.98 0.98 0.98 94219

Figure E.58 Hurricane Harvey SVM model performance reports
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Figure E.59 Hurricane Matthew
Decision Tree model training confusion
matrix
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Figure E.60 Hurricane Matthew
Decision Tree model test confusion
matrix

Model performance for Training Set
- Accuracy: 0.962

- Phi coefficient 0.918

- Balanced Accuracy: 0.893

-F1 score: 0.961

precision recall fiscore support

1.0 096 1.00 0.98 9629

2.0 097 0.87 0.92 1152

3.0 096 0.92 0.941368

4.0 098 0.86 0.91 845

5.0 098 0.82 0.89 549
accuracy 0.96 13f
macro avg 097 0.89 093 1354
weightedavg 0.96 0.96 0.96 13543

Model performance for Test Set
- Accuracy: 0.924

- Phi coefficient 0.836

- Balanced Accuracy: 0.835

- F1 score: 0.923

precision recall fiscore support
1.0 094 0.97 96. 2407
2.0 087 0.80 0.83 288
3.0 0.87 0.87 0.87 342
4.0 092 0.73 0.82 211
5.0 085 0.80 0.83 138
accuracy 092 33
macro avg 0.89 0.83 0.86 3386
weighted avg 092 092 092 3386

Figure E.61 Hurricane Matthew Decision Tree model performance reports
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Figure E.62 Hurricane Irma Decision
Tree model training confusion matrix
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Figure E.63 Hurricane Irma Decision
Tree model test confusion matrix

Model performance for Training Set
- Accuracy: 0.898

- Phi coefficient 0.542

- Balanced Accuracy: 0.482

-F1 score: 0.877

precision recall fiscore support
1.0 090 1.00 0.94 85308
2.0 091 0.37 0.52 12816
3.0 096 0.28 0.44 2168
4.0 086 P4 0.37 288
5.0 1.00 053 0.69 40
accuracy 0.90 100
macro avg 092 048 0.59 10067
weighted avg 090 0.90 0.88 10062

Model performance for Test Set
- Accuracy: 0.890

- Phi coefficient 0.496

- Balanced Accuracy: 0.428

- F1 score: 0.867

precision recall fiscore support
1.0 089 099 0.94 21327
2.0 0.86 0.33 0.47 3204
3.0 090 0.25 0.40 542
4.0 0.75 0.17 0.27 72
5.0 1.00 0.40 0.57 10
accuracy 0.89 251
macro avg 0.88 043 053 2515
weighted avg 0.89 0.89 0.87 25155

Figure E.64 Hurricane Irma Decision Tree model performance reports
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Figure E.65 Hurricane Harvey Decision
Tree model training confusion matrix
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Figure E.66 Hurricane Harvey Decision
Tree model test confusion matrix

Model performance for Training Set
- Accuracy: 0.933

- Phi coefficient: 0.691

- Balancel Accuracy: 0.657

- F1 score: 0.925

precision recall fiscore support
1.0 093 0.99 0.96 325946
2.0 094 052 0.67 33977
3.0 090 0.58 0.70 15839
4.0 097 057 0.72 634
5.0 092 0.62 0.74 479
accuracy 0.93 376875
macro avg 093 066 0.76 37687
weighted avg 093 0.93 0.93 37687

Model performance for Test Set
- Accuracy: 0.931

- Phi coefficient: 0.678

- Balanced Accuracy: 0.640
-F1 score: 0.9224

precision recall fiscore support
1.0 093 0.99 0.96 81487
2.0 092 051 0.66 8494
3.0 089 056 0.69 3960
40 098 058 0.73 159
5.0 0.84 055 0.66 119
accuracy 0.93 947
macro avg 091 0.64 0.74 9421
weighted avg 0.93 0.930.92 94219

Figure E.67 Hurricane Harvey Decision Tree model performance reports
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Figure E.68 Hurricane Matthew
Random Forest model training
confusion matrix
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Figure E.69 Hurricane Matthew
Random Forest model test confusion
matrix

Model performance for Training Set
- Accuracy: 0.998

- Phi coefficient 0.995

- Balanced Accuracy: 0.992

- F1 score: 0.998

precision recall ftscore support

1.0 1.00 1.00 1.00 9629

2.0 1.00 1.00 1.00 1152

3.0 0.99 0.99 0.991368

4.0 099 099 0.99 845

5.0 1.00 098 0.99 549
accuracy 1.00 13§
macro avg 1.00 099 0.99 1354
weightedavg 1.00 1.00 1.00 13543

Model performance for Test Set
- Accuracy: 0.982

- Phi coefficient 0.962

- Balanced Accuracy: 0.953

- F1 score: 0.982

precision recall fiscore support

1.0 0.98 1.00 0.99 2407

2.0 0.98 0.95 0.97 288

3.0 099 094 0.97 342

4.0 099 094 0.97 211

5.0 0.98 0.93 0.96 138

accuracy 0.98 33
macro avg 0.99 095 0.97 3384
weighted avg 098 098 098 3386

Figure E.70Hurricane Matthew Random Forest model performance reports
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Figure E.71 Hurricane Irma Random
Forest model training confusion matrix
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Figure E.72Hurricane Irma Random
Forest model test confusion matrix

Model performance for Training Set
- Accuracy: 0.890

- Phi coefficient 0.499

- Balanced Accuracy: 0.447

- F1 score: 0.862

precision recall ftscore support
1.0 089 1.00 0.94 85308
2.0 098 0.28 0.44 12816
3.0 097 029 044 2168
4.0 1.00 0.17 0.29 288
5.0 1.00 050 0.67 40
accuracy 0.89 100
macro avg 0.97 0.45 0.55 10062
weighted avg 090 0.89 0.86 10062

Model performance fa Test Set
- Accuracy: 0.882

- Phi coefficient 0.450

- Balanced Accuracy: 0.426

- F1 score: 0.849

precision recall fiscore support
1.0 0.88 1.00 0.94 21327
2.0 0.98 0.23 0.37 3204
3.0 094 0.24 0.38 542
4.0 1.00 0.17 0.29 72
5.0 1.00 050 0.67 10
accuracy 0.88 251
macro avg 0.96 043 0.53 25155
weighted avg 0.89 0.88 0.85 25155

Figure E.73 Hurricane Irma Random Forest model performance reports
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Figure E.74 Hurricane Harvey Random
Forest model training confusion matrix
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Figure E.75Hurricane Harvey Random
Forest model test confusion matrix

Model performance for Training Set
- Accuracy: 0.943

- Phi coefficient: 0.744

- Balanced Accuracy: 0.672

- F1 score: 0.937

precision recall fiscore support
1.0 094 1.00 0.97 325946
2.0 098 058 0.73 33977
3.0 097 0.63 0.76 15839
4.0 098 0.72 0.83 634
5.0 095 043 0.60 479
accuracy 0.94 376875
macro avg 096 0.67 0.78 37687
weighted avg 095 094 094 37687

Model performance for Test Set
- Accuracy: 0.942

- Phi coefficient: 0.735

- Balanced Accuracy: 0.666
-F1 score: 0.935

precision recall fiscore support
1.0 094 1.00 0.97 81487
2.0 097 057 0.72 8494
3.0 096 0.61 0.75 3960
4.0 ®m8 0.71 0.82 159
5.0 095 0.44 0.60 119
accuracy 0.94 947
macro avg 0.96 0.67 0.77 9421
weighted avg 094 094 094 94219

Figure E.76 Hurricane Harvey Random Forest model performance reports
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Figure E.77 Hurricane Matthew MLP
model training confusion matrix
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Figure E.78 Hurricane Matthew MLP
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.776

- Phi coefficient 0.432

- BalancedAccuracy: 0.414

-F1 score: 0.734

precision recall fiscore support precision recall fiscore support

1.0 0.78 0.98 0.87 9629 1.0 0.76 0.96 0.85 2407

2.0 069 0.28 0.39 1152 2.0 050 0.212 0.30 288

3.0 0.78 0.28 041 1368 3.0 063 025 0.36 342

4.0 0.73 030 0.42 845 4.0 0.57 0.17 0.26 211

5.0 0.78 0.24 0.37 549 5.0 0.68 0.20 0.30 138

accuracy 0.78 135 accuracy 0.74 33
macro avg 0.75 041 049 1354] macro avg 0.63 036 041 3386
weighted avg 0.77 0.78 0.73 13543 | weighted avg 0.71 0.74 0.69 3386

Model performance for Test Set
- Accuracy: 0.741

- Phi coefficient 0.318

- Balanced Accuracy: 0.357
-F1 score: 0.692

Figure E.79 Hurricane Matthew

MLP model performance reports
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Figure E.80Hurricane Irma MLP
model training confusion matrix
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Figure E.81 Hurricane Irma MLP
model test confision matrix

Model performance for Training Set
- Accuracy: 0.852

- Phi coefficient 0.159

- Balanced Accuracy: 0.352

-F1 score: 0.791

Model performance for Test Set
- Accuracy: 0.851

- Phi coefficient: 0.139

- Balanced Accuracy: 0.328
-F1 score: 0.789

precision recall fiscore support
1.0 0.85 1.00 0.92 85308
2.0 0.72 0.03 0.06 12816
3.0 0.77 0.09 0.16 2168
4.0 1.00 0.02 0.04 288
5.0 1.00 6 0.77 40
accuracy 0.85 100
macro avg 0.87 035 0.39 10067
weighted avg 0.83 0.85 0.79 10062

precision recall fiscore support
1.0 085 1.00 0.92 21327
2.0 0.69 0.03 0.05 3204
3.0 0.72 0.06 0.11 542
4.0 1.00 0.06 0.11 72
5.0 1.00 050 0.67 10
accuracy 0.85 251
macro avg 85 033 037 25155
weighted avg 0.83 0.85 0.79 25155

Figure E.82 Hurricane Irma MLP model performance reports
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Figure E.83 Hurricane Harvey MLP
model trainin g confusion matrix
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Figure E.84 Hurricane Harvey MLP
model test confusion matrix

Model performance for Training Set
- Accuracy: 0.868

- Phi coefficient: 0.157

- Balanced Accuracy: 0.381

-F1 score: 0.812

precision recall fiscore support
1.0 0.87 1.00 0.93 325946
2.0 0.67 0.02 0.03 33977
3.0 0.84 0.05 0.09 15839
4.0 0.83 0.44 0.57 634
5.0 0.67 0.40 0.50 479
accuracy 0.87 376
macro avg 0.77 038 0.43 37687
weighted avg 0.85 0.87 0.8376875

Model performance for Test Set
- Accuracy: 0.868

- Phi coefficient: 0.146

- Balanced Accuracy: 0.356
-F1 score: 0.811

precision recall f11

1.0 087 1.00 0.93 81487

2.0 069 0.01 0.03 8494

3.0 0.79 0.04 0.08 3960

4.0 0.75 0.37 0.50 159

5.0 0.55 0.35 0.43 119
accuracy 0.87 947
macro avg 0.73 036 0.39 9421

weighted avg 0.85 0.87 0.81 94219

Figure E.85Hurricane Harvey MLP model performance reports
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Figure E.86 Hurricane Matthew
ensemble model test confusion matrix
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Figure E.87 Hurricane Matthew
ensemblemodel test confusion matrix

Model performance for Training Set
- Accuracy: 0.998

- Phi coefficient 0.996

- Balanced Accuracy: 0.995

- F1 score: 0.998

precision recall ftscore support
1.0 1.00 1.00 1.009629

2.0 1.00 100 1.00 1152

3.0 099 1.00 0.99 1368

4.0 1.00 099 0.99 845

5.0 099 0.99 0.99 549
accuracy 1.00 134
macro avg 1.00 100 1.00 1354
weighted avg 1.00 1.00 1.00 13543

Model performance fa Test Set
- Accuracy: 0.987

- Phi coefficient 0.972

- Balanced Accuracy: 0.965

- F1 score: 0.987

precision recall fiscore support
1.0 099 1.00 0.99 2407
2.0 099 0.97 0.98288

3.0 0.97 0.97 0.97 342

4.0 1.00 093 0.97 211

5.0 096 0.96 0.96 138
accuracy 099 33
macro avg 098 0.97 097 3386
weighted avg 099 099 099 3386

Figure E.88 Hurricane Matthew ensemble modeperformance reports
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Figure E.89 Hurricane Irma ensemble
model training confusion matrix
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Figure E.90 Hurricane Irma ensemble
model test confusion matrix

Model performance forTraining Set
- Accuracy: 0.987

- Phi coefficient 0.951

- Balanced Accuracy: 0.945

- F1 score: 0.987

precision recall fiscore support
1.0 099 1.00 0.99 85308
2.0 097 094 0.96 12816
3.0 098 093 0.95 2168
4.0 097 096 0.96 288
5.0 1.00 090 0.95 40
accuracy 0.99 100
macro avg 098 094 0.96 10062
weighted avg 099 0.99 0.99 10062

Model performance for Test Set
- Accuracy: 0.981

- Phi coefficient 0.929

- Balanced Accuracy: 0.936
-F1 score: 0.981

precision recall fiscore support
1.0 099 099 0.99 21327
2.0 094 093 0.93 3204
3.0 096 091 0.93 542
4.0 0.99 0.96 0.97 72
5.0 1.00 090 0.95 10
accuracy 0.98 251
macro avg 098 094 095 2515
weighted avg 0.98 0.98 0.98 25155

Figure E.91 Hurricane Irma ensemble model performance reports
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Figure E.92 Hurricane Harvey
ensemble modetraining confusion
matrix
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Figure E.93 Hurricane Harvey
ensemble modetest confusion matrix

Model performance for Training Set
- Accuracy: 0.987

- Phi coefficient: 0.945

- Balanced Accuracy: 0.960

- F1 score: 0.987

precision recall fiscore sipport
1.0 099 0.99 0.99 325946
2.0 095 094 0.95 33977
3.0 095 095 0.95 15839
4.0 098 0.96 0.97 634
50 093 096 094 479
accuracy 0.99 376
macro avg 0.96 0.96 0.96 37687
weighted avg 099 099 0.99 37687

Model performance for Test Set
- Accuracy: 0.985

- Phi coefficient: 0.939

- Balanced Accuracy: 0.953

- F1 score: 0.985

precision recall fiscore support
1.0 099 0.99 0.99 81487
2.0 094 094 094 8494
3.0 094 094 094 3960
4.0 099 093 0.96 159
5.0 0.88 0.96 0.92 119
accuracy 0.99 947
macro avg 0.95 0.95 0.95 94219
weighted avg 099 0.99 0.99 94219

Figure E.94 Hurricane Harvey ensemble model performance reports
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Figure E.95ROC-AUC Curve for Hurricane Matthew MLR model

Figure E.96 ROC-AUC Curve for Hurricane Irma MLR model
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