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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 

weather-driven disaster events exceeding $1B in the United States in 2021, resulting in 

688 deaths and totaling an estimated $145B in damage. This Praxis develops methods to 

reduce time creating a traditional survey-based preliminary damage assessment by 

creating a predictive machine learning model. The basis of the model is persistent-scatter 

interferometric synthetic aperture radar derived from the European Space Agencyôs 

Sentinel-1 mission at 5 x 20 meter resolution and ancillary geospatial information 

managed in a geographic information system. This research uses historical Federal 

Emergency Management Agency damage assessments from three hurricanes 2016 

Matthew, 2017 Irma, and 2017 Harvey to develop and test the framework and subsequent 

models. This research builds on the current body of knowledge using machine learning 

with other remote sensing phenomenology and ancillary geospatial information to predict 

binary damage categorization within structures.  

 The impact of this research is using persistent-scatter interferometric synthetic 

aperture radar data to create a damage categorization prediction model fused with 

geographic information system in hours vice weeks with traditional methods.  The novel 

contributions of this research are developing a framework and rapid process to move 

from synthetic aperture radar single look complex images and structured geographic 

information system to categorical structural damage prediction at greater than 98% 

accuracy across all studied datasets.  
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Glossary of Terms 

 

 

Accuracy In machine learning, accuracy is defined as the number of correct 

predictions divided by total predictions. 

Damage 

Assessment 

Damage assessment is a process to determine the severity and 

magnitude of a disaster within a community. 

Damage 

Categorization 
Department of Homeland Security (DHS) Federal Emergency 

Management Agency (FEMA) defines the four damage categories as 

affected, minor, major, and destroyed to standardize disaster reporting 

and support rapid assessment, each category is defined in FEMA 

Preliminary Damage Assessment Guide and Damage Assessment 

Operations Manual. Degree of damage to impacted residences (FEMA, 

2016, 2021b):  

Destroyed Total loss of structure, structure is not economically feasible to repair, 

or complete failure to major structural components (e.g., collapse of 

basement walls/foundation, walls, or roof)   

Major 

Damage 

Substantial failure to structural elements of residence (e.g., walls, 

floors, foundation), or damage that will take more than 30 days to 

repair 

Minor 

Damage 

Home is damaged and uninhabitable, but may be made habitable in a 

brief period of time with repairs 

Affected Some damage to the structure and contents, but still habitable. 
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Double-

bounce scatter 

 

SAR phenomenon where structures produce multiple signal returns due 

to structural geometry, resulting in a more intense return. 

FEMA The Federal Emergency Management Agency (FEMA) is responsible 

for leading the Nation's efforts to prepare for, protect and mitigate 

against, respond to, and recover from the impacts of natural disasters 

and human-made incidents or terrorist events. 

geoJSON An open standard format designed for representing simple 

geographical features, along with their non-spatial attributes. 

GIS A geographic information system is a conceptualized framework that 

can capture and analyze spatial and geographic data. 

Ground Track The path directly beneath an aircraft or spacecraft trajectory. 

Ground Truth Information provided from direct observation as opposed from 

inference. 

HAZUS-MH FEMA produced the HAZUS- Multi Hazard standards based, risk 

analysis tool running on the ArcGIS platform, preforming risk 

mitigation and hazard modeling (flooding, earthquake, tsunami, 

hurricane). 

Inaccessible Floodwaters are blocking access to residences by covering, washing 

out, or destroying roads, bridges, or access routes, and the degree of 

damage cannot be visually verified. Debris from landslides, mudslides, 

severe soil erosion, or blowdown blocks access to residences by 

disrupting or destroying roads, bridges, or access routes, and the degree 

of damage cannot be visually verified. 
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Interferometry The use of superimposed waves to determine information such as a 

change in structure elevation. 

Layover Within SAR imagery the appearance that the top of a structure in 

nearer to the sensor due to the radar wave reaching the top of the 

structure prior to reaching the ground. 

Matthews 

correlation 

coefficient 

 

See Phi Coefficient 

Multi -

temporal 

analysis 

The multitemporal analysis focuses on using high-temporal (e.g., daily 

or every 8ï16 days) satellite remote sensing data rather than a single 

image ñsnapshotò analytic approach. 

Phi 

Coefficient 

Also known as Matthews correlation coefficient (MCC) is known as a 

robust indicator for comparing classifiers on different datasets and 

differing class sizes 

Revisit Period for a satellite to cover the same ground track over the earth.  

Scatter The reflectance from a radar signal is known as scatter, the difference 

between power transmitted and received. 

Slant Range The direct line of sight distance from the sensor to the target without 

projection, varies by look angle.  

Speckle Noise texture due to multiple signal returns within a sample resulting 

in a grainy or salt and pepper look. 
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Synthetic 

Aperture 

Radar 

Synthetic-aperture radar is a form of radar used to create two-

dimensional images or three-dimensional reconstructions of objects, 

such as landscapes. SAR uses the motion of the radar antenna over a 

target region to provide finer spatial resolution than conventional 

stationary radars. 
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Chapter 1 Introduction  

 

1.1 Background 

 According to the National Centers for Environmental Information, there were twenty 

weather-driven disaster events exceeding $1B in the United States in 2021, resulting in 

688 deaths and totaling an estimated $145B in damage (Smith, 2022). While expedited 

emergency declarations provide resources to the disaster area before a joint preliminary 

damage assessment (PDA) completion, typical timelines 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), with the Federal Emergency Management 

Agency (FEMA) compiling for the nation (FEMA, 2021b). Delayed access to required 

resources endangers community rebuilding, as seen in the wake of Hurricane Katrina, 

where communities experienced reduced population three years after the event (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 days. Remote sensing offers opportunities to increase the area surveyed and 

removes travel time. Using open source /commercial imagery relieves emergency 

managers of policy constraints on gaining access to National Technical Means domestic 

imagery provided by the U.S. Intelligence Community. The timeliness of damage 

imagery is critical in assessing damage and getting assistance to vulnerable communities. 
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 This Praxis details a machine learning model using fused multi-temporal 

interferometric synthetic aperture radar (MT-InSAR) and geographic information system 

(GIS) data to predict structural damage. Using earth observing open-source imagery 

includes reduced reliance on contractual actions to purchase SAR imagery and having 

sufficient collections before and after the disaster. Additionally, by using an industry-

standard system to display the model results, amplifying data can augment the predictive 

model (survey inputs, higher-resolution imagery, additional data sources) and assist in 

identifying safe areas and areas to focus recovery efforts. 

1.2 Research Motivation 

 Emergency managers balance prioritization of providing shelter for vulnerable 

populations, mitigating critical infrastructure shortfalls, and recovery efforts to 

reestablish communities impacted by disaster (Ghannad et al., 2020; Ghannad et al., 

2021). Damage assessments create a baseline of situational awareness for emergency 

managers and municipalities to recover. Resource allocation depends on prioritizing 

disaster recovery efforts based on many inputs, including socioeconomic demographics, 

the criticality of infrastructure, and damage assessment (Ghannad et al., 2021). The goal 

of emergency management is to prevent crisis through preparation and restoring services 

and infrastructure functionality when a response is needed.  

1.3 Problem Statement 

 Assessing large-scale damage traditionally is time-consuming and incomplete due to 

inaccessible areas, resulting in reduced situational awareness of public sector emergency 

managers to determine the extent of damage compounded with limited optical remote 

sensing options.  
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 Traditional large scale disaster damage assessments (windshield surveys, door-to-

door inspections) are time-consuming and are subject to inaccessible, damaged areas (Y. 

Chen & Ji, 2021a; FEMA, 2016). Public sector emergency managers are unable to begin 

disaster recovery efforts without the damage assessment to determine priorities and 

available relief sources (FEMA, 2016; Ghannad et al., 2021). A 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 resources to stabilize a community and 

begin the recovery effort.  

1.4 Thesis Statement 

 A damage categorization model combining synthetic aperture radar products and 

geographic information systems reduces damage assessment generation time, reducing 

human interaction time, thereby improving situational awareness and decision-making 

abilities. 

 This Praxis develops a predictive structure damage categorization model using SAR 

processing, data fusion, and machine learning to accurately predict structural damage in a 

target post-disaster area by combining the GIS and SAR data sources. The model aims to 

support emergency managers by reducing damage assessment generation time, increasing 

situational awareness, and providing an industry-standard format to use the model 

information. 

1.5 Research Objectives 

The primary research objectives in this Praxis are: 
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1. Determine and 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 learning damage categorization predictive model to 

support emergency managers and public sector administrators in making 

informed disaster response and recovery decisions. 

3. Develop a geographic information system map/dashboard to represent the 

output of the model using industry-standard tools to streamline use for the 

end-users. 

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 features are required for a structural damage categorization 

prediction model utilizing MT-InSAR and GIS post-disaster? 

RQ2: Which proposed prediction model is most effective in categorizing 

structural damage based on GIS and MT-InSAR data? 

RQ3: Does a model developed with MT-InSAR with a 5-by-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 significant 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-1 

Score, Phi Coefficient, and Balanced Accuracy greater than or equal to 80%. 
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H3: A K-Nearest Neighbors model can be developed to accurately predict 

structural damage categorization solely using MT-InSAR data with F-1 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 MT-InSAR data with F-1 Score, 

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

H5: A Support Vector Machine model can be developed to accurately predict 

structural damage categorization solely using MT-InSAR data with F-1 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 MT-InSAR data with F-1 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 MT-InSAR data with 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 MT-InSAR data with F-1 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 and MT-InSAR data with F-1 Score, Phi 

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

H10: This predictive model improves structural damage 

categorization accuracy as compared to existing models based on the F-1 Score, 

Phi Coefficient, and Balanced Accuracy values. 
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1.7 Scope of Research 

 Emergency managers face many challenges, including widespread and dynamic 

scenarios with little warning that alters many lives due to casualty, property damage, or 

economic loss. This Praxis will create a structural damage prediction model that 

combines several data sources, including MT-InSAR complex imagery and GIS 

information (digital elevation model, parcel information, building footprints, 

demographics, and hydrological data), improving on existing predictive damage 

assessment models. The model will predict post-disaster structural damage, enabling 

emergency managers to understand the breadth and depth of damage within a large-scale 

area. Emergency managers will use the output of the model to improve situational 

awareness, inform resource allocation, and prioritize recovery efforts. The framework 

and model will then be exercised against the 2017 Hurricane Harvey, Houston, TX 

dataset. This dataset is used for comparison against an established damage categorization 

model by Cao to equate performance and accuracy based on the F-1 Score, Phi 

Coefficient, and Balanced Accuracy values (2020). 

1.8 Research Limitations  

 This research is limited to the data set surrounding Hurricane Matthew, which formed 

on September 28, 2016, and dissipated on October 10, 2016, Hurricane Irma which 

formed August 30, 2017, and dissipated September 13, 2017, and Hurricane Harvey 

which formed August 17, 2017, and dissipated September 2, 2017. All GIS data is 

publicly available from the Federal and State governments. All SAR data is publicly 

available from the European Space Agency (ESA) Copernicus Program and retrieved via 

the National Aeronautics and Space Administration (NASA) Alaska Satellite Facility 
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(ASF) Distributed Active Archive Centers (DAAC). The public SAR imagery used for 

this Praxis is collected by the ESA Sentinel-1A/B satellites. Each Sentinel-1 satellite has 

a 12-day revisit period, and the satellite pair is phased, reducing to a six-day revisit cycle. 

A potential limitation is due to images collected outside peak flood conditions, storm 

surge conditions, and therefore the flood waters may have subsided. Higher resolution 

and more responsive SAR assets are available for a real-time emergency, further reducing 

the timeline for categorization, but they are not evaluated during this Praxis. The historic 

damage assessment information used as ground truth includes 14,134 damage 

assessments from Hurricane Matthew, 24,682 from Hurricane Irma, and 46,004 from 

Hurricane Harvey over a geographically dispersed area; however, this is still a small 

fraction of the full FEMA dataset of over 930,839, and heavily biased flood damage 

(664,055). 

 The models developed are trained, validated, and tested using historical hurricane 

data. However, several types of disasters (fire, flood, tornado, landslide, earthquake, 

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 of the Praxis research is as follows. Chapter two reviews peer-

reviewed literature and discusses key themes such as multi-temporal interferometric 

synthetic aperture radar, geographic information systems associated with remote sensing, 

information fusion, and machine learning models. Chapter three presents the research 

methodology on dataset management and processing, model design, critical success 
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factor predictors, machine learning models, and model performance evaluation metrics. 

Chapter four consists of results and observations detailing the performance of the model. 

Chapter five concludes the Praxis by outlining contributions to the body of knowledge 

and future research recommendations.   
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Chapter 2 Literature Review 

 

2.1 Introduction  

 This literature review details the background and prevalence of damage assessment 

methodologies, how the United States Federal Emergency Management Agency (FEMA) 

currently categorizes structural damage, and how geospatial resources are used to conduct 

damage assessments. The availability of additional sensors and improved modeling 

technology allows additional tool creation for emergency managers. The intent is to 

capture and analyze federal and academic publications that define and outline damage 

assessment practices methodologies. Further, to evaluate necessary background 

information to determine a new process fusing geographic information systems (GIS) and 

synthetic aperture radar (SAR) to produce a novel model. Lastly, to identify critical 

success factors in the literature for improved 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 solutions. Section 2.2 reviews the damage assessment process and how damage 

is defined, thus how the model will characterize damage. Section 2.3 reviews SAR and 

remote sensors with the various data capture methodologies and their utility for damage 

assessment. Section 2.4 details geographic information systems and their utility for 

additional contextual information with damage assessment and modeling. Section 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. 
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Section 2.6 discusses machine learning models and validation practices used to validate 

predictive models. Section 2.7 is a summary section concluding the sections.  

2.2 Damage Assessment 

 There are two primary categories of residential structural damage, flooding and non-

flooding (FEMA, 2016, 2020, 2021b). Flood damage is characterized by the depth of 

water, specifics such as the construction method, and placement of critical living spaces 

(bedrooms, kitchen, bathroom, and mechanical rooms) (FEMA, 2016, 2020, 2021b). 

Non-flood damage is characterized by the loss of structural integrity, including lost walls, 

foundational degradation, and other habitability concerns (FEMA, 2016, 2020, 2021b). 

For the preliminary damage assessment, the damage is reported in the following 

categories Unaffected, Affected, Minor, Major, Destroyed, and Inaccessible (FEMA, 

2016, 2020, 2021b). Damage assessment teams determine the extent of destruction by 

visual inspection, modeling, and remote survey (FEMA, 1999).  

 Flood and storm-related water damage is critical to capture in a predictive structural 

damage model, as more disasters are declared due to water-related damage (flood, storm, 

hurricane) than other types of damage (Smith, 2022). Further damage associated with 

storm surge, wind damage, and ground motion are other essential factors to consider 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 reports (FEMA, 2016, 2020, 

2021b). Traditional damage techniques include windshield surveys and survey teams to 

interview and inspect individual properties (Y. Chen et al., 2020; Y. Chen & Ji, 2021a, 
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2021b; FEMA, 2016, 2021). The timeline for a completed damage assessment is related 

to the scope of the disaster, with smaller events taking hours and large-scale disasters 

taking several weeks (FEMA, 2016, 2020, 2021b; United States Senate, 2009). Damage 

assessment and emergency management processes are modeled with systems engineering 

processes to improve responsiveness and information flow (Eveleigh, 2005; Quarles, 

2012). Traditional methods can use crowdsourced data combined with GIS platforms 

enabling damage assessors to remotely correlate data from volunteers and property 

owners to reduce the time of the assessment (Y. Chen et al., 2020; Y. Chen & Ji, 2021a, 

2021b; Masi et al., 2017). The use of social media to crowdsource damage at the 

community infrastructure level enhances emergency managersô understanding of 

infrastructure conditions, using supervised machine learning models (Y. Chen et al., 

2020; Y. Chen & Ji, 2021a, 2021b). Traditional damage assessments use various methods 

to complete the survey but use direct observation to conduct the analysis. 

2.2.2 Geospatial Damage Assessment 

Emergency managers over large land areas need to employ remote sensing and other 

geospatial techniques for damage assessment (FEMA, 1999, 2016). Several reasons for 

this include the inability of survey teams to reach impacted areas due to safety concerns 

and the need to cover areas across multiple municipalities. The current FEMA (1999) 

Remote Sensing: In Federal Disaster Operations standard operating procedure include 

commercial and government remote sensing options. The FEMA (1999) manual pre-

dates many commercial opportunities and open-source resources used today for Earth 

observation. Geospatial damage assessment moves the assessment from field surveys to 

analysts trained in remote sensing imagery (electro-optical, radar, infrared, and multi-
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spectral), emphasizing collecting 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 literature demonstrate a continual need for refinement and utility 

of remotely sensed damage assessment (Dumitru et al., 2015; Ji et al., 2018; Landuyt et 

al., 2021; Pulvirenti et al., 2014; Touzi et al., 2018). As a result of continual research in 

the field of remotely sensed damage assessment, many models and simulations are being 

used in conjunction with the observed data. 

2.2.3 Model and Simulation-based Damage Assessment 

 Models and simulations are used with remotely sensed data to generate damage 

assessments and develop situational 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 from weather, GIS, and geological information (Deng 

et al., 2021; Felsenstein et al., 2021; Muntafi et al., 2018; Remo & Pinter, 2012; 

Scawthorn et al., 2006). Flooding damage assessments incorporate remotely sensed data 

use physics models and hydrological models to determine the extent of flood damage 

(DôAddabbo et al., 2016; Pulvirenti et al., 2014; Rahman & Thakur, 2018; Serpico et al., 

2012). Models 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 observations.  

2.3 Synthetic Aperture Radar and Remote Sensing 

 Remote sensing has aided emergency managers in reducing the time to conduct broad 

area damage assessments and typically uses optical sensors to assist data collection. 

Optical sensors have environmental constraints, most importantly requiring daylight, 
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being free of clouds (Ager, 2021). Airborne sensors of all phenomenology are subject to 

weather constraints due to aircraft operating conditions. Spaceborne synthetic aperture 

radar is an all-weather, day or night sensor that can penetrate clouds and smoke (Flores-

Anderson et al., 2019). The difficulty of using SAR imagery is the extensive processing, 

and it is an unfamiliar medium to many analysts. Therefore, many people only use the 

SAR amplitude data and ignore the complex phase data used to compute range, 

displacement, and velocity.  

 Combining multiple known data sources, including multi-temporal SAR imagery 

before and after a disaster, with digital elevation 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 computer-assisted exploitation such 

as machine learning. 

2.3.1 Overview of Remote Sensing 

 There are two primary types of remote sensing collection, passive and active. Passive 

collectors such as electro-optical use radiation from the sun or light sources to create 

imagery via multispectral capture. While active collection systems such as synthetic 

aperture radar and light detection and ranging (LiDAR) emit a source of energy. Sensor 

platforms are varied, with spacecraft and airborne being the primary carriers for damage 

assessment. 

2.3.2 Overview of Electro-Optical Remote Sensing  

 Electro-optical (EO) sensors are preferred for earth observations due to the intuitive 

nature of viewing imagery; however, there are several shortcomings of electro-optical 

imagery (FEMA, 1999, 2016). Electro-optical imagery is subject to weather (clouds, 
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smoke, sandstorms); imagery primarily can only be collected during the day due to 

passive nature. Sun-angles impact imagery, it produces shadows and alter the color 

amplitude data for each spectral band. A benefit of EO is there are multiple spectral 

bands composed (red, green, blue, near-infrared). The bands can be manipulated to 

highlight the desired effects (red, green, blue) for a natural photo or to highlight synthetic 

objects via the red spectrum as vegetation absorbs red light. 

 EO imagery assists damage assessments when available due to ease of use and the 

extensive ability to interpret. Many damage assessments use EO imagery with deep 

learning methods, including convolutional neural networks (CNN), to categorize damage 

using post-disaster scenes (Q. D. Cao, 2020). EO can also be combined with other remote 

sensors to exploit computer vision methodologies and techniques for change detection 

(Jiang et al., 2020). EO is combined with SAR imagery to incorporate the complex phase 

data to incorporate measurements (elevation, ground motion) that are only available from 

active sensors (Brunner et al., 2010; Cerbelaud et al., 2021; X. Li et al., 2021; T. L. Wang 

& Jin, 2012; Zhang et al., 2017). Photographic evidence is routinely required for recovery 

assistance claims and insurance purposes; therefore, suitable EO imagery is the default 

choice for damage assessment. 

2.3.3 Overview of Synthetic Aperture Radar (SAR) 

 SAR generationôs physical properties creates several unique characteristics that are 

not available with electro-optical sensors, primarily collection in most-weather 

conditions, day/night use, and coherent waves supplying additional data (Ager, 2021). 

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

and measure the phase of the wave returning to the sensor (Ager, 2021). SAR does 
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feature two essential features that should mentioned; image resolution is independent of 

distance from the sensor to the observation, and one sensor can be used for multiple 

resolutions and coverage areas (Ager, 2021).  

2.3.4 Interferometric Synthetic Aperture Radar (InSAR)  

 Interferometric SAR (In-SAR) is the measurement of phase difference from coherent 

waves in at two or more different times or positions across a two/three-dimensional 

image (Ager, 2021). The utility is determining elevation changes based on a known 

datum such as a digital elevation model (DEM)/ digital terrain model (DTM). The scale 

of these measurements is as low as millimeters per year. Damage assessments using 

InSAR stem from determining a baseline of a structure, measuring the phase change of 

the structure, and determining the extent of the change (F. Chen et al., 2020; T. Li et al., 

2021; Mider et al., 2020; Siddique et al., 2016). InSAR is used with modeling techniques 

to refine predictions improving persistent monitoring and damage assessment (Biondi et 

al., 2020; Ullo et al., 2019; Vadivel et al., 2021). Tomographic SAR is an extension 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 monitoring. InSAR techniques are used in this Praxis to measure 

structural changes and predict structural damage. 

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

 MT-SAR is repeated collections at the same angle, persistent monitoring, 

interferogram creation, or change detection (Ager, 2021). With spaceborne SAR sensors, 

the time a sensor overflies the same ground track as a previous orbit is known as a revisit 

rate. The revisit rate, the highest frequency of sample, impacts the opportunity to use 
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observations for monitoring operations examples include landslide potential and seasonal 

flooding (DôAddabbo et al., 2016; Landuyt et al., 2021; Mider et al., 2020; Normand & 

Heggy, 2015; Pawluszek-Filipiak et al., 2021). The revisit rate is more important 

monitoring natural disasters because the conditions are fleeting, where peak states may 

not be persistent such as flooding. A collection is only valid if it can be taken quickly 

after an incident capturing the extent of damage (Ager, 2021; Flores-Anderson et al., 

2019). Lower revisit rates are useful for long-term infrastructure/ environmental 

monitoring observing slower failure modes or slower change (Ager, 2021). 

 Interferometric SAR has several methods of producing information, from direct phase 

comparison to more advanced techniques using dozens of time-series collections. Two 

most prominent versions of this more advanced technique are Persistent Scatter 

Interferometric SAR (PS-InSAR) and Distributed Scatter Interferometric SAR (DS-

InSAR).  

 PS-InSAR is widely used for monitoring ground deformation, due to the accuracy and 

retainability of spatial resolution (Ferretti et al., 2000, 2001; Hooper, 2008; Hou et al., 

2021; Kampes, 2006). PS-InSAR studies face challenges of the large and expanding 

dataset and computing resources required (Ferretti et al., 2000, 2001; Hooper, 2008; Hou 

et al., 2021; Kampes, 2006). The minimum number of images required for reliable results 

is twenty, in a time-series with the same incident angle, and geometry (Ferretti et al., 

2001). This Praxis uses PS-InSAR 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 multi-look smoothing technique, and the result is then no longer 

approaching the structure level of fidelity (Even & Schulz, 2018). DS-InSAR is not used 

in this Praxis due to the reduction of spatial resolution but may be incorporated in future 

research. 

2.3.6 Polarimetric Synthetic Aperture Radar (POLSAR) 

 All radar transmits and receives polarized microwaves to produce measurements of 

energy quantified in amplitude, phase, and frequency. Polarimetric SAR (POLSAR) 

measures the return of the waves polarimetric shift to differentiate the scatter effects 

based on the reaction of the observation (Ager, 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 use several additive polarization layers to assess land use and distinguish synthetic 

from organic materials and structures (Jin & Wang, 2021; Pinto, 2020). Damage 

assessment using single image post-event POLSAR techniques leverages the scattering 

mechanisms (double-bounce and volumetric scatters) to distinguish vertical structures 

from surrounding returns (S. W. Chen et al., 2016; S. W. Chen & Sato, 2013; Ge et al., 

2019). POLSAR techniques observed complete building collapse in urban environments 

(X. Li  et al., 2012, 2021; W. Sun et al., 2016). Another damage assessment determination 

related POLSAR technique is flood mapping (Landuyt et al., 2019, 2021; Pulvirenti et al., 

2014) to determine inundation and depth of water when combined with digital elevation 

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 prolific. The use of SAR 

for damage assessment is less routine. As noted above in Sections 2.3.3 - 2.3.6, the 

literature describes the advantages of using SAR for rapid damage assessment and the 

various employed techniques to use microwaves to capture damage post-disaster event 

(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 being assessed, and the environment, 

certain techniques and sensors are more applicable than others. The primary approaches 

for structural damage are intensity-based, coherence-based, and polarimetric-based 

detections (Ge et al., 2020). Strengths of each approach are intensity captures larger 

changes, coherence is sensitive to minor changes, polarimetric 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 made at the residential block or 

structure level, detailing the damage severity and impact of damage on both the 

individual (residential) and the public, such as damaged infrastructure (FEMA, 2021b). 

This Praxis uses an integrated approach with additional data from GIS and uses both pre- 

and post-disaster SAR data to formulate damage assessments. 

2.4 Geographic Information Systems (GIS) 

 Geographic information systems serve three essential purposes, data collection and 

management, analysis, and display (ESRI, 2022). This Praxis relies on GIS as the 

platform to combine several diverse data sources into a single collection. Observations 

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 fleets, and monitoring lines of 

communication and transportation (ESRI, 2023). Using GIS offers emergency managers 

the ability to analyze shelter locations (Sanusi et al., 2020), optimize reconstruction using 

economic and census data (Ghannad et al., 2020; Ghannad et al., 2021), and impacts of 

floodwaters (Ji et al., 2018). GIS platforms such as Environmental Systems Research 

Institute, Inc.ôs (ESRI) ArcGIS® are vast ecosystems of applications offering emergency 

managers tools to decrease the time to respond to emergent conditions. Eveleigh (2005) 

and Quarles (2012) analyzed systems engineering approaches to disaster management. 

Eveleigh and Quarles both state the importance of GIS to emergency management and 

proposed system models for the internal processes and interactions between organizations 

and external data providers. Emergency managers use GIS for many purposes, including 

damage assessment. This Praxis uses GIS to manage ancillary data supporting damage 

assessments and fuse various datasets to discrete points. 

2.4.2 Geographic Information Systems and Damage Assessment 

 GIS is capable of combining various data types to create actionable information. 

Damage assessments are the amalgamation of data to determine the severity and impact 

of disasters on individual structures/ systems and combined to assess larger areas and 

then ultimately support a Disaster Declaration (FEMA, 2016). HAZUS-Multi Hazard 

(HAZUS-MH) analysis tool is available from FEMA that uses supplied GIS local 
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information to model damage from flooding, hurricanes, earthquakes, and tsunamis as a 

risk mitigation and damage prediction. Several researchers used HAZUS-MH for 

earthquakes (Felsenstein et al., 2021; Muntafi et al., 2018; Remo & Pinter, 2012) and 

flooding (Deng et al., 2021; Scawthorn et al., 2006). Outside HAZUS-MH GIS is used 

for damage assessment and traditional methods (windshield survey, damage assessment 

teams) to record, manage incoming data, and visualize data. Several instances of GIS data 

being combined with remote sensing data to predict damage during earthquakes (Masi et 

al., 2017; Trianni et al., 2010), flooding (Q. D. Cao, 2020; DôAddabbo et al., 2016; 

Rahman & Thakur, 2018; Serpico et al., 2012) and other disasters. Each of the studies 

resulted in positive results, with flooding hazards reaching as high 89% accuracy with 

InSAR and ancillary GIS in a Bayesian network model (DôAddabbo et al., 2016). Caoôs 

(2020) hybrid convolutional neural network model using GIS information and post-

disaster EO imagery yielded 97.41 ± 2.5% accuracy. For earthquakes using an 

unsupervised model with SAR and GIS data, the accuracy only reached 60.56%, with 

assertions that additional fusion would improve performance and it is an area for further 

research; however, the goal was to rapidly turn complex data into actionable information 

(Trianni et al., 2010). This Praxis does not use HAZUS-MH to independently model and 

measure damage. This Praxis does use a GIS platform to correlate and fuse data to predict 

damage categorization.  

2.5 Information Fusion 

 Combining multiple data sources to make informed decisions, improving reliability 

and comprehension is known as information fusion (Hu et al., 2013). Information fusion 

has several sub-disciplines, including sensor fusion, image fusion, and geospatial 
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fusionðall with a similar goal of adding available information to inform the decision-

maker (Hu et al., 2013). Bayesian networks and convolutional neural networks are most 

common for computer vision and GIS (Gamba et al., 2005; Masi et al., 2017; Salcedo-

Sanz et al., 2020). Information fusion occurs at different abstraction levels (sensor, 

feature, or decision) to improve a specific level (Galar & Kumar, 2017). The sensor level 

combines multiple sensors measuring the same property to determine the validity of the 

given input. The feature-level combines multiple independent sensors to output a single 

truth. The decision level is the last level determining if action is required with the 

supplied information. There are three types of information fusion, competitive, 

complementary, and cooperative. Each is explained further in the following sections with 

applicability to this Praxis. 

2.5.1 Competitive Information  Fusion 

 Competitive information fusion is also known as a voting system, where similar or 

redundant information sources are compared and used to determine an input's validity 

and robustness to a system (Hu et al., 2013). Competitive fusion is used extensively 

throughout the SAR models as the same sensor updates the observed area over time (T. 

Li et al., 2021; Normand & Heggy, 2015; Vadivel et al., 2021). The revised observations 

supersede the previous state, and the last state and current state are compared for 

differences; if the two observations are overwhelmingly similar, then both observations 

are incorporated into the baseline and used for future comparisons. An example is, a pre 

disaster event image is complementary information, and a post-disaster event image will 

most likely be competitive information. This technique is used in the Praxis during the 

selection of PS-InSAR points for comparison in the damage categorization model.  
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2.5.2 Complementary Information Fusion 

 Complementary information fusion uses multiple sources of data but from similar 

sensors (using ascending and descending orbits, using Sentinel-1A and 1B, using 

multiple orbits) to increase the available information (Galar & Kumar, 2017). 

Complementary information fusion focuses on data completeness, using the same or 

similar sensors to collect data. Complementary information fusion is throughout the 

literature implicitly and explicitly; InSAR requires complementary inputs to generate an 

interferogram (ASF Engineering, 2018; Pu et al., 2020; Z. Yang et al., 2018; Z. F. Yang 

et al., 2016). This Praxis uses complementary fusion in creating the SAR baseline to 

compare pre and post disaster imagery. 

2.5.3 Cooperative Information Fusion 

 Cooperative information fusion combines two different information types (SAR, 

electro-optical, GIS, LiDAR) to augment the information available (Galar & Kumar, 

2017). Cooperative information fusion is used throughout the model, where observations 

from the remotely sensed data are used in conjunction with GIS-supplied information. 

Research has several examples of using cooperative information fusion to generate 

damage assessments, electro-optical and SAR data (Brunner et al., 2010), POLSAR and 

InSAR (F. Chen et al., 2020), GIS and SAR (Serpico et al., 2012; Soergel et al., 2005; 

Trianni et al., 2010; Uemoto, 2021). Using cooperative information data sets can augment 

each other to produce actionable information such as damage assessments through using 

shared information such as geographic coordinates. This Praxis uses cooperative fusion to 

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

 GIS and SAR information fusion is critical to damage assessment. Caoôs (2020) 

research focused on combining GIS and electro-optical data to generate damage 

assessments, with an accuracy exceeding 97%; however, electro-optical is not constantly 

available due to environmental constraints (daylight, free of clouds/smoke/ash). SAR is 

more difficult to interpret due to the complex nature of the imagery, and limited datasets 

are available to train models (Ager, 2021). Several researchers have used SAR 

information combined with GIS data to predict structural damage at the residential block 

level (Trianni et al., 2010), using POLSAR (An et al., 2016), as previously referenced. 

Selecting a subset of features and combining them improves data processing time and 

enhances the information delivered to the decision-maker. Once the data is fused, many 

methods are available to determine damage extent and severity. This Praxis uses machine 

learning to complete the process to move from fused data to damage assessment 

prediction. 

2.6 Machine Learning Model Analysis 

 Machine learning is a sub-discipline of artificial intelligence and is further refined in 

classification, regression, and deep learning. Machine learning allows programs to 

become more accurate without explicit programming, weighing various inputs within a 

model to generate an output (Alpaydin, 2014). Machine learning is commonly split into 

two areas supervised and unsupervised learning, with several sub-discipline areas 

including semi-supervised learning, reinforcement learning, and dimensionality reduction 

(Alpaydin, 2014). Supervised learning uses output labeled information to train the model, 

while unsupervised models used unlabeled information to train a model. Semi-supervised 
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learning is the middle between supervised and unsupervised using a small portion of 

labeled information augmented with unlabeled data, this is where most SAR data falls 

due to the expense of gathering and labeling data. Models are representative of the 

training data used to produce the model, as such if there are any biases within the data the 

model will reflect those biases as well. The three phases of model generation are splitting 

the training data (into training and testing), training the model based on the training data, 

and testing the model using the reserved data from the initial training set.  

 There are several purposes, models, and methodologies of machine learning, however 

this Praxis focuses on using supervised machine learning for damage prediction. This 

section covers the models, applications, and relevant damage assessment research with 

machine learning related to SAR image processing and damage assessment prediction. 

2.6.1 Overview of Computer Vision 

 Computer vision is a portion of machine learning used to process images and video 

with the goal of classification, segmentation, and providing context within an 

observation. Computer vision has several applications within diverse industries, within 

disaster damage assessment, computer vision is used to identify structures (Ferro et al., 

2013), and research is on-going to produce damage assessments (Q. D. Cao, 2020). 

Traditional computer vision when used with SAR imagery is limited to pattern matching 

because traditional computer vision does not operate within the complex domain (Arnold 

et al., 2018; Zelnio et al., 2018). Computer vision has included research regarding SAR 

mission planning to produce simulated data and reproduce the images for additional 

training data sets (Soergel et al., 2005). While computer vision techniques are used 

prolifically with electro-optical imagery, most computer vision algorithms are not 
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available for complex domain imagery and is an area that is being pursued in research. 

Phase-aware convolutional neural networks are being studied in speech enhancement, but 

little is published with imagery. There is research to train convolutional neural networks 

using labeled EO, fused EO ï SAR imagery, and SAR imagery to create an encoder that 

can use all three inputs for follow on workflows including classification and 

segmentation (Gupta et al., 2022). This Praxis does not use computer vision techniques 

due to the PS-InSAR processing creating discrete points. 

2.6.2 Overview of Classification / Segmentation 

 Classification and segmentation are referenced several times in the previous section, 

within the context of computer vision classification is accurately assigning a single output 

label for every object that shares the same characteristics. Segmentation is also 

classifying the objects within an image, but each instance of an object is labeled 

separately. An example is three people walking across the street, with classification all 

three are labeled pedestrians, with segmentation they are labeled pedestrian 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 instance. Research using SAR 

imagery is used for segmenting building footprints from background, to facilitate further 

processing such as damage assessment using fused data (Emek & Demir, 2020), using 

synthetic training data (Michaelsen et al., 2010), and primitive classification of building 

components (Ferro et al., 2013). Many computer vision techniques use deep learning 

methods relying on convolutional neural networks. This Praxis does not use computer 

vision techniques to classify and segment buildings. This Praxis uses classification for 

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

 A convolutional neural network is a method of deep learning consisting of several 

hidden layers of perceptrons that are separating portions of data, assigning weights and 

biases to the perceptron nodes, and then classifying data based 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, channel. The key portions of a 

CNN are the convolutional, rectified linear unit (RELU), pooling, and fully connected 

layers, as well as the input fields and the weights that train the perceptrons within the 

network. The convolution layers convolve the input and transfer to the next layer or 

review the input with several smaller windows. The output of the convolution layer goes 

to the RELU layer where an activation function (ramp function) is used to pass or not 

pass information to the next layer. Next the pooling layer is used for down-sampling 

(abstracting) features, then connected to a the fully connected layer responsible for 

classification of the feature in conjunction with the SoftMax layer for labeling, and lastly 

the output (Alpaydin, 2014). Remote sensing and SAR have extensively used CNNs 

within research for classification and segmentation (Arnold et al., 2018; Q. D. Cao, 

2020), change detection (Jiang et al., 2020), speckle filtering (Pu et al., 2020; X. Sun et 

al., 2020), and target recognition (Zelnio et al., 2018). While CNNs are used extensively, 

SARs complex nature requires the ability to handle the phase data to fully exploit this 

data source. Due to the several pre-processing steps, the information is available in the 

real domain, and tabular and this Praxis does not use CNN.  
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2.6.4 Complex Valued Neural Networks (CVNN) 

 An emerging area of research is the complex value neural network, where CNN takes 

both real and imaginary components of values. Research using CVNN for SAR 

segmentation (Jin & Wang, 2021; Trabelsi et al., 2018) resulted in accuracy for building 

segmentation greater than 90%. Implementation of CVNN based methods for image 

classification and segmentation in SAR imagery improves the potential automated utility 

of SAR extends past POLSAR into InSAR. Despite the imagery in the complex domain, 

the processing of the SAR imagery results in real magnitudes for the interferometric 

measurements, therefore CVNN is not implemented during this Praxis. 

2.6.5 Multinomial Logistic Regression 

 The multinomial logistic regression (MLR) is a generalization of the binary logistic 

regression and is used for 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, destroyed) being driven by flood depth, the choice of 

the MLR for damage categorization is clear. Further, MLR is widely used in remote 

sensing for land (Myagmartseren et al., 2020; Q. Wang et al., 2015) and image 

classification (F. Cao et al., 2017). This Praxis uses an MLR as the prediction method in 

the GIS classification model. 

2.6.6 K-Nearest Neighbors (K-NN) 

 K-Nearest Neighbors (K-NN) is a supervised machine learning model used for 

classification based on given classes. The advantages of K-NN are all data is used to 

make every prediction making it less susceptible to noise and outliers, also meaning no 

training time is required. A disadvantage is K-NN is computationally expensive because 
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it uses all the data for every prediction. K-NN is shown as a successful classifier in 

remote sensing when the class sizes are equally weighted, thereby reducing the bias in the 

prediction (Y. Li & Cheng, 2009). This Praxis uses K-NN as a prediction method in the 

SAR classification model.  

2.6.7 Adaptive Boosting (Adaboost) 

 Adaptive Boosting (Adaboost) is a supervised learning model used for classification 

uses several base-learners to generate a strong learner. Adaboost was shown as a 

successful remote sensing classifier when used with electro optical images in a four-class 

application (Zheng et al., 2008). The advantages of the Adaboost algorithm is the reduced 

dataset required to build the model and the model produces multiple classifiers with 

different weights to produce results. The disadvantage of Adaboost is that 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 between them. 

SVM can use several kernel functions to train the model, the most common and default in 

the Python library sklearn is the Radial Basis Functions (RBF) (Pedregosa et al., 2011). 

The SVM is used in remote sensing research and classification due to limited training 

data availability and accuracy. The challenge as noted in several works that 

hyperparameters are sensitive and impact results (Mountrakis et al., 2011; Pal & Mather, 
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2006). This Praxis is testing SVM as a prediction method in the SAR classification 

model. 

2.6.9 Decision Trees / Random Forests 

 As Alpaydin (2014) describes, a decision tree is a hierarchical structure for 

supervised learning comprised of recursive nodes splitting to reach a final leaf node 

result. Decision trees are a non-parametric supervised learning algorithm which can be 

used for classification and regression. The decision tree is an ideal model for SAR 

because it is multiclass capable, takes an infinite number of inputs, and grows as it is 

trained with new information. Decision trees are prone to being overfit and should be 

carefully trained or deliberately stopped early to reduce overfitting. This Praxis uses a 

decision tree as a prediction method in the SAR classification model. 

 Random Forest is an ensemble of multiple decision trees also used for classification 

or regression and is popular in the remote sensing community due to its accuracy (Belgiu 

& DrŁgu, 2016). Like decision trees, they are simple to implement and easier to tune than 

support vector machines (SVM), and still perform as well as SVMs in training time and 

accuracy (Pal, 2007). This Praxis uses a random forest as a prediction method in the SAR 

classification 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 

connects input 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 the data (Pal & Mather, 2006). 

The disadvantages of the ANN are the model is very computationally expensive to train 

and maintain and may be less accurate (Pal & Mather, 2006). To operationalize the model 

the training set needs to use a diverse set of data to ensure the model does not converge 

on a local minimum. This Praxis uses ANN as a prediction method in the SAR 

classification model. 

2.7 Summary and Conclusion 

 This literature review systematically covered damage assessment methodologies, 

remote sensing, geographic information systems, information fusion, machine learning 

within the context of damage assessment utilizing SAR as the primary data source. 

During the literature review of nine machine learning methods four themes emerged 

with respect to remote sensing and damage assessment versatility, EO dominant, 

sensitivity, and computational requirements. This Praxis attempts to use six machine 

learning methods to predict damage using MT-InSAR data, and one using GIS data. The 

decision to research these methods is due to the versatility and the tabular data format 

generated in the data processing steps outlined in Sections 3.5 and 3.6. Machine learning 

using EO data to produce damage assessments, is well researched, but radar data is less 

researched. Radar and earth observation data is inherently noisy and selecting machine 

learning methodologies and hyperparameters that are less impacted by noise is important 

to improve accuracy of predictions. Large datasets require consideration to be made with 
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respect to computational requirements where some methodologies hold the entire dataset 

to make a classification.  

Two machine learning methods convolutional neural networks and complex valued 

neural networks were removed use to the input data format. Computational resource 

concerns, noisy data, are present with artificial neural network and K-nearest neighbors. 

Adaptive boost is susceptible to noisy data due to the use of weak signals. Support vector 

machines, decision trees, and random forest methodologies are the best candidates to 

balance the computational constraints, the scale and noise of the data. Combining the 

multinomial logistic regression for the GIS model with SVM, DT, RF for the SAR model 

should produce favorable results. 

 Previous studies have focused on several damage assessment critical success factors 

from remote sensing and GIS. Remote sensing critical factors include SAR collection 

parameters such as vertical transmit/vertical receive (VV) phase, collecting using InSAR 

techniques, and collecting imagery as close to the disaster event as possible. Other critical 

success factors from GIS include structure proximity to flood source, elevation, building 

material, and terrain. To model damage assessment GIS data alone can be used to predict 

damage to a structure when modeled with disaster parameters, but accuracy improves as 

the fidelity of the information used within the model is refined, otherwise the HAZUS-

MH model may overestimate damage. Fusing several data sources such as GIS, EO, and 

SAR improves model accuracy when combined in a cooperative manner adding 

information that any single sensor is missing. A predictive damage assessment model can 

exceed 90% accuracy when using several fused data sources to develop the model.   
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Chapter 3 Research Methodology 

 

3.1 Introduction  

 The purpose of this Praxis is to develop a model to assist emergency managers in 

damage assessment, by determining the data features required for structural damage 

categorization, creating a model fusing Geographic Information Systems (GIS) and 

Multi-Temporal Interferometric Synthetic Aperture Radar (MT-InSAR) data, and finally 

predicting damage.  

 When fusing multiple data sources challenges exist in ensuring the data types are 

compatible and additive. To develop an information fusion framework and subsequent 

model several considerations were made from volume of data including granularity of 

elements and the frequency of sampling. If this model were used in a real-time scenario 

several efficiencies could be integrated to reduce computational overhead and training 

time. This chapter outlines the process used to start from raw data selection to model 

outputs, the process to validate the predictions of the model, and the information integrity 

throughout the process.  

 The methodology chapter is organized chronologically outlining process from start to 

finish with the methodology map in Section 3.2, Data Source selection in Section 3.3, 

Data Source Collection in Section 3.4. Once the data is gathered the focus shifts to pre-

processing SAR Section 3.5, GIS Section 3.6, and model data fusion in Section 3.7. 

Finally, the chapter closes with model generation Section 3.8, machine learning 

prediction Section 3.9, comparison Section 3.10, and validation Section 3.11. 
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3.2 Methodology Map 

 Figure 3.1 below is a high-level overview of the process and includes a few of the 

products and processes that are required to convert raw but well formatted data into 

predications and eventually into a tool for emergency managers displayed on a damage 

assessment dashboard. Most of the data processing was completed using a combination 

of Python Jupyter notebooks (Python Software Foundation, 2020), Environment for 

Visualizing Images (ENVI) SARscape 5.6.2 (L3Harris Geospatial, 2022b), and ArcGIS 

3.0 (ESRI, 2022) with specific libraries listed in Appendix B ï Credit. The SAR data was 

processed by a variety of techniques dependent on the processing level and required 

product.  

3.3 Data 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 common datatype 

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) in 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 portion of the 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 identified 2016 Hurricane Matthew, 2017 Hurricane Irma, and 2017 

Hurricane Harvey. These three Hurricanes were chosen due to the availability of data and 

the diversity of areas that were impacted, and as a comparison to previously completed 

models. After Hurricane Matthew 2016, FEMA reported 4,721 (Figure 3.2) GIS damage 

assessments for South Carolina primarily in Florence County, SC.  

 

Figure 3.2 FEMA GIS Hurricane Matthew Damage Assessments in South Carolina 
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After 2017 Hurricane Irma, there were 24,682 (Figure 3.3) GIS damage assessments 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 were 152,753 (Figure 3.4) GIS damage assessments 

for Texas approximately a third in Harris County, TX.  

 

Figure 3.4 FEMA GIS Hurricane Harvey Damage Assessments in Texas 

 

Additional data sources include United States Geological Survey for current and historic 

waterway depth measurements informing water levels within the GIS portion of the 

model. The final source of GIS information is respective states/ municipalities for 

transportation, boundary, parcel, and building information. 

3.4 Data Collection 

 Hurricane Matthew 2016 struck South Carolina on October 8, 2016, all 21 SAR 

images related to this event range from January 1, 2015, to October 31, 2016, for building 

time series. 
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 Hurricane Irma 2017 struck Charleston, South Carolina September 10-11, 2017, all 

34 SAR images related to this event range from January 1, 2016, to September 30, 2017, 

for building time series.  

 Hurricane Harvey 2017 struck Houston, Texas August 25-29, 2017, all 21 SAR 

images related to this event range from January 8, 2017, to September 05, 2017, for 

building time series.  

3.4.1 SAR Data Collection 

 There are two types of SAR products used to create the model, interferometric 

(imagery focused on displaying phase change) and ground range detected (imagery 

focused on amplitude). The source of both types of data are the same, the single look 

complex (SLC) Level 1 product from ESA Copernicus converting raw SAR information 

into the first level product. The SAR products are retrieved from NASA ASF DAAC, via 

the ASF Vertex Data Search, seen in Figure 3.5 - Figure 3.8 (Copernicus Sentinel data 

2015-2022, 2022). 

 The SLC is a product that includes several files 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 vertical transmit/vertical receive (VV) and three in the 

vertical transmit/horizontal receive (VH) polarizations. The 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 South Carolina (32,020 sq mi). 
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Figure 3.5 NASA ASF DAAC Vertex Graphical Search Screenshots (Alaska 

Satellite Facility, n.d.)  

Figure 3.6 NASA ASF DAAC Vertex Search Filter Screenshot (Alaska Satellite 

Facility, n.d.) 
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Figure 3.7 NASA ASF DAAC Vertex SAR Product Selection Screenshot (Alaska 

Satellite Facility, n.d.) 

 

 
Figure 3.8 NASA ASF DAAC Vertex Download list and options Screenshot 

(Alaska Satellite Facility, n.d.) 

Once the imagery is downloaded using the process in Figure 3.5 - Figure 3.8, SAR 

preprocessing begins discussed in Section 3.5. On the lower left of Figure 3.9 is an 

example of an intensity image using complex information from the amplitude and phase 

layers to produce an image for a VH image.  Each of these images is a building block for 

the InSAR time series, or the radiometrically terrain corrected (RTC) images used for 

water masking (flood detection) and validating the GIS inundation model. Figure 3.9 is 



39 

 

part of the Charleston, SC (Hurricane Irma) pre-disaster dataset, this is the format of the 

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

 

Figure 3.9 Unprocessed SLC VV and VH Images and preview of full SAR scene 

(Copernicus Sentinel data 2015-2022, 2022) 

 For the Florence, SC model there are 21 SLCs that are stacked to produce the 

timeseries SAR images, and then used to produce the PS-InSAR points. For the 

Charleston, SC model there are 33 SLCs that are stacked to produce the timeseries SAR 

images, and then used to produce the PS-InSAR points. For the Harris, TX model there 

are 21 SLCs that are stacked to produce the time series SAR, and then used to produce 

the PS-InSAR points. The number of SLCs reduces the inherent speckle (salt and pepper 

look) in the imagery, but it does not improve spatial resolution. Smoothing the imagery 

improves change 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 from United States Geological Survey 

(USGS), ensuring that both models are using like elevation baselines Figure 3.10. The 
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SRTM 1-Arc Second v3 DEM is provided in one degree latitude and longitude tiles. To 

merge the mosaiced tiles ArcGIS Pro (Figure 3.11) was used to normalize the boundaries 

between tiles seen in Figure 3.12 (ESRI, 2022). The STRM has a vertical accuracy of ±16 

meters with 90% confidence worldwide (Mukul et al., 2017).  

 

Figure 3.10 Screenshot of USGS Earth Explorer  (USGS, n.d.) 

 

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

automation, typically emergency managers have access to higher accuracy DEMs within 

the state. For example, the State of South Carolina provides LiDAR DEM statewide 

(South Carolina Department of Natural Resources, 2017). Using the higher fidelity DEM 

is beneficial in improving the accuracy of the model but requires additional processing 

for SAR imagery and GIS layers. 

 

Figure 3.11 ArcGIS Pro displaying mosaiced DEM tiles (ESRI, 2022) 
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Figure 3.12 ArcGIS Pro converted mosaiced DEM tiles to a single raster (ESRI, 

2022) 

 Building and parcel data is based on current information and not historic tax assessor 

information. Building footprints are generated using LiDAR or aerial photography and 

are retrieved from FEMA/State GIS offices and ReGrid LLC. SAR and GIS models both 

share a common DEM provided by USGS. Fusing GIS data is completed during the pre-

processing steps. Additional 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 displayed in Figure 3.13. 
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State Level Transportation Network 

 
County Level Parcel Information 

 
City Level Display 

 
Block Level with structure use description 

 
Structure Level Combined Dataset with Fused PS-InSAR Velocity 

Figure 3.13 ArcGIS Screen Captures with increasing fidelity 

3.4.3 Historic Damage Assessment Data Collection 

 FEMAôs historic GIS damage assessment database in total is comprised of 930,839, 

geospatial modeled or remotely sensed damage assessments (FEMA, 2021a). The visual 

assessments are conducted only using post-disaster imagery from a nadir direction 
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(therefore not including building side views), and flooding is modeled using depth grids 

based at the peak flood crests. A potential limitation of the visual inspection is due to 

images collected outside peak flood conditions, storm surge conditions, and therefore in 

many cases focus on wind damage and not flood damage as the flood waters have 

subsided. The damage assessments are categorized as Affected, Minor, Major, Destroyed, 

Unknown, and No damage aligned with the Federal Emergency Management Agencyôs 

guidance in the Preliminary Damage Assessment Guide and Damage Assessment 

Operations Manual (FEMA, 2016, 2021b). Only a subset of the FEMA data will be used 

coincident with the three disasters Hurricane Matthew Florence County, SC 2016, 

Hurricane Irma Charleston County, SC 2017, Hurricane Harvey Harris County, TX 2017 

(Table 3.1). 

Table 3.1 Breakdown of FEMA Historic Damage Assessment Dataset 

Damage 

Level 

Total 

Instances 

Hurricane 

Matthew 

Florence County 

Hurricane Irma  

Charleston 

County 

Hurricane 

Harvey  

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 

 

3.5 SAR Data Pre-processing 

 Most of the Praxis model development was dedicated to Data pre-processing, 

specifically SAR pre-processing. The challenges working with SAR data are numerous, 

the scale of the data, the complex nature of the values, and unfamiliar phenomenology 

name a few. However, there are several benefits available with SAR, including the ability 

to use polarization information to determine water masks, and calculate deformation. 
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Figure 3.14 is an example of a workflow in ESA Sentinel Application Platform (SNAP) 

to create an interferogram from two SLCs (ESA, 2022). 

 

Figure 3.14 ESA SNAP graph builder, interferogram workflow 

The workflow diagramed above is simplified in comparison to the workflow of SLC 

stacked images and subsequent products. It does offer a straightforward way to explain 

the major components that are present in more complex workflows. 

3.5.1 SAR Model Generation Process 

 First, reading the file then applying the orbit file, the orbit file delivers vital 

information for image formation and geolocation including the ephemeris (orbital 

information) of the space vehicle, and current state of the orbit at the time of the 

collection. Next step is splitting the file into the three sub-swaths, co-registering each 

burst pair to the paired SLC, use the SRTM 1 second DEM to remove the Earth phase 

from the result. 
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Figure 3.15 Unprocessed SLC from Charleston, SC dataset showing black lines 

between scanning swathes 

Once the Earthôs topography is removed, comparing the phase for each pixel starts, 

creating the interferogram. Once the interferogram calculation completes each swath is 

merged (black lines seen in Figure 3.15) to generate a single image. Followed by writing 

the image file. 

 

{ǳōǎŜǘ hǊƛƎƛƴŀƭ Dw5IwŀŘƛƻƳŜǘǊƛŎ /ŀƭƛōǊŀǝƻƴwŀƴƎŜπ5ƻǇǇƭŜǊ ¢ŜǊǊŀƛƴ /ƻǊǊŜŎǝƻƴ

/ƻƴǾŜǊǘ ǘƻ Ř. ǎŎŀƭŜwŜŦŜǊŜƴŎŜ κ{ŜŎƻƴŘŀǊȅ
/ƻπǊŜƎƛǎǘǊŀǝƻƴ

/ƻƭƻǊ Ƴŀǎƪ 
ŎƘŀƴƎŜ ŘŜǘŜŎǝƻƴ!ƳǇƭƛǘǳŘŜ ŎƘŀƴƎŜ ŘŜǘŜŎǝƻƴ
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Figure 3.16 ESA SNAP Sentinel-1 Ground Detected Range Processing Chain 

 Pre-processing allows multiple independent collections to be analyzed without 

concerns of sensor variance (Sentinel-1 has two vehicles A/B) or sensor performance 

variation. To mitigate this variation, calibration is used to reduce the variation and enable 

consistent analysis. The calibration includes three processes radiometric calibration, 

geographic terrain correction, and Range-Doppler terrain correction. Demonstrating 

visually is the best way to describe what this means (Figure 3.16) in terms of changes to 

the imagery.  

 Once the SAR images are calibrated, co-registration of the images within fractions of 

a pixel is required to perform interferometry, though the same fidelity is not required for 

amplitude change detection. The same process can be used to create the slices of the 

stack. The stack of coregistered is aligned to a specified reference scene (image), then all 

secondary images are aligned to the points. The co-registration process works by aligning 

the images known first by measuring offsets between tie points (prominent image 

features) with amplitude cross-correlation, fitting a polynomial to the tie patches and 

resampling the secondary image to the reference. There are several methods of 

performing the co-registration, but the methodology described is standard practice in 

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 pre-processing are developing the interferogram and geocoding 

the final image. For disaster assessment differential measurements are needed from the 

reference image to the secondary scene as shown in Figure 3.17 to understand the change. 

In each of the target areas there are both urban and rural areas within a single scene. As 

one of the desired outcomes of the Praxis is to reduce the time for emergency managers 

and damage assessors to categorize structural damage, the model needs to be able to 

handle both areas. With interferometry densely populated areas permanent scatters (PS) 

are best to measure change, less densely populated areas are better suited to use 

distributed scatters (DS). Determining the phase difference between the reference and 

secondary images is a function of the topography and the change over time. Once the 

topography is known (supplied via DEM) then the topography can be subtracted resulting 

in the phase difference (known as a wrapped interferogram). The wrapped interferogram 

is ñwrappedò because phase is repeated, to remove the repeated phase value and translate 

it to a slant-range distance, the altitude of the satellite is used to remove the ambiguity 

and create discrete distances in the slant-range. Ferretti et al. (2007, p. A-18-19) describe 

satellite-based SAR interferometry via Figure 3.18 and Equation 3.1 quantifies 

interferometric phase variation. 

 

Figure 3.18 Geometric Parameters of a satellite interferometric SAR system 

adapted from (Ferretti et al., 2007, p. A-18-19) 
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Equation 3.1 is the interferometric phase variation contributed from the altitude 

difference, slant range displacement, and the radiation incidence angle. The perpendicular 

baseline is calculated from the satellite orbital ephemeris, and the radar-target distance is 

the slant range to the target from the satellite. Knowing the phase variation is additive is 

critical to understanding that removal of other phases such as earth and atmospherics is 

required, this removal is completed automatically during processing. 

Equation 3.1 Interferogram phase variation 

ɝ‰
  
 

  
    

Where:  

‗ is the wavelength (meters),  

ὄ is the perpendicular baseline (meters) 

q is altitude distance (meters), 

R is Radar-target distance (meters), 

s is the slant range displacement (meters), 

and ʃ is the radiation incidence angle (radians). 

The last step is typically to smooth the image by using speckle reduction filtering, this 

step is not being used as it reduces spatial resolution and reduces the ability to 

differentiate between structures in many cases. 

 The mechanics to complete the steps above use a SAR processing tool/chain. During 

this Praxis, several processing tools were tested for ease of workflow integration and 

capability to produce the products necessary to build the model. After some 

experimentation ENVI SARscape Analytics Toolbox 5.6.2 was selected as the processing 
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chain for the Praxis due to ease of workflow integration, industry standard, easily scaled, 

and process modeling (L3Harris Geospatial, 2022b, 2022a).  

3.5.2 PS-InSAR Model Generation Mechanics 

 Three ENVI SARscape Analytics Toolbox based models were created, the first to 

create the PS-InSAR, the second to refine the output, and the third to complete all other 

SAR processing (flood mapping, displacement, and change detection). Each regional set 

of PS-InSAR points completed processing in approximately 11 hours characterized 

across four sets run during model generation phase. Step-by-step work processes are 

documented in Appendix D ï Work Processes. 

 Each PS-InSAR processing cell was divided into fifteen sq km (or smaller) portions 

due to restrictions of the SARscape Analytics Toolbox. Florence County, South Carolina 

is 2,080 sq km (at least 139 divisions), Charleston County, South Carolina is 3,517 sq km 

(at least 235 divisions), Harris County, TX is 4,605 sq km (at least 307 divisions) only a 

portion of each county were processed. ENVI SARscape requires AOIs be provided by 

shapefiles (.shp) or other GIS filetypes to describe the AOI for processing. To generate 

the shapefiles using ArcGIS Pro, a new layer was created with a rectangle covering the 

target county, divided horizontally, then vertically into ~14.5 sq km boxes. The 14.5 sq 

km box did not suffer from the same issues as an exact fifteen sq km box due to 

coordinate projection variances. Once the rectangle is divided, the FEMA historic 

damage assessment layer is turned on (but could be any other area of interest), and the 

sub-sections are selected.  

 Each ~15 sq km PS-InSAR processed patch required 20-30 minutes to process from 

raw image to PS-InSAR shapefile required. While this processing time is dependent on 
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patch size and content, the processing was consistent when run through the model shown 

in Figure 3.19. Refinements which adjust coherence threshold to increase/ decrease 

number of PS points, complete in six minutes per patch. As seen in Figure 3.19 the model 

for producing each section of PS-InSAR is simple, there are three inputs that are 

modified every time the model is run (SLC list, AOI shapefile, output folder). Each 

functional block has several inputs viewed in Appendix D ï Work Processes. The blue 

blocks (1,3) are input variables, the orange box (2) is an iterator, the yellow blocks (4-6) 

are functions. The right half of the image represents the display when the model is 

running, yellow meaning there are active processes, green to denote complete processes, 

the progress pop-up was cropped for clarity. 

 

Figure 3.19 PS-InSAR generation model in edit mode 

Several inputs are standardized for every processing session due to the concentrated 

nature of the processing, and consistent use of the same sensor (Sentinel-1). The DEM 

was set once for the processing, the output cartographic system was set to Universal 

Transverse Mercator (UTM) North Zone 17 with the World Geodetic System (WGS) 

1984 ellipsoidal projection, and the grid size was set to 15 m. The rest of the settings 

were left as default. 
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 Further processing is 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 case of the Praxis additional coherence levels were chosen to increase 

the number of 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 most critical being 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 image or pre-event baseline 

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 interferogram. Once all products were complete, all SAR based products were 

imported into ArcGIS Pro for incorporation into the respective datasets. Step-by-step 

work processes are documented in Appendix D ï Work Processes. 

3.6 GIS Data Pre-processing 

 Geographic Information Systems (GIS) data is typically well formatted and is in a 

format that is easily ingestible by GIS software platforms. Several data sources are used 

in this Praxis. All  data sources use a common DEM (SRTM 1-Arc-Second v3) and 

coordinate reference system (World Geodetic System 1984), though need to be translated 

for various processes.  



52 

 

3.6.1 GIS Model Generation Process 

 There are many types of data used in ArcGIS, they are tabular, raster, and vector. The 

tabular data represents point values (FEMA historic damage assessments, structure data, 

and depth gauge data). Raster data represents the image layers (SAR images, flood 

predictions). The third being vector data, vector data is comprised of lines and polygons 

that are used to represent boundaries (roads, waterways, building footprints, parcel 

boundaries). Information manipulated based on geospatial relationships, or unique 

identifiers. In the case of merging parcel boundaries with structures the intersection of the 

structure with parcel area allowed for a spatial join, the two attribute tables are joined due 

to shared unique identifiers as depicted in Figure 3.20. Complete table schemas are 

available in Appendix C ï Schemas / Data Dictionaries. 

 

Figure 3.20 Parcel to Building database join 

   To generate tables that are concentrated of the target area, boundaries were 

needed to segment the correct data from the various data sources. The county boundaries 

were used to limit features that extended outside the county such as water and the DEM. 

The benefit of this is reducing the storage size of the data and reducing the computing 

resources required to handle regional or national size datasets. All feature sets and raster 

data were organized by AOI in individual folders to ensure ease of handling the data, and 

later combined by county geodatabases for dissemination. 
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3.6.2 GIS Model Generation Mechanics 

 Several general processes of data manipulation including merging datasets, importing 

data into ArcGIS Pro, organizing the data were used to compile the entire dataset into a 

developing the models listed in this section. Each of the five ArcGIS models are tailored 

to generating or manipulating data required for fusing a variety of datasets into a single 

record by structure. The data includes parcel, tax assessor, PS-InSAR outputs, flood 

inundation depth and parcel coverage, FEMA historical information, and nearest water 

feature distance. The dataset includes information needed by emergency managers once 

the disaster is struck and the damage is categorized, including ownership of the structure 

or current vacancy. Once the dataset is generated, the machine learning model 

preprocessing reduces fields of the data for model training. The five ArcGIS Model 

Builder models used to generate and export the fused dataset and process are in 

Appendix D ï Work Processes.  

3.7 Data and Sensor Information Fusion 

 Data and Sensor information fusion are driven by the spatial relationships within the 

datasets. Aligning the coordinate reference systems (WGS84) and projecting onto 

separate feature layers allows for sorting and stacking of data as well as the execution of 

mathematical and statistical operations. All data fusion in this model is collaborative, 

therefore missing data will only be added from various sources, vice being overwritten or 

removed. This is necessary because there is data that is repeated, for example 

condominiums with multiple units, the structure includes hundreds of parcels, and all 

have the same latitude and longitude. 
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 Sensors are fused in two ways. Water depth gages are used to drive the flood depth 

layer in the GIS model, the sensors and model are validated with RTC SAR imagery 

using the Jaccard index (IoU) to measure the similarity of the two data sets. SAR sensor 

data products are fused in the time-series between Sentinel-1A and Sentinel-1B. 

3.8 Model Generation 

 The model is composed of three primary components that create a damage prediction, 

the GIS model, the SAR model, and the fused model visualized in Figure 3.21. The need 

for three components is due to the FEMA ruleset defining damage assessment, 

particularly the two primary categories of flood and non-flood damage (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 flood focused, 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 elevation, displacement. Both GIS and SAR base models 

provide the predicted category to the combined model. 

 

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

 Based on the literature review from Section 2.3, the following are critical factors in 

classifying damage using remote sensing and SAR data depicted in Table 3.2. 

Table 3.2 SAR/ Remote Sensing Damage Assessment Critical Success Factors 

Critical Success Factor Description  Evaluation 

Age of imagery collection post-disaster Imagery was collected on 12-day revisit 

independent of the damage date, the first 

image after the disaster date was used for the 

post, this revisit is inherited by the model 

Double-bounce scatter is indicative of 

vertical structures 

Coherence thresholds (0.65/0.75/0.85) are 

used to determine structures, and only the 

vertical phases were evaluated, further detail 

in Appendix D 

Coherent phase data for InSAR Tested in depth with fields listed in Table 3.3 

Use of Vertical transmission Vertical 

receive (VV) polarization for buildings 

Based on structural reporting all InSAR 

processing used the VV phase only, inherent 

to the model 

Horizontal transmission Horizontal receive 

(HH) for bridges, cross-polarization for 

surface roughness either (VH or HV). 

Evaluating infrastructure damage potentially 

an area for future research 

Produce a baseline using time-series data  All PS-InSAR models used a minimum of 19 

pre-event images to produce the baseline 

Augment SAR data with pre/post multi-

spectral data (electro-optical) if available 

Potential area for future research 

Use InSAR interferograms for determining 

elevation changes, water depth, ground 

motion, and other measurement 

Interferograms were an intermediate step in 

producing the PS-InSAR points that have 

greater fidelity at the structural level 

To properly fuse data, all imagery needs 

geolocation of data using the same datum 

All data used the World Geodetic System 

(WGS) 1984 datum to maintain geolocation 

accuracy and continuity 

Higher sensor resolution is better for 

detailed analysis though there are 

techniques to improve resolution using 

generative adversarial networks, or multi-

resolution convolution networks 

Sentinel-1 data used for this Praxis has fixed 

resolution and interferometric SAR product 

format, potentially an area for future research 

 

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

independently tested due to the sources of data, the outputs of the dataset generation are 

tested and listed below in Table 3.3. 
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Table 3.3 Evaluated PS-InSAR Critical Success Factors 

PS_InSAR dataset field  Description of field Critical Success Factor 

PS_85_velocity Persistent scatter point coherence 

>85% (PS_85) velocity 

Coherent phase data for 

InSAR 

PS_85_coherence PS_85 coherence 

PS_85_MuSigma PS_85 mean / standard deviation ratio 

PS_85_Hprecision PS_85 horizontal precision 

PS_85_D_date before PS_85 deformation pre-event 

PS_85_D_date after PS_85 deformation post-event 

PS_85_Difference PS_85 deformation difference 

PS_75_velocity Persistent scatter point coherence 

>75% (PS_75) velocity 

PS_75_coherence PS_75 coherence 

PS_75_MuSigma PS_75 mean / standard deviation ratio 

PS_75_D_ date before PS_75 deformation pre-event 

PS_75_D_ date after PS_75 deformation post-event 

PS_75_Difference PS_75 deformation difference 

PS_65_velocity Persistent scatter point coherence 

>65% (PS_65) velocity 

PS_65_coherence PS_65 coherence 

PS_65_MuSigma PS_65 mean / standard deviation ratio 

PS_65_D_ date before PS_65 deformation pre-event 

PS_65_D_ date after PS_65 deformation post-event 

PS_65_Difference PS_65 deformation difference 

 

3.8.2 GIS Damage Assessment Critical Success Factors 

 Based on the literature review from Section 2.3, Table 3.4 are the critical factors in 

classifying damage using GIS data; however, it is disaster specific.  
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Table 3.4 GIS Damage Assessment Critical Success Factors 

Disaster Damage Assessment Critical Success 

Factor Description 

Evaluation 

Flooding 

  

Proximity to flood source (river, lake, 

stream) 

 

Inundation Depth 

 

Types and frequency of flooding in the 

affected area 

 

Elevation and gradient of the land 

Elevation, inundation depth, and 

water proximity are tested in this 

model seen in Table 3.5 

 

Other criteria are areas for future 

research 

Hurricane Proximity to coast (storm surge) 

Elevation and gradient of the land 

Elevation and proximity to water 

source are tested in this model seen in 

Table 3.5 

Earthquake 

 

Proximity to fault 

 

Frequency of earthquakes 

 

Proximity to active landslide areas 

Potential area for future research 

Fires Soil Moisture Potential area for future research 

Tsunami 

  

Proximity to coast (storm surge/ tidal 

wave) 

 

Elevation and gradient of the land 

Potential area for future research 

General Property characteristics (building 

materials, foundation, elevation) 

 

Proximity to water (coastal storm, 

flooding, storm surge) 

Elevation and water proximity are 

tested in this model seen in Table 
3.5 

 

Other criteria are areas for future 

research  

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

 will be independently tested to evaluate the flooding and general categories. 

Table 3.5 Tested GIS Critical Success Factors 

GIS dataset fields Description of field 

NEAR_DIST Distance to nearest water feature 

DEM_ELEVATION DEM elevation 

IN_DEPTH Inundation Depth (ft) 

F_XX_Area Coverage area at ## depth based on depth gages 
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3.8.3 Evaluating Critical Success Factors 

 To determine the critical success factors three techniques are used, recursive feature 

elimination (RFE), mean decrease impurity (MDI) , and permutation importance. All 

three techniques are implemented in the Praxis using the using Python scikit-learn 

(sklearn) libraries (Pedregosa et al., 2011). The combinations of these three techniques 

were used due to the various classification techniques used. Table 3.6 are the techniques 

that used on each classification technique. The Hurricane Matthew dataset was used to 

test feature selection and model performance at each of the PS-InSAR coherence levels 

(0.65, 0.75, and 0.85). Critical Success Factors were determined using filtered training 

sets prior to training with the full dataset due to computational expense. 

Table 3.6  Critical Success Factor tests by classifier 

Machine Learning 

Technique 

Recursive Feature 

Elimination  

Mean Decrease 

Impurity  

Permutation 

Importance 

Multinominal Logistic 

Regression 
Yes No Yes 

K-Nearest 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 

3.9 Machine Learning Prediction Models 

 To solve the damage assessment prediction problem, this Praxis combines two 

models, the GIS model and the SAR model. The GIS model uses the percentage of parcel 

area covered with the parcel inundation levels to define structural flood probability. The 

model uses a multinomial logistic regression to predict flooding classification (no 

damage, affected, minor, major, destroyed). The GIS model for flooding is correlated 
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with RTC SAR imagery to ensure the modeled output (flood coverage area) is consistent 

with observed flooding 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 SAR processing 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 the stream 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 water 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 by Python notebook where the multinomial logistic regression is run, and a 

damage category is assigned.  The inputs for the GIS model are listed in Table 3.7. 

Table 3.7 GIS Model Inputs 

Name Description 

Independent Variables 

Depth Inundation Depth at modeled at peak stream gage height (feet) 

Distance to nearest 

water feature 

Distance at closest point of the parcel to the nearest NHD water 

feature (miles) 

Parcel Flooding 

Percentage 

Portion of total parcel inundated by water (0-1) 
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 The SAR model categorizes persistent scatters based on their coherence, translation in 

the slant range, and velocity. Once the persistent scatter layer is aligned with the GIS 

layer, using a spatial join the structural data is fused with the SAR returns. If the 

difference in phase for a given structure is significant, then the PS point will display a 

magnitude of change and add that data to the structural attributes. As discussed in 

Section 3.5.1, the difference in phase is then translated into a difference in slant range, 

the projected into lateral and vertical deformation. FEMA defines non-flood structural 

damage more generally with qualitative damage indications including cometic damage at 

affected (FEMA, 2021b, pp. H1ïH4).  

 Due to the novel nature of post-event disaster modeling with PS-InSAR, the model is 

trained and characterized initially  for binary classification (damage, no damage), then 

proceeds to the four levels of damage. There are six machine learning models compared 

for use as the SAR model Random Forest, Decision Tree, Support Vector Machine, 

Adaptive Boosting (Adaboost), Multi -layer perceptron, and K-Nearest Neighbor. Each 

chosen due to the multiple classification ability, speed to train, and the accuracy when 

working with remote sensing datasets. The SAR model inputs are listed in Table 3.8.  

Table 3.8 PS-InSAR Model Inputs 

Name Description 

PS Velocity  Velocity of motion mm/year 

PS Coherence Signal strength between collections 

PS MuSigma Mean / Standard deviation ratio for the interferogram at the 

PS-InSAR point 

Displacement Pre-event Measure of displacement from reference frame (mm) 

Displacement Post-event Measure of displacement from reference frame (mm) 

Displacement Difference The difference between Post- and 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 model as discussed in Section 2.6.5. 

The model is used to predict the probabilities of given classification given a set of 

independent variables. An assumption is the MLR independent variables are case 

specific, and each represent a single value for each case, in the case of the GIS mode 

inundation depth is related to damage level. Independent variables are not required to be 

statistically independent, but collinearity 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 damage. The 

equation for MLR is listed in Equation 3.2 (Alpaydin, 2014, p. 254), this Praxis used the 

Python scikit-learn (sklearn) libraries to during each usage (Pedregosa et al., 2011). 

Equation 3.2 Multinomial Logistic Regression 

◐░ ╟╒░ȿ●  
ἭὀἸ◌░

╣● ◌░

В ἭὀἸ ◌▒
╣● ◌▒

╚
▒

ȟ░ ȟȣȟ╚ 

where:  

 ◐ is the classification, 

 ὖὅȿὼ is probability of the classification given the input vector x, 

 ύ  is the transpose of the weighting vector, 

 x is the given sample, 

 Ὦ is the reference classification, 

 i is the numerator of the linear classification, 

 K iterates for each distinct 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 Scikit-learn user guide there are dozens of 

hyperparameters to tune with MLR, but the three key are the solver, penalty, and 

regularization strength but typically the baseline model performs well with unbalanced 

classes seen in Table 3.9. To avoid overfitting and validate the prediction performance of 

the model 10-fold cross-validation is used. 

Table 3.9 Multinomial Logistic Regression Hyperparameters 

Hyperparameters for LogisticRegression Values 

Maximum iterations (max_iter) 300 

Tolerance for stopping criteria (tol) 1e-4 

Inverse regularization strength (C) 1 

Penalty (penalty) l2 (penalty equal to the square of the magnitude of 

coefficients) 

Solver (solver) Limited memory Broyden-Fletcher-Shanno algorithm 

(lbfgs) 

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

3.9.2 K-Nearest Neighbors 

 K-Nearest Neighbors (K-NN) is a supervised learning classification model uses the 

nearest K data points to classify the sample as discussed in Section 2.6.6. The 

hyperparameters used to tune K-NN are number of neighbors used for classification, 

weights by distance or uniform, metric of distance calculation, and algorithm type seen in 

Table 3.10 . This Praxis used the Python scikit-learn (sklearn) libraries to implement this 

model (Pedregosa et al., 2011). Additionally, to avoid overfitting and validate the 

prediction performance of the model uses 10-fold cross-validation. 
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Table 3.10 K-NN Hyperparameters 

Hyperparameters for KNeighborsClassifier Values 

Number of neighbors (n_neighbors) 3 

Weights used for predictions (weights) Distance 

Algorithm used to compute (algorithm) Auto 

Leaf size (leaf_size) 30 

Power parameter (p) 2 (Euclidean distance) 

Metric used for distance computation (metric) Minkowski 

Number of parallel jobs (n-jobs) -1 (all cpus) 

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

3.9.3 Adaptive Boosting (Adaboost)  

  Adaptive Boosting is a supervised learning classification model multiple weak 

learners to separate the classes as discussed in Section 2.6.7. The hyperparameters used 

to tune Adaboost are estimator type, number of estimators, learning rate, and base 

algorithm seen in Table 3.11. This Praxis used the Python scikit-learn (sklearn) libraries 

to implement this model (Pedregosa et al., 2011). Additionally, to avoid overfitting and 

validate the prediction performance of the model uses 10-fold cross-validation. 

Table 3.11 AdaBoost Hyperparameters 

Hyperparameters for AdaBoostClassifier Values 

Base estimator (estimator) DecisionTreeClassifie 

DecisonTreeClassifier(max depth) 2 

Number of estimators (n_estimators) 500 

Weight of each classifier at each iteration (learning_rate) 2 

Algorithm used for boosting (algorithm) SAMME.R 

Cross validation (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 discussed in Section 2.6.8. The hyperparameters 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 overfitting seen in Table 3.12. This Praxis used the Python 

scikit-learn (sklearn) libraries to implement this model (Pedregosa et al., 2011). 
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Additionally, to avoid overfitting and validate the prediction performance of the model 

uses 10-fold cross-validation. 

Table 3.12 Support Vector Machine Model Hyperparameters 

Hyperparameters for SVC Values 

Regularization parameter (C) 10 

Degree of polynomial (degree) 3 

Type of kernel used in algorithm (kernel) Radial basis function (rbf) 

Kernel coefficient (Gamma) 1 

Tolerance for stopping criteria (tol) 1e-3 

Max iterations -1 (no limit) 

Decision Function Shape (decision_function_shape) One-over-Rest (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 in Section 2.6.9. this Praxis will use the classification case of the 

multivariate decision tree. The decision trees are implemented in the Praxis using the 

using Python scikit-learn (sklearn) libraries (Pedregosa et al., 2011). The 

hyperparameters that tune the decision tree are maximum depth, minimum samples split 

to improve performance without overfitting the model seen in Table 3.13. To avoid 

overfitting and validate the prediction performance of the model 10-fold cross-validation 

was applied. 

Table 3.13 Decision Tree Model Hyperparameters 

Hyperparameters for DecisionTreeClassifier Values 

Criteria to measure quality of split (criterion) Gini impurity (gini) 

Strategy to split each node (splitter) Best 

Maximum depth of decision tree (max_depth) 26 

Minimum number of samples required to split (min_samples_split) 4 

Minimum number of samples required to be a leaf (min_samples_leaf) 1 

Maximum number of features for each split (max_features) None 

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

3.9.6 Random Forest 

  Random forest is a supervised ensemble machine learning algorithm used for 

classification and regression as discussed in Section 2.6.9. This Praxis will use the 
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classification case of the Random Forest ensemble. The random forest ensemble model is 

implemented in the Praxis using the using Python scikit-learn (sklearn) libraries 

(Pedregosa et al., 2011). Tuning Random Forest hyperparameters are similar to decision 

trees (maximum depth, minimum sample split), and add max features and number of 

estimators to improve performance and minimize overfit seen in Table 3.14. 

Additionally, to avoid overfitting and validate the prediction performance of the model 

uses 10-fold cross-validation. 

Table 3.14 Random Forest Model Hyperparameters 

Hyperparameters for RandomForestClassifier Values 

Number of trees (n_estimators) 70 

Criteria to measure quality of split (criterion) Gini impurity (gini) 

Maximum depth of a decision tree (max_depth) 24 

Minimum samples required to split a node (min_samples_split) 3 

Minimum samples per 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 artificial neural network (ANN) is a supervised learning classification model 

using stochastic gradient descent to separate the classes as discussed in Section 2.6.10. 

The ANN has the highest number of hyperparameters of the evaluated models. The 

hyperparameters include hidden layer number, activation function type, solver type, 

alpha, learning rate, and iterations, with a dozen more seen in Table 3.15.  This Praxis 

used the Python scikit-learn (sklearn) libraries to implement this model (Pedregosa et al., 

2011). To avoid overfitting and validate the prediction performance of the model uses 10-

fold cross-validation. 
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Table 3.15 Multi -Layer Perceptron Model Hyperparameters 

Hyperparameters for MLPClassifier Values 

Hidden layer sizes (hidden_layer_sizes) [100,] 

Activation Function (activation) Rectified Linear Unit (relu) 

Weight optimization solver (solver) Stochastic gradient-based optimizer (adam) 

Strength of regularization term (alpha) 0.00003 

Maximum iterations (max_iter) 1000 

Tolerance for optimization (tol) 1e-4 

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

3.9.8 Ensemble Machine Learning  

Multiple models are employed to predict damage categories post-disaster. To combine 

the models stacking is used from the estimators (models) above and using MLR to make 

the final prediction of damage classification. Each of the model methods described in this 

section are individually tuned to improve performance and avoid overfitting. Stacking 

uses the strength of multiple models to improve performance of the combined model. All 

models were generated using the Python library sklearn to easily stack the models using 

sklearn (Pedregosa et al., 2011). The hyperparameters used are stack method, cross 

validation, and the list of estimators seen in Table 3.16. Additionally, to avoid overfitting 

and validate the prediction performance of the model uses 5-fold cross-validation and 

uses a separate set of data to train the stack. 

Table 3.16 Ensemble Model Hyperparameters 

Hyperparameters for StackingClassifier Values 

List of estimators (estimators) 

 

('GIS_MLR',GIS_MLR), ('svm_rbf',svm_rbf), 

('knn',knn), ('ada',ada), ('dt',dt), ('rf',rf), ('mlp',mlp) 

Final estimator (final_estimator) LogisticRegression() 

Cross-validation splitting strategy (cv) 5-fold cross validation (none) 

3.10 Model Comparison and Evaluation 

 There are two types of misclassification errors Type I (false positives) and Type 2 

(false negatives), in the case of rapid damage assessment Type II errors are more costly 

than Type I errors. The corollary being emergency response resources are limited and 



67 

 

should be prioritized to those in the most need. To evaluate the performance of each of 

the models the following metrics were compare confusion matrices, F1, accuracy, and  

Phi coefficients. 

3.10.1 Confusion Matrix  

 The confusion matrix is a graphical representation of the true label versus the 

predicted label and how a model performs with misclassification. The binary case of the 

confusion matrix is 2x2 and seen in Figure 3.22 and a multi-case in Figure 3.23. The 

confusion matrix is comprised of generically four outcomes true positive, true negative, 

false positive, and false negative (Alpaydin, 2014). This Praxis uses the Python sklearn 

library to calculate and display the confusion matrix (Pedregosa et al., 2011). It is used to 

calculate the F1, accuracy, bookmaker informedness, and Phi coefficients. 
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Figure 3.22 Confusion Matrix   

Figure 3.23 Sample Multi-case 

Confusion Matrix  

Where: 

True positive (TP):   The output correctly indicates the positive case. 

True negative (TN):  The output correctly indicates the negative case. 

False positive (FP):  The output incorrectly indicates the positive case. 
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False negative (FN): The output incorrectly indicates the negative case. 

3.10.2 Phi Coefficient (Matthews correlation coefficient) 

 The Phi Coefficient is also known as the Matthews correlation coefficient (MCC) 

measures the quality of classifier performance. MCC is known as a more robust indicator 

in most cases except notably when comparing classifiers on different datasets (Chicco et 

al., 2021). A score of +1 indicates a perfect predictor, -1 indicates a perfect disagreement 

and 0 is random guess. To calculate MCC, this Praxis uses the Python sklearn library, the 

equation for the binary-case classifier is listed in Equation 3.3 (Pedregosa et al., 2011). 

Equation 3.3 MCC Equation 

╜╒╒  
╣╟ ● ╣╝ ╕╟ ╧ ╕╝

╣╟ ╕╟╣╟ ╕╝╣╝ ╕╟╣╝ ╕╝
 

3.10.3 F1, Accuracy, and Bookmaker Informedness Metrics 

 Accuracy, F1, and Bookmaker Informedness metrics are additional metrics for 

indicating the quality of a classification model scaled from 0 to 1. Accuracy is how close 

the prediction is to the truth. F1 is another measure of the accuracy of a classification 

model, and the Informedness is the probability of making an informed decision. All these 

metrics are calculated in this Praxis using the Python sklearn library, equations are listed 

Equation 3.4, Equation 3.5, and Equation 3.6 (Alpaydin, 2014; Pedregosa et al., 2011). 

Equation 3.4 Accuracy Equation 

ὃὧὧόὶὥὧώ 
Ὕὖ Ὕὔ

Ὕὖ Ὕὔ Ὂὖ Ὂὔ
 

Equation 3.5 F1 Score Equation 

Ὂρ
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Equation 3.6 Informedness Equation 

ὍὲὪέὶάὩὨὲὩίί
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3.11 Validation of Machine Learning Models 

 Validation of machine learning models is critical for supervised and semi-supervised 

learning the validation and test sets are essential for testing the validity of the model 

(Alpaydin, 2014). The validation set is labeled data that is removed 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 validation used to test the tuned model (Alpaydin, 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 times such that the entire data set is validated against the model. In the case 

of supervised learning K-cross validation improves performance with a limited labeled 

dataset (Alpaydin, 2014). Receiver Operating Characteristics (ROC) graphs are also used 

to visually evaluate the performance of models. The ROC graph compares Equation 3.7 

the true positive rate (TPR) to Equation 3.8 the false positive rate (FPR) and the area 

under the curve (AUC) represents the accuracy of the evaluated model (Alpaydin, 2014). 

Equation 3.7 True Positive Rate (TPR) 

ὝὖὙ
Ὕὖ

Ὕὖ Ὂὔ
 

Equation 3.8 False Positive Rate (FPR) 

ὊὖὙ
Ὂὖ

Ὂὖ Ὕὔ
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Chapter 4 Results 

4.1 Introduction  

 The purpose of this Praxis is to examine whether a predictive structural damage 

categorization model can use high resolution synthetic aperture radar (SAR) and is more 

accurate than other rapid damage assessment models. This chapter presents the results of 

damage analysis of Hurricane Matthew 2016, Hurricane Irma 2017, and Hurricane 

Harvey 2017 using the predictive machine learning model.  

 Section 4.2 examines the results of the Exploratory Data Analysis (EDA) prior to the 

final data cleaning described in Section 4.3. Sections 4.4 - 4.13 present the results of the 

Hypotheses 1 through 10, further enumerates the training and tuning results of the 

models. Section 4.14 is the validation of the models and results.  

4.2 Exploratory Data Analysis Results 

 Exploratory Data Analysis is valuable to understand the dataset, the relationship of 

variables, and guides model building. Once all the various datasets are aggregated there 

were 216 data fields (215 for Charleston and 96 for Harris), many including geographic 

information and geometric information. Each dataset is independent of the other, 

therefore are analyzed separately. Statistical and graphical EDA (Figure 4.1) were 

performed to investigate the aggregated data exported from ArcGIS Pro (Figure 4.2). 

Table 4.1 and Table 4.2 describes each dataset listing total number of structures, FEMA 

damaged structures and number of persistent scatter interferometric SAR (PS-InSAR) 

aligned structures within each dataset. Each dataset is unbalanced with the abundance of 

structures being undamaged greater than 89%. Full feature lists are in Appendix C ï 
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Schemas / Data Dictionaries and expanded results are in Appendix E ï Expansion of 

Results and Validation. 

 

Figure 4.1 Sample Correlation Matrix Heatmap  

 

 

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 

Structures 

PS-InSAR 65 

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 point coherence and damage 

level compared to historic 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 4,012 71.1% 480 8.5% 570 10.1% 352 6.2% 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 84.8% 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% 1,598 0.2% 1,643 0.3% 

Harvey PS-65 36,777 86.3% 3,805 8.9% 1,904 4.5% 87 0.2% 59 0.1% 

Harvey PS-75 31,341 86.5% 3,267 9.0% 1,523 4.2% 61 0.2% 46 0.1% 

Harvey PS-85 16,563 87.8% 1,619 8.6% 636 3.4% 20 0.1% 23 0.1% 

 

There are dozens of unique identifiers, ownership information, geographic information, 

and geometric information the features, and non-encoded categorical data each dataset 

was filtered to the features listed in Figure 4.3.  
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Matthew dataset 

field  

Irma dataset field Harvey dataset 

field 

Description of field 

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 

ratio 
PS_85_Hprecision PS_85_Hprecision PS_85_Hprecision PS_85 horizontal precision 

PS_85_D_20161004 PS_85_D_20170905 PS_85_D_20170824 PS_85 deformation pre-event 

PS_85_D_20161010 PS_85_D_20170917 PS_85_D_20170905 PS_85 deformation post-event 

PS_85_Difference PS_85 deformation difference 

PS_75_velocity Persistent scatter point coherence 

>75% (PS_75) velocity 
PS_75_coherence PS_75 coherence 

PS_75_MuSigma PS_75 mean / standard deviation 

ratio 
PS_75_D_20161004 PS_75_D_20170905 PS_75_D_20170824 PS_75 deformation pre-event 

PS_75_D_20161010 PS_75_D_20170917 PS_75_D_20170905 PS_75 deformation post-event 

PS_75_Difference PS_75 deformation difference 

PS_65_velocity Persistent scatter point coherence 

>65% (PS_65) velocity 
PS_65_coherence PS_65 coherence 

PS_65_MuSigma PS_65 mean / standard deviation 

ratio 
PS_65_D_20161004 PS_65_D_20170905 PS_65_D_20170824 PS_65 deformation pre-event 

PS_65_D_20161010 PS_65_D_20170917 PS_65_D_20170905 PS_65 deformation post-event 

PS_65_Difference PS_65 deformation difference 

NEAR_DIST Distance to nearest water feature 

DEM_ELEVATION  DEM_ELEVATION ----  DEM elevation 

IN_DEPTH   ---- IN_DEPTH Inundation Depth (ft) 

F_75_Area F_10_Area F_10_Area Coverage area at ## depth based on 

depth gages 

DMG_LEVEL  Reported FEMA level 

 

PS-InSAR Dataset GIS Dataset Both Datasets 

Figure 4.3 Dataset Filter for each dataset 

 

 Once the data was filtered, additional screening of the data included filtered 

correlation matrix heatmap (Figure E.1 - Figure E.6) created using the Python library 

sklearn, and filtered pairwise plots (Figure E.7) using the Python library Seaborn 

(Hunter, 2007; Pedregosa et al., 2011; Waskom, 2021). The correlation matrix does show 

several areas of strong correlation. This is expected with some of the SAR data as 
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velocity (millimeters per year) and deformation (millimeters), coherence and the 

MuSigma (quality of the point) are physical mesurements with a strong correlation 

(Canty, 2019). There is a very strong correlation between innundation depth and damage 

level, also anticipated when examining flood biased data. No other abnormal results were 

discovered during the review of the data. The filter and encoding results are discussed in 

Section 4.3. 

4.3 Data Filtering Encoding Results 

 Data filtering as seen in Section 4.2 reduced the dimensionality of the dataset and 

focus on the parameters that were more likely to produce accurate categorization. The 

model further reduced any field with lower than 10% variation prior to training, in the 

GIS case removing water proximity feature. Most 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 algorithms. The damage levels were 

encoded as described in Sections 3.4.3 and 3.9: 

 0 ï Unknown, 

 1 ï No Damage, 

 2 ï Affected, 

 3 ï Minor, 

 4 ï Major, and 

 5 ï Destroyed. 

 

No additional encoding was required to create and train the dataset.  

4.4 Hypothesis 1 and Results 

 H1: The critical success factors (independent variables) identified in this Praxis have 

a significant influence on the dependent variables. 

 This section contains the results of the critical success factors that were determined 

using all three datasets in various models. The critical success factors were determined 
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using a combination of Permutation Importance, Recursive Feature Elimination, and 

Mean Decrease Impurity (MDI) . Figure 4.4 are the results of the GIS critical success 

factors, and Figure 4.5 are the results of the PS-InSAR critical success factors. A 

discussion of these results is presented in Section 5.1.1 with comprehensive results in 

Appendix E ï Expansion of Results and Validation. 

 

Figure 4.4 Ranking Results for all GIS models 

Figure 4.5 Ranking Results for all PS-InSAR models 

4.5 Hypothesis 2 and Results 

 H2: A Multinomial Logistic Regression model can be developed to accurately predict 

structural flood damage categorization solely using GIS data with F-1 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 hypothesis 2 seen 

in Figure E.23 through Figure E.31. The validation of this hypothesis is presented in 

Section 4.14.1 . A discussion of these results is presented in Section 5.1.2. 

4.6 Hypothesis 3 and Results 

 H3: A K-Nearest Neighbors model can be developed to accurately predict structural 

damage categorization solely using MT-InSAR data with F-1 Score, Phi Coefficient, and 

Balanced Accuracy greater than or equal to 80%. 

 This section provides the confusion matrices, and statistics specific to hypothesis 3 

seen in Figure E.32 through Figure E.40. All three datasets are comprised of unbalanced 

classes and due to the varying severity of natural disasters with a minimum persistent 

scatter coherence of 75. The validation of this hypothesis is presented in Section 4.14.2. 

A discussion of these results is presented in Section 5.1.3. 

4.7 Hypothesis 4 and Results 

 H4: An adaptive boost (AdaBoost) model can be developed to accurately predict 

structural damage categorization solely using MT-InSAR data with F-1 Score, Phi 

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

 This section provides the confusion matrices, and statistics specific to hypothesis 4 

seen in Figure E.41 through Figure E.49. All three datasets are comprised of unbalanced 

classes and due to the varying severity of natural disasters with a minimum persistent 

scatter coherence of 75. The validation of this hypothesis is presented in Section 4.14.3. 

A discussion of these results is presented in Section 5.1.4. 
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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 MT-InSAR data with F-1 Score, Phi 

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

 This section provides the confusion matrices, and statistics specific to hypothesis 5 

seen in Figure E.50 through Figure E.58. All three datasets are comprised of unbalanced 

classes and due to the varying severity of natural disasters with a minimum persistent 

scatter coherence of 75. The validation of this hypothesis is presented in Section 4.14.4. 

A discussion of these results is presented in Section 5.1.5. 

4.9 Hypothesis 6 and Results 

 H6: A Decision Tree model can be developed to accurately predict structural damage 

categorization solely using MT-InSAR data with F-1 Score, Phi Coefficient, and 

Balanced Accuracy greater than or equal to 80%. 

 This section provides the confusion matrices, and statistics specific to hypothesis 6 

seen in Figure E.59 through Figure E.67. All three datasets are comprised of unbalanced 

classes and due to the varying severity of natural disasters with a minimum persistent 

scatter coherence of 75. The validation of this hypothesis is presented in Section 4.14.5. 

A discussion of these results is presented in Section 5.1.6. 

4.10 Hypothesis 7 and Results 

 H7: A Random Forest model can be developed to accurately predict structural 

damage categorization solely using MT-InSAR data with F-1 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 hypothesis 7 

seen in Figure E.68 through Figure E.76. All three datasets are comprised of unbalanced 

classes and due to the varying severity of natural disasters with a minimum persistent 

scatter coherence of 75. The validation of this hypothesis is presented in Section 4.14.6. 

A discussion of these results is presented in Section 5.1.7. 

4.11 Hypothesis 8 and Results 

 H8: A multi-layer perceptron model can be developed to accurately predict structural 

damage categorization solely using MT-InSAR data with F-1 Score, Phi Coefficient, and 

Balanced Accuracy greater than or equal to 80%. 

 This section provides the confusion matrices, and statistics specific to hypothesis 8 

seen in Figure E.77 through Figure E.85. All three datasets are comprised of unbalanced 

classes and due to the varying severity of natural disasters with a minimum persistent 

scatter coherence of 75. The validation of this hypothesis is presented in Section 4.14.7. 

A discussion of these results is presented in Section 5.1.8. 

4.12 Hypothesis 9 and Results 

 H9: An ensemble model can be developed to accurately predict structural damage 

categorization solely using GIS and MT-InSAR data with F-1 Score, Phi Coefficient, and 

Balanced Accuracy greater than or equal to 80%. 

 This section provides the confusion matrices, and statistics specific to hypothesis 9 

seen in Figure E.86 through Figure E.94. All three datasets are comprised of unbalanced 

classes and due to the varying severity of natural disasters with a minimum persistent 

scatter coherence of 75. The validation of this hypothesis is presented in Section 4.14.8. 

A discussion of these results is presented in Section 5.1.9. 
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4.13 Hypothesis 10 and Results 

 H10: This predictive model improves structural damage categorization accuracy as 

compared to existing models based on the F-1 Score, Phi Coefficient, and Balanced 

Accuracy values. 

 This section provides the statistics specific to hypothesis 10 seen in Table 4.3 through 

Table 4.5 All three datasets are comprised of unbalanced classes and due to the varying 

severity of natural disasters with a minimum persistent scatter coherence of 75. The 

validation of this hypothesis is presented in Section 4.14. A discussion of these results is 

presented in Section 5.1.10. 

The Hurricane Matthew data set focused on Florence County South Carolina is 

listed in Table 4.3 items bolded are above the threshold. 

Table 4.3 Hypothesis 10 Results for Hurricane Matthew 

 

The Hurricane Irma data set focused on Charleston County South Carolina is listed in 

Table 4.4 items bolded are above the threshold.  

 
TRAIN 

ACC 

TRAIN 

PHI 

COEFF 

TRAIN 

BAL 

ACC 

TRAIN 

F1 

TEST 

ACC 

TEST 
PHI 

COEFF 

TEST 

BAL 

ACC 

TEST 

F1 

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 
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Table 4.4 Hypothesis 10 Results for Hurricane Irma  

 

The Hurricane Harvey data set focused on Harris County Texas is listed in Table 

4.5 items bolded are above the threshold.  

Table 4.5 Hypothesis 10 Results for Hurricane Harvey 
 

TRAIN 

ACC 

TRAIN 

PHI 

COEFF 

TRAIN 

BAL 

ACC 

TRAIN 

F1 

TEST 

ACC 

TEST 

PHI 

COEFF 

TEST 

BAL 

ACC 

TEST 

F1 

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 

calculations to determine if the model was overfit. Additionally, the confusion matrices 

and associated performance metrics are captured in the expanded results section for the 

corresponding model in Appendix E ï Expansion of Results and Validation. 

 
TRAIN 

ACC 

TRAIN 

PHI 

COEFF 

TRAIN 

BAL 

ACC 

TRAIN 

F1 

TEST 

ACC 

TEST PHI 

COEFF 

TEST 

BAL 

ACC 

TEST F1 

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 
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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 presented in Section 4.5. Training the model used 10-fold 

cross validation to reduce overfitting. Figure E.95 - Figure E.97 show ROC curves for 

each Hurricane dataset using 10-fold validation. For validation all models were trained 

using all persistent scatter points and filtering PS_75 as discussed in the results of 

Section 4.5.  The results of the Multinomial Logistic Regression model 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 presented in Section 4.6. Training the model used 10-fold 

cross validation to reduce overfitting. Figure E.98 - Figure E.100 show ROC curves for 

each Hurricane dataset using 10-fold validation. For validation all models were trained 

using all persistent scatter points and filtering PS_75 as discussed in the results of 

Section 4.6.  The results of the K-Nearest Neighbors model 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 with 80% training data and 20% test data. 

The results of the test data are presented in Section 4.7. Training the model used 10-fold 

cross validation to reduce overfitting. Figure E.101 - Figure E.103 show ROC curves for 

each Hurricane dataset using 10-fold 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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Section 4.7.  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 80% training data and 20% test data. 

The results of the test data are presented in Section 4.8. Training the model used 10-fold 

cross validation to reduce overfitting. Figure E.104 - Figure E.106 show ROC curves for 

each Hurricane dataset using 10-fold validation. For validation all models were trained 

using all persistent scatter points and filtering PS_75 as discussed in the results of 

Section 4.8. The results of the Support Vector Machine model 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 presented in Section 4.9. Training the model used 10-fold 

cross validation to reduce overfitting. Figure E.107 - Figure E.109 show ROC curves for 

each Hurricane dataset using 10-fold validation. For validation all models were trained 

using all persistent scatter points and filtering PS_75 as discussed in the results of 

Section 4.9. The results of the Decision Tree model are consistent with the training 

results and do not show overfitting. 

4.14.6 Random Forest 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 presented in Section 4.10. Training the model used 10-fold 

cross validation to reduce overfitting. Figure E.110 - Figure E.112 show ROC curves for 

each Hurricane dataset using 10-fold validation. For validation all models were trained 
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using all persistent scatter points and filtering PS_75 as discussed in the results of 

Section 4.10. The results of the Random Forest model are consistent with the training 

results and do not show overfitting. 

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 presented in Section 4.11. Training the model used 10-fold 

cross validation to reduce overfitting. Figure E.113 - Figure E.115 show ROC curves for 

each Hurricane dataset using 10-fold validation. For validation all models were trained 

using all persistent scatter points and filtering PS_75 as discussed in the results of 

Section 4.11. The results of the Multilayer Perceptron model are consistent with the 

training results and do 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 presented in Section 4.12. Training the model used 10-fold 

cross validation to reduce overfitting. Figure E.116 - Figure E.118 show ROC curves for 

each Hurricane dataset using 10-fold validation. For validation all models were trained 

using all persistent scatter points and filtering PS_75 as discussed in the results of 

Section 4.12. The results of the Ensemble model are consistent with the training results 

and do not show overfitting. 

 

  



84 

 

Chapter 5 Discussion and Conclusions 

 

5.1 Discussion 

 The purpose of this Praxis was to develop a predictive model to assist the public 

sector in structural damage categorization. The results generated by this study, 

supplemented previous research completed with synthetic aperture radar (SAR) based 

damage assessment, rapid damage assessment, and machine learning based damage 

assessment (Akhmadiya & Zeng, 2018; Q. D. Cao, 2020; Cossu et al., 2012; Milillo et 

al., 2018; Plank, 2014). Existing literature is inadequate using persistent scatter 

interferometric (PS-InSAR) fused with geographic information systems (GIS) for post-

disaster damage assessment predictions at the structure level. Many studies use PS-

InSAR data post-earthquake, tunneling, or landslides at the block level (Hou et al., 2021; 

Normand & Heggy, 2015; Vadivel et al., 2021).   

 The following sections review the Praxis results for each research question and 

hypothesis. Sections 5.1.1 through 5.1.10 provide a discussion of hypotheses 1 through 

10 respectively. Section 5.2 draws conclusions from this Praxis. Section 5.3 reflects on 

all the lessons learned during the Praxis and potential avenues to reduce the damage 

assessment timeline further. Section 5.4 outlines the research contributions of this Praxis 

to current literature. Section 5.5 shapes potential 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 Matthew dataset focused over Florence 

County, South Carolina. The initial list of critical success factors is delineated in the 

methodology chapter in Section 3.8.1 and 3.8.2. The evaluation of the tested critical 

success factors is descried in Section 3.8.3.  The results in Section 4.4 propose that in the 

two highest performing models use a combination of the most significant features, as the 

results of multiple logistic regression and the support vector machines were also 

favorable and discussed in detail in Section 4.5 and Section 4.8 respectively.  

 For GIS based damage categorization the most significant feature was the flood 

inundation depth, as the model accuracy achieved in the testing reduced when adding any 

additional features seen in Figure E.9 and Figure 4.4. Figure E.8 does show that shuffling 

the inundation depth (IN_DEPTH) feature does qualitatively have a much greater impact 

on the results than the other features. 

 For PS-InSAR the based damage categorization Figure E.10 - Figure E.22 graphicly 

show the relative feature importance of the 19 tested features. Figure 4.5 qualitatively 

shows the relative ranking of all the features in each of the models. Within the Hurricane 

Matthew dataset the AdaBoost model did not perform well, and are not consistent with 

the other models. The top performing features across all models were PS_65/ PS_75 

Velocities, PS_75 deformations before 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 developed to accurately predict 

structural flood damage categorization solely using GIS data with F-1 Score, 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 any PS-InSAR data. Multinomial 

Logistic Regression models using Hurricane Matthew data (Figure E.23 - Figure E.25) 

and Hurricane Harvey data (Figure E.29 - Figure E.31) did accurately predict damage 

categorization with the GIS data with F-1 Score, Phi Coefficient, and Balanced Accuracy 

greater than or equal to 80%. Hurricane Irma data (Figure E.26 - Figure E.28) did not 

have reliable flood inundation data available and performed poorly, this result and 

conclusion also support hypothesis 1. Hurricane Matthew predictions had a F-1= 0.999, 

Phi Coefficient= 0.980, and Balanced Accuracy= 0.972. Multinomial Logistic Regression 

model predictions using Hurricane Irma data had an F-1= 0.902, Phi Coefficient= -0.003, 

and Balanced Accuracy= 0.200. Hurricane Harvey predictions had an F-1= 0.999, Phi 

Coefficient= 0.990, and Balanced Accuracy= 0.991.  

HYPOTHESIS 2 HURRICANE MATTHEW - CONFIRMED  

HYPOTHESIS 2 HURRICANE IRMA ï NOT CONFIRMED  

HYPOTHESIS 2 HURRICANE HARVEY ï CONFIRMED  

 

5.1.3 Discussion of Hypothesis 3 

 H3: A K-Nearest Neighbors model can be developed to accurately predict structural 

damage categorization solely using MT-InSAR data with F-1 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 

Hurricane Harvey limited to PS-InSAR data. K-Nearest Neighbors (K-NN) model using 

Hurricane Irma data (Figure E.35 - Figure E.37) and Hurricane Harvey (Figure E.38 - 

Figure E.40) did accurately predict damage categorization with the MT-InSAR with F-1 

Score, Phi Coefficient, and Balanced Accuracy greater than or equal to 80%. K-Nearest 

Neighbors (K-NN) model using Hurricane Matthew data (Figure E.32 - Figure E.34) data 

did not accurately predict damage categorization. The K-NN model of Hurricane 

Matthew data predictions resulted in an F-1= 0.865, Phi Coefficient= 0.716, and 

Balanced Accuracy= 0.767. The K-NN model of Hurricane Irma data predictions resulted 

in an F-1= 0.977, Phi Coefficient= 0.913, and Balanced Accuracy= 0.944. The K-NN 

model predictions using Hurricane Harvey data had an F-1= 0.985, Phi Coefficient= 

0.939, and Balanced Accuracy= 0.956. 

HYPOTHESIS 3 HURRICANE MATTHEW ï NOT CONFIRMED  

HYPOTHESIS 3 HURRICANE IRMA ï CONFIRMED  

HYPOTHESIS 3 HURRICANE HARVEY ï 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 MT-InSAR data with F-1 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 PS-InSAR data. The Adaptive Boost (AdaBoost) model 

using Hurricane Matthew data (Figure E.41 - Figure E.43), Hurricane Irma data (Figure 

E.44 - Figure E.46), and Hurricane Harvey data (Figure E.47 - Figure E.49) did not 

accurately predict damage categorization with F-1 Score, Phi Coefficient, and Balanced 



88 

 

Accuracy greater than or equal to 80%. The AdaBoost model of Hurricane Matthew data 

predictions resulted in an F-1= 0.584, Phi Coefficient= 0.193, and Balanced Accuracy= 

0.421. The AdaBoost model of Hurricane Irma data predictions resulted in an F-1= 0.760, 

Phi Coefficient= 0.008, and Balanced Accuracy= 0.400. The AdaBoost model predictions 

using Hurricane Harvey data had an F-1= 0.618, Phi Coefficient= 0.017, and Balanced 

Accuracy= 0.337. 

HYPOTHESIS 4 HURRICANE MATTHEW ï NOT CONFIRMED  

HYPOTHESIS 4 HURRICANE IRMA ï NOT CONFIRMED  

HYPOTHESIS 4 HURRICANE HARVEY - NOT CONFIRMED  

 

5.1.5 Discussion of Hypothesis 5 

 H5: A Support Vector Machine model can be developed to accurately predict 

structural damage categorization solely using MT-InSAR data with F-1 Score, Phi 

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

 Hypothesis 5 was tested using all datasets Hurricane Matthew, Hurricane Irma, and 

Hurricane Harvey limited to PS-InSAR data. The Support Vector Machine (SVM) model 

using Hurricane Matthew data (Figure E.50 - Figure E.52), Hurricane Irma data (Figure 

E.53 - Figure E.55), and Hurricane Harvey data (Figure E.56 - Figure E.58) did 

accurately predict damage categorization with F-1 Score, Phi Coefficient, and Balanced 

Accuracy greater than or equal to 80%. The SVM model of Hurricane Matthew data 

predictions resulted in an F-1= 0.986, Phi Coefficient= 0.970, and Balanced Accuracy= 

0.964. The SVM model of Hurricane Irma data predictions resulted in an F-1= 0.981, Phi 

Coefficient= 0.929, and Balanced Accuracy= 0.936. The SVM model predictions using 

Hurricane Harvey data had an F-1= 0.984, Phi Coefficient= 0.936, and Balanced 

Accuracy= 0.952. 
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HYPOTHESIS 5 HURRICANE MATTHEW ï CONFIRMED  

HYPOTHESIS 5 HURRICANE IRMA ï CONFIRME D 

HYPOTHESIS 5 HURRICANE HARVEY ï CONFIRMED   

 

5.1.6 Discussion of Hypothesis 6 

 H6: A Decision Tree model can be developed to accurately predict structural damage 

categorization solely using MT-InSAR data with F-1 Score, Phi Coefficient, and 

Balanced Accuracy greater than or equal to 80%. 

 Hypothesis 6 was tested using all datasets Hurricane Matthew, Hurricane Irma, and 

Hurricane Harvey limited to PS-InSAR data. The Decision Tree (DT) model using 

Hurricane Matthew data (Figure E.59 - Figure E.61) did accurately predict damage 

categorization with F-1 Score, Phi Coefficient, and Balanced Accuracy greater than or 

equal to 80%. The DT model using the Hurricane Irma data (Figure E.62 - Figure E.64) 

and Hurricane Harvey data (Figure E.65 - Figure E.67) did not accurately predict 

damage categorization with F-1 Score, Phi Coefficient, and Balanced Accuracy greater 

than or equal to 80%. The DT model of Hurricane Matthew data predictions resulted in 

an F-1= 0.9229, Phi Coefficient= 0.836, and Balanced Accuracy= 0.835. The DT model 

of Hurricane Irma data predictions resulted in an F-1= 0.867, Phi Coefficient= 0.496, and 

Balanced Accuracy= 0.428. The DT model predictions using Hurricane Harvey data had 

an F-1= 0.922, Phi Coefficient= 0.678, and Balanced Accuracy= 0.640. 

HYPOTHESIS 6 HURRICANE MATTHEW ï CONFIRMED  

HYPOTHESIS 6 HURRICANE IRMA ï 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 predict structural 

damage categorization solely using MT-InSAR data with F-1 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 to PS-InSAR data. The Random Forest (RF) model using 

Hurricane Matthew data (Figure E.68 - Figure E.70) did accurately predict damage 

categorization with F-1 Score, Phi Coefficient, and Balanced Accuracy greater than or 

equal to 80%. The RF model using the Hurricane Irma data (Figure E.71 - Figure E.73) 

and Hurricane Harvey data (Figure E.74 - Figure E.76) did not accurately predict 

damage categorization with 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 F-1= 0.982, Phi Coefficient= 0.962, and Balanced Accuracy= 0.953. The RF model of 

Hurricane Irma data predictions resulted in an F-1= 0.851, Phi Coefficient= 0.454, and 

Balanced Accuracy= 0.389. The RF model predictions using Hurricane Harvey data had 

an F-1= 0.935, Phi Coefficient= 0.735, and Balanced Accuracy= 0.666. 

HYPOTHESIS 7 HURRICANE MATTHEW ï CONFIRMED  

HYPOTHESIS 7 HURRICANE IRMA ï 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 MT-InSAR data with F-1 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 PS-InSAR data. The MLP model using the Hurricane 

Matthew data (Figure E.77 - Figure E.79), Hurricane Irma data (Figure E.80 - Figure 

E.82), and Hurricane Harvey data (Figure E.83 - Figure E.85) did not accurately predict 

damage categorization with 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 F-1= 0.692, Phi Coefficient= 0.318, and Balanced Accuracy= 0.357. The MLP model 

of Hurricane Irma data predictions resulted in an F-1= 0.789, Phi Coefficient= 0.139, and 

Balanced Accuracy= 0.3280. The MLP model predictions using Hurricane Harvey data 

had an F-1= 0.811, Phi Coefficient= 0.146, and Balanced Accuracy= 0.356. 

HYPOTHESIS 8 HURRICANE MATTHEW ï NOT CONFIRMED  

HYPOTHESIS 8 HURRICANE IRMA ï 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 MT-InSAR data with F-1 Score, Phi Coefficient, and 

Balanced Accuracy 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 PS-InSAR data. The ensemble model 

using the Hurricane Matthew data (Figure E.86 - Figure E.88), Hurricane Irma data 

(Figure E.89 - Figure E.91), and Hurricane Harvey data (Figure E.92 - Figure E.94) did 

accurately predict damage categorization with F-1 Score, Phi Coefficient, and Balanced 

Accuracy greater than or equal to 80%. The ensemble model of Hurricane Matthew data 

predictions resulted in an F-1= 0.987, Phi Coefficient= 0.972, and Balanced Accuracy= 
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0.965. The ensemble model of Hurricane Irma data predictions resulted in an F-1= 0.981, 

Phi Coefficient= 0.929, and Balanced Accuracy= 0.936. The ensemble model predictions 

using Hurricane Harvey data had an F-1= 0.985, Phi Coefficient= 0.939, and Balanced 

Accuracy= 0.985. 

HYPOTHESIS 9 HURRICANE MATTHEW ï CONFIRMED  

HYPOTHESIS 9 HURRICANE IRMA ï CONFIRMED  

HYPOTHESIS 9 HURRICANE HARVEY ï 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 F-1 Score, 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 PS-InSAR data. The predictive model 

using the Hurricane Matthew data (Table 4.3), Hurricane Irma data (Table 4.4), and 

Hurricane Harvey data (Table 4.5) did accurately predict damage categorization with F-1 

Score, Phi Coefficient, and Balanced Accuracy greater than or equal to models outlined 

by Cao (2020). This Praxis outline multiclass models, with greater fidelity of damage 

severity and yields greater than imagery only balanced accuracy = 79.5 ± 8.3% and F-1 

score = 0.68 ± 0.22, and GIS only balanced accuracy = 88.6 ± 1.4% and F-1 score = 0.91 

± 0.02 models presented by Cao (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 in an F-1= 0.987, Phi 

Coefficient= 0.972, and Balanced Accuracy= 0.965. The ensemble model of Hurricane 

Irma data predictions resulted in an F-1= 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 Accuracy= 0.985. 

HYPOTHESIS 10 HURRICANE MATTHEW ï CONFIRMED  

HYPOTHESIS 10 HURRICANE IRMA ï CONFIRMED  

HYPOTHESIS 10 HURRICANE HARVEY ï CONFIRMED  

 

5.2 Conclusions 

 All research questions were answered during the completion of this Praxis. 

 RQ1: What data features are required for a structural damage categorization 

prediction model utilizing MT-InSAR and GIS post-disaster? 

 Hypothesis 1 addressed the topic of research question 1 by reducing over 200 data 

fields to 23 and further reducing by PS-InSAR or GIS model.  

 RQ2: Which proposed prediction model is most effective in categorizing structural 

damage based on GIS and MT-InSAR data? 

 Hypotheses 2-10 addressed the topic of research question 2 by training, testing, and 

validating eight machine learning models and their ensemble determining the stacked 

MLR and SVM model were most effective in predicting damage categorization.  

 RQ3: Does a model developed with MT-InSAR with a 5-by-20-meter resolution 

when fused with GIS predict structural damage categorization more accurately than 

existing models? 

 Hypothesis 10 addresses the topic of research question 3, by generating results that 

meet or exceed other categorical damage prediction models using multitemporal 

interferometric SAR fused with ancillary GIS specifically a persistent scatter 

methodology and flood predictions. Each hurricane dataset studied represented a segment 

of urbanization Hurricane Matthew (Rural/Suburban), Hurricane Irma (Urban/ 
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Suburban), and Hurricane Harvey (Greater Metropolitan Area) and generally as 

urbanization increased the accuracy of PS-InSAR damage reduced. The collection of all 

results is seen in Table 5.1. 

Table 5.1 Combined Results for Hypotheses 2-10 for all datasets 

 

 Several attempts were conducted with each dataset altering different variables and 

hyperparameters including varying the minimum PS-InSAR coherence level used to 

produce the model. Generally as the minimum coherence was increased the model 

became more accurate, however fewer structures and damage levels were included within 

the dataset previously seen in Table 4.2 and below in Table 5.2 - Table 5.4.  

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 PS-75 4,012 480 570 352 229 

Matthew PS-85 1,524 145 199 84 50 

 

 

 HURRICANE 

MATTHEW  

HURRICANE 

IRMA  

HURRICANE 

HARVEY  

HYPOTHESIS 2 GIS MLR  Confirmed Not Confirmed Confirmed 

HYPOTHESIS 3 SAR KNN Not Confirmed Confirmed Confirmed 

HYPOTHESIS 4 SAR ADA Not Confirmed Not Confirmed Not Confirmed 

HYPOTHESIS 5 SAR 

SVM_RBF 
Confirmed Confirmed Confirmed 

HYPOTHESIS 6 SAR DT Confirmed Not Confirmed Not Confirmed 

HYPOTHESIS 7 SAR RF Confirmed Not Confirmed Not Confirmed 

HYPOTHESIS 8 SAR MLP Not Confirmed Not Confirmed Not Confirmed 

HYPOTHESIS 9 STACK Confirmed Confirmed Confirmed 

HYPOTHESIS 10 Confirmed Confirmed Confirmed 
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Table 5.3 Hurricane Irma Damage by Sampled Coherence Levels 
 

No Damage Affected Minor  Major  Destroyed 

FEMA  189,815 10,448 2,272 631 71 

Irma  PS-65 25,918 3,961 609 94 10 

Irma  PS-75 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 PS-75 31,341 3,267 1,523 61 46 

Harvey PS-85 16,563 1,619 636 20 23 

 

 Further, all 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 predict damage categorization within the FEMA disaster 

categorization framework. 

 Chapter 2 used current literature to assist in identifying the potential critical success 

factors to predict damage categorization. Chapter 3 enumerated the methodology to 

screen and test the critical success factors. While chapter 4 provided results of the critical 

success factors, additional greater detail in Section 5.1.1. 

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 and PS-InSAR) with GIS modeling and 

ancillary information provides the required features to predict damage categorization at 

the structure level, while and displaying the aggregate at the block, city, or county level. 
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Providing rapid and accurate damage assessment and modeling enables emergency 

managers to allocate resources to areas of greater need. 

3. Develop a geographic information system map/dashboard to represent the output 

of the model using industry-standard tools to streamline use for the end-users. 

 All research products are designed with geospatial interoperability focus. Examples 

include consistent coordinate reference systems (WGS 84), industry standard tools 

(ArcGIS Pro, Environment for Visualizing Images (ENVI) SARscape, Python Jupyter 

notebooks), and publicly available information (Sentinel-1 SAR imagery, GIS parcels 

and building footprints). All georeferenced information is represented graphically and 

tabularly to the user, enabling access to enterprise solutions and per-existing workflows.  

5.3 Lessons Learned 

 During the completion of this Praxis there were several areas that were explored and 

researched to develop the framework, pre-process the data, and create the models. The 

following bullets capture several lessons learned throughout the process in three 

categories.  

Developing the Framework: 

¶ Developing a model with big data needs to plan how to handle, store, transport, 

and process the data early to alleviate bottlenecks. 

¶ 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 is reduced to less than 2 Gigabytes. 
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Preprocessing the Data: 

¶ During this Praxis, several processing tools were tested for ease of workflow 

integration and capability to produce the products necessary to build the model.  

¶ After some experimentation ENVI SARscape Analytics Toolbox 5.6.2 was 

selected as the processing chain for the Praxis due to ease of workflow 

integration, industry standard, (L3Harris Geospatial, 2022b, 2022a).  

¶ Other SAR processors that were tested include Sentinel Application Platform 

(SNAP) (ESA, 2022), Open SAR Lab (Hogenson et al., 2021), and ArcGIS Pro 

(ESRI, 2022) all were able to create RTC products easily, the issue was producing 

PS-InSAR products reliably and integrating with industry standard GIS processes.  

¶ Due to ENVI SARScape Analytics Toolbox license and processing restrictions 

the area additional streps were required for the PS-InSAR processing, namely 

restricting the area of interest (AOI) to fifteen sq km per processing window.  

¶ Restrictions on the researcher license of ENVI and the SARscape Analytics 

Toolbox required software 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 processing times.  

¶ The elapsed processing time could be reduced by parallelizing the processing 

across multiple instances and optimizing for multiple cores and threads. 

Developing the Models: 

¶ MT-InSAR processing needs to be automated to increase reliability in data. 
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¶ Many SAR processors available, the research objective was a path that could 

integrate from start to finish in industry standard GIS with all the features (Flood 

Mapping, PS-InSAR) available to be modeled. 

¶ Limited historic data to train the machine learning models the PS-InSAR 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.  

¶ C-band Earth observation SAR is used to support emergency management 

already, however, the geometry required for InSAR may result 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 this Praxis there were two 

primary novel contributions to the body of knowledge.  

¶ Developing a rapid process to move from SAR single look complex images and a 

structured GIS to post disaster damage categorization predictions using Persistent 

Scatter-InSAR products fused with flood modeling, reducing preliminary damage 

assessment creating to hours after a post disaster SAR image is delivered.   

¶ Fused PS-InSAR data with GIS ancillary data to create a post disaster damage 

categorization prediction model. 

5.5 Recommendations for Future Research 

 Throughout the Praxis several ideas were noted for further research coalescing in 

three categories. The topics are related to improving model performance, extending the 

model, and improving the utility for emergency management. The categories are: 

Improve Damage Categorization Prediction Model Performance: 
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¶ Determine urbanization effects on the model accuracy, each dataset represented a 

segment, as urbanization increased the accuracy of PS-InSAR damage reduced.  

¶ Determining optimal filtering and fusing techniques reducing dimensionality 

¶ Determine optimal PS-InSAR coherence to balance noise / permanent scattering. 

¶ Test additional methodologies of machine learning and feature combinations. 

¶ Test alternative PS-InSAR and DS-InSAR processing techniques. 

Predict Damage Categorization using additional information: 

¶ Create a model to screen damage type and direct prediction to another model for 

prioritization and damage categorization. 

¶ Create models that are compatible with additional damage phenomena (fire, 

earthquake, landslide, tornado), current models only trained with Flood damage. 

¶ Discretize manufactured homes and conventionally built homes as the damage 

categorization criteria differ. 

Improve usability and access to emergency managers:  

¶ Complete an extract, transform, loading pipeline to use on-demand data and 

predict damage on-the-fly. 

¶ Discretize road outages/ blockages during structural damage assessment. 

¶ Identify facilities for shelter, based on transportation routes and predicted damage. 

¶ Identify more SAR sensor types for model training (commercially available 

ICEYE/ Capella) and train the model at different imagery resolutions. 

¶ Connect with State GIS systems to incorporate damage predictions into decision 

management tools and interact with sources of live data such as repair crews, and 

social services to assist in recovery efforts.  
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Appendix A ï Data 

Data available for download:  

 GitHub Code Repository - https://github.com/cylehawk/Hawkins_DENG_Praxis 

 ArcGIS Dashboard/ Models - https://hawksar.maps.arcgis.com/home/index.html 

 Raw SAR images - https://asf.alaska.edu/ or https://scihub.copernicus.eu/  

 

List of Sentinel-1 images used for Flood observation 

Florence County, SC - Hurricane Matthew SLCs 

S1B_IW_SLC__1SDV_20160928T232109_20160928T232137_002276_003D64_722C.zip 

S1B_IW_SLC__1SDV_20161010T232058_20161010T232125_002451_00422F_87CF.zip 

S1A_IW_SLC__1SDV_20161004T232151_20161004T232219_013347_015494_6009.zip 

 

Charleston County, SC - Hurricane Irma SLCs 

S1A_IW_SLC__1SDV_20170905T232132_20170905T232159_018247_01EAD8_5F0C.zip 

S1A_IW_SLC__1SDV_20170917T232132_20170917T232159_018422_01F04C_81E6.zip 

S1A_IW_SLC__1SDV_20170824T232131_20170824T232158_018072_01E585_482B.zip 

 

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 

  

https://github.com/cylehawk/Hawkins_DENG_Praxis
https://hawksar.maps.arcgis.com/home/index.html
https://asf.alaska.edu/
https://scihub.copernicus.eu/
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List of Sentinel-1 images used for Damage Detection 

Florence County, SC - Hurricane Matthew Persistent Scatter SLCs 

S1A_IW_SLC__1SDV_20160419T232143_20160419T232211_010897_010536_B8CA.zip 

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_20161121T232219_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_SLC__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_20170213T232215_015272_01906B_9239.zip 

S1A_IW_SLC__1SDV_20170225T232147_20170225T232215_015447_0195C0_A60B.zip 

S1A_IW_SLC__1SDV_20170309T232148_20170309T232215_015622_019B0D_1EF8.zip 

S1A_IW_SLC__1SDV_20170321T232148_20170321T232215_015797_01A042_32B2.zip 

S1A_IW_SLC__1SDV_20170402T232148_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_002451_00422F_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_4B0F.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_20161109T232154_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_SLC__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_20170201T232150_015097_018AE5_5302.zip 

S1A_IW_SLC__1SDV_20170213T232120_20170213T232150_015272_01906B_ECB9.zip 

S1A_IW_SLC__1SDV_20170225T232123_20170225T232150_015447_0195C0_8F66.zip 

S1A_IW_SLC__1SDV_20170309T232123_20170309T232150_015622_019B0D_9285.zip 

S1A_IW_SLC__1SDV_20170321T232123_20170321T232150_015797_01A042_7AAB.zip 

S1A_IW_SLC__1SDV_20170402T232123_20170402T232150_015972_01A570_27F6.zip 

S1A_IW_SLC__1SDV_20170414T232124_20170414T232151_016147_01AAC9_9AC0.zip 

S1A_IW_SLC__1SDV_20170508T232125_20170508T232152_016497_01B573_4C52.zip 

S1A_IW_SLC__1SDV_20170520T232126_20170520T232153_016672_01BACC_C8C2.zip 

S1A_IW_SLC__1SDV_20170601T232126_20170601T232153_016847_01C02F_62DF.zip 

S1A_IW_SLC__1SDV_20170613T232127_20170613T232154_017022_01C59F_1074.zip 

S1A_IW_SLC__1SDV_20170625T232128_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_01DAEB_ED56.zip 

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_01EAD8_5F0C.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_20170108T122310_014740_017FEA_BEC8.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__1SDV_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_015965_01A53B_E357.zip 

S1A_IW_SLC__1SDV_20170414T122241_20170414T122310_016140_01AA8F_AE5E.zip 

S1A_IW_SLC__1SDV_20170426T122241_20170426T122311_016315_01AFEA_1E0F.zip 

S1A_IW_SLC__1SDV_20170508T122242_20170508T122312_016490_01B53A_7F76.zip 

S1A_IW_SLC__1SDV_20170520T122243_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_01CABE_3FD2.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 B ï Credit  

 

Data: 

¶ Single Look Complex SAR imagery provided by Alaska Satellite Facility Distributed 

Active Archive Centers 2022, contains modified Copernicus Sentinel data 2015-2022, 

processed by European Space Agency. 

o https://asf.alaska.edu/  

o https://scihub.copernicus.eu/ 

¶ To calculate the GIS flood model, the Florence and Charleston Counties parcel and 

matched building footprint data obtained from Regrid (previously LOVELAND 

technologies), which records a standardized categorization based on the economic 

function or type of establishment and use-code for parcels across the United States. 

Additional information including property value was retrieved from the appropriate 

county tax assessorôs website. 

¶ FEMA Historical Damage Assessment Database used for model validation and 

machine learning model training (FEMA, 2021a). 

¶ U.S. Geological Survey (hosted by the Environmental Protection Agency) water data 

for the Nation is used to determine the water depth/inundation at peak flood and 

correlate the water levels at the time the SAR image is taken (U.S. Geological 

Survey, 2016).  

o https://waterdata.usgs.gov/nwis  

o https://www.epa.gov/waterdata/nhdplus-national-data 

  

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

¶ ArcGIS Pro 3.0.2 (ESRI, 2022) 

¶ Environment for Visualizing Images (ENVI) (L3Harris Geospatial, 2022a) 

¶ Interactive Data Language (IDL) 5.6.1 (L3Harris Geospatial, 2022a) 

¶ ENVI SARscape Analytics Toolbox 5.6.1 (L3Harris Geospatial, 2022b) 

¶ The InSAR Scientific Computing Environment (Rosen et al., 2018) 

¶ The OpenSARLab (Hogenson et al., 2021) 

¶ European Space Agency (ESA) Sentinel Application Platform (SNAP) (ESA, 2022) 

¶ DataSpell 

Python Libraries:  

¶ Python 3.9  

¶ Numpy 

¶ Pandas 

¶ GeoPandas 

¶ Scipy  

¶ Matplotlib 

¶ Jupyter 

¶ eli5 

¶ Scikit Learn 1.1.2  

¶ Seabourn 
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Table B.0.1 PS-InSAR Processing Computer Specifications 

Component Specifications 

Processor AMD Ryzen 9 5900X 12-Core 

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 

System 

Windows 10 Pro 

Software 

Versions 

ENVI / IDL 5.6.2 

SARscape Analytics Toolbox 5.6.2 

ArcGIS Pro 3.0.2 

Python 3.9 

 
 

 Machine Learning Training and Testing was performed on Amazon Web Services 

elastic cloud compute instance m6a.4xlarge with 16 virtual processors, and 64 GB of 

RAM. 
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Appendix C ï Schemas / Data Dictionaries 

Parcel Schema 

Table C.1 Parcel Schema 

Field Description Datatype 

ogc_fid Object ID serial primary 
key 

geoid FIPS Code text  

FIPS code (state + county FIPS codes) 

sourceagent Source Agent text  

parcelnumb Parcel ID text  

The assessor's primary parcel identification number or 
code. 

Examples: 02004940, 001-020-4624-001 

parcelnumb_no_formatting Parcel ID without Formatting text  

The primary parcel identification number with spaces 
and formatting characters removed. 

Examples: 02004940, 0010204624001 

alt_parcelnumb1 First Alternative Parcel ID text  

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 

alt_parcelnumb2 Second Alternative Parcel ID text  

An assessor-provided additional or alternative parcel 
identification number. 

Examples: 02004940, 001-020-4624-001 

alt_parcelnumb3 Third Alternative Parcel ID text  

An assessor-provided additional or alternative parcel 
identification number. 

Examples: 02004940, 001-020-4624-001 

usecode Parcel Use Code text  

Varies by governing municipality 

Examples: 104 

usedesc Parcel Use Description text  

Varies by governing municipality 

Examples: Residential 

zoning Zoning Code text  

Varies by governing municipality 

Examples: R-1 

zoning_description Zoning Description text  

Varies by governing municipality 

Examples: Residential 
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Field Description Datatype 

struct Structure on Parcel boolean  

multistruct Multiple Structures on Parcel boolean  

structno Number of Structures on Parcel integer  

yearbuilt Structure Year Built integer  

numstories Number of Stories double 
precision  

numunits Number of Units integer  

structstyle Structure Style text  

parvaltype Parcel Value Type text  

The type of value reported in the parcel value fields 

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

improvval Improvement Value double 
precision  

landval Land Value double 
precision  

parval Total Parcel Value double 
precision  

agval Agricultural Value double 
precision  

homestead_exemption Homestead Exemption text  

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

saleprice Last Sale Price double 
precision  

saledate Last Sale Date date  

taxamt Annual Tax Bill double 
precision  

taxyear Tax Year text  

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

owntype Owner Type text  

owner Owner Name text  

ownfrst Owner First Name text  

ownlast Owner Last Name text  

owner2 Second Owner Name text  

owner3 Third Owner Name text  

owner4 Fourth Owner Name text  

subsurfown Subsurface Owner text  

subowntype Subsurface Owner Type text  

mailadd Mailing Address text  

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. 

mail_address2 Mailing Address Second Line text  
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Field Description Datatype 

careof Mailing Address Care Of text  

mail_addno Mailing Address Street Number text  

Examples: 402 

mail_addpref Mailing Address Street Prefix text  

Examples: S 

mail_addstr Mailing Address Street Name text  

Examples: FOURTH 

mail_addsttyp Mailing Address Street Type text  

Examples: AVE 

mail_addstsuf Mailing Address Street Suffix text  

Examples: NW 

mail_unit Mailing Address Unit Number text  

Examples: APT # 2 

mail_city Mailing Address City text  

Examples: Ann Arbor 

mail_state2 Mailing Address State text  

Mailing Address State 2-Letter abbreviation 

Examples: MI 

mail_zip Mailing Address ZIP Code text  

mail_country Mailing Address Country text  

Examples: US, Bolivia, Canada 

mail_urbanization Mailing Address Urbanizacion (Puerto Rico) text  

address Parcel Address text  

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 

address2 Parcel Address Second Line text  

Examples: Apt 2, Unit B, 6th floor 

saddno Parcel Address Number text  

Examples: 12109 

saddpref Parcel Address Prefix text  

Examples: N 

saddstr Parcel Address Street Name text  

Examples: GLENN 

saddsttyp Parcel Address Street Type text  

Examples: RD 

saddstsuf Parcel Address Street Suffix text  

Examples: NW 

sunit Parcel Address Unit text  
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Field Description Datatype 

scity Parcel Address City text  

Examples: GRASS LAKE 

original_address Original Parcel Address text  

Address fields as originally provided by the county, 
separated by a semicolon and a space 

Examples: 12109 Katz Rd; NW; Ann Arbor; MI; 48105 

city US Census County Subdivision text  

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

county Parcel Address County text  

state2 Parcel Address State text  

Examples: MI 

szip Parcel Address Zip Code text  

Examples: 48103, 48104-3423 

urbanization Parcel Urbanizacion text  

A postal address field commonly used in Puerto Rico 

ll_address_count Loveland Calculated Total Address Count integer  

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

location_name Location Name text  

A name commonly associated with this parcel 

address_source Primary Address Source text  

Default source if none is listed is the county. 

Examples: openaddresses, accuzip, county 

legaldesc Legal Description text  

plat Plat text  

Plat number the parcel is recorded on 

Examples: A 

book Book text  

Book/Liber the parcel is recorded in 

Examples: 231 

page Page text  

Page/Folio the parcel is recorded on 

Examples: 2 

block Block text  

lot Lot text  

neighborhood Neighborhood text  

subdivision Subdivision text  

lat Latitude text  

On parcel centroid latitude decimal coordinate 

lon Longitude text  
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Field Description Datatype 

On parcel centroid longitude decimal coordinate 

qoz Federal Qualified Opportunity Zone text  

Is this parcel in a US Federal Qualified Opportunity Zone 

Examples: Yes, No 

qoz_tract Qualified Opportunity Zone Tract Number text  

Census tract number as it was defined in Dec 2018 
when QOZs were designated. 

Examples: 30059000100, 30107000100 

census_tract Census 2020 Tract text  

census_block Census 2020 Block text  

census_blockgroup Census 2020 Blockgroup text  

sourceref Source Document Reference text  

A county-provided reference for the parcel record 

sourcedate Source Document Date date  

A county-provided date for the parcel record 

ll_last_refresh Last County Refresh Date date  

The last date Regrid updated data from the County. 

sourceurl Source URL text  

A county-provided URL to the county parcel record 
online 

recrdareatx Recorded Area (text) text  

recrdareano Total Square Footage of Structures integer  

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

gisacre County-Provided Acres double 
precision  

sqft County-Provided Parcel Square Feet double 
precision  

ll_gisacre Loveland Calculated Parcel Acres double 
precision  

Parcel acres as calculated by Loveland from the parcel 
geometry 

ll_gissqft Loveland Calculated Parcel Square Feet bigint  

Parcel square feet as calculated by Loveland from the 
parcel geometry 

ll_bldg_footprint_sqft Loveland Calculated Building Footprint Square Feet integer  

Total building footprint in square feet as calculated by 
Loveland 

ll_bldg_count Loveland Calculated Building Count integer  

Total number of buildings on the parcel as calculated by 
Loveland 

cdl_raw Cropland Data Layer Raw Values text  

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 

cdl_majority_category Cropland Data Layer Majority Category text  
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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 
precision  

This is the actual percentage of pixels for the majority 
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 

ll_stable_id Stable ID Status text  

Indicates if the path and ll_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 ll_uuid was generated because the new data was 
not matched to the existing data during the county data 
refresh process. 

Examples: preserved (if unchanged), 

ll_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 

ll_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 Description Datatype 

Examples: H (High Rise), S (Street) 

cass_errorno CASS Error Codes text  

rdi Residential Delivery Indicator text  

Examples: Y, N 

usps_vacancy USPS Vacancy Indicator text  

Examples: Y 

usps_vacancy_date USPS Vacancy Indicator Date date  

Date the vacancy indicator was collected 

padus_public_access PAD-US Public Access Designation text  

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

Examples: Open Access, Restricted Access, Unknown 
(Closed), Closed 

lbcs_activity Land Use Code: Activity numeric  

Actual activity on land, eg farming, shopping, 
manufacturing. 

lbcs_activity_desc Land Use Code Description: Activity text  

Description of the LBCS numeric code 

lbcs_function Land Use Code: Function numeric  

Economic function or type of establishment, eg 
agricultural, commercial, industrial 

lbcs_function_desc Land Use Code Description: Function text  

Economic function or type of establishment, eg 
agricultural, commercial, industrial 

lbcs_structure Land Use Code: Structure numeric  

Type of structure or building, eg single-family house, 
office building, warehouse 

lbcs_structure_desc Land Use Code Description: Structure text  

Type of structure or building, eg single-family house, 
office building, warehouse 

lbcs_site Land Use Code: Site numeric  

What is on the land 

lbcs_site_desc Land Use Code Description: Site text  

What is on the land 

lbcs_ownership Land Use Code: Ownership numeric  

Ownership structure, eg public, private 

lbcs_ownership_desc Land Use Code Description: Ownership text  

Ownership structure, eg public, private 
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Building Schema 

Table C.2 Building Schema 

Field Description Example 

ed_str_uuid Universally Unique ID of the entire 
structure 

460ec73d-a847-11eb-b9dd-
a0369f4d4bda 

ed_bld_uuid Universal Unique ID of the building 
extracted from the structure 

f51e780a-9f4e-11eb-8ac7-
d89d67c66f28 

ed_geoid County FIPS code 1001 

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

25.798749 

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

-80.339941 

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 the building source imagery 
formatted as MM/DD/YYYY 

11/26/2020 

wkt Parcel geometry in Well Known Text (wkt) 
format 

POLYGON((-122.9279 40.7133, -
122.9287 40.7136, -122.9287 
40.7135, -122.9291 40.7131, -
122.9279 40.7133)) 
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Parcel Building Join Table Schema 

Table C.3 Parcel Building Join Table Schema 

Field Description Datatype Example 

ll_uuid Uniquely identifies a 
single parcel 

uuid 03e304ad-4d2c-451e-ac90-0d9aa0b46dc0 

ed_str_uuid Universally Unique ID of 
the entire structure 

text 460ec73d-a847-11eb-b9dd-a0369f4d4bda 

ed_bld_uuid Universal Unique ID of 
the building extracted 
from the structure 

text f51e780a-9f4e-11eb-8ac7-d89d67c66f28 

geoid County FIPS code text 1001 

 

  



127 

 

FEMA Historic GIS Damage Assessment Data Dictionary  

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. Multi-event: more than one type of 
event created damage. 

Assessment Type: The method for assigning a damage category: 
 

Field Assessed: damage category validated in the field 
 

Modeled: damage category predicted based on modeled wind, flood, or surge 
data 

 
Other type: damage category predicted based on other type of geospatial analysis 

 
Remote Sensing: damage category assigned using image processing and image 
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 on the Saffir-Simpson 
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, damage, or other reason. 

Production Date: Date when the damage category was assigned. 

Imagery Date: Acquisition date of the image that was used to assign structural damage 
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 value assigned 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 specifics of imagery collection dates 

and flood depth.  

'OBJECTID', 
 'Join_Count', 
 'TARGET_FID', 
 'Join_Count_1', 
 'TARGET_FID_1', 
 'Join_Count_12', 
 'TARGET_FID_12', 
 'Join_Count_12_13', 
 'TARGET_FID_12_13', 
 'ed_str_uui', 
 'ed_bld_uui', 
 'ed_geoid', 
 'ed_lat', 
 'ed_lon', 
 'ed_bldg_fo', 
 'ed_source', 
 'ed_source_', 
 'PS_85_velocity', 
 'PS_85_coherence', 
 'PS_85_MuSigma', 
 'PS_85_Hprecision', 
 'PS_85_Vprecision', 
 'PS_85_range', 
 'PS_85_azimuth', 
 'PS_85_D_20170905', 
 'PS_85_D_20170917', 
 'PS_85_Difference', 
 'PS_75_velocity', 
 'PS_75_coherence', 
 'PS_75_MuSigma', 
 'PS_75_Hprecision', 
 'PS_75_Vprecision', 
 'PS_75_range', 
 'PS_75_azimuth', 
 'PS_75_D_20170905', 
 'PS_75_D_20170917', 
 'PS_75_Difference', 
 'PS_65_velocity', 
 'PS_65_coherence', 
 'PS_65_MuSigma', 
 'PS_65_Hprecision', 
 'PS_65_Vprecision', 
 'PS_65_range', 
 'PS_65_azimuth', 
 'PS_65_D_20170905', 
 'PS_65_D_20170917', 
 'PS_65_Difference', 
 'Join_Count_12_13_14', 
 'TARGET_FID_12_13_14', 
 'Join_Count_12_13_14_15', 
 'TARGET_FID_12_13_14_15', 

 'geoid', 
 'sourceagent', 
 'parcelnumb', 
 'parcelnumb_no_formatting', 
 'alt_parcelnumb1', 
 'alt_parcelnumb2', 
 'alt_parcelnumb3', 
 'usecode', 
 'usedesc', 
 'zoning', 
 'zoning_description', 
 '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_address2', 
 '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', 
 'scity', 
 'original_address', 
 'city', 
 'county', 
 'state2', 
 'szip', 
 'urbanization', 
 'll_address_count', 
 'location_name', 
 'address_source', 
 'legaldesc', 
 'plat', 
 'book', 
 'page', 
 'block', 
 'lot', 
 'neighborhood', 
 'subdivision', 
 'lat', 
 'lon', 
 'qoz', 
 'qoz_tract', 
 'census_tract', 
 'census_block', 
 'census_blockgroup', 
 'sourceref', 
 'sourcedate', 
 'll_last_refresh', 
 'sourceurl', 
 'recrdareatx', 
 'recrdareano', 
 'gisacre', 
 'sqft', 
 'll_gisacre', 
 'll_gissqft', 
 'll_bldg_footprint_sqft', 
 'll_bldg_count', 
 'cdl_raw', 
 'cdl_majority_category', 
 'cdl_majority_percent', 
 'cdl_date', 
 'plss_township', 
 'plss_section', 
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 'plss_range', 
 'reviseddate', 
 'path', 
 'll_stable_id', 
 'll_uuid', 
 'll_updated_at', 
 'dpv_status', 
 'dpv_codes', 
 'dpv_notes', 
 'dpv_type', 
 'cass_errorno', 
 'rdi', 
 'usps_vacancy', 
 'usps_vacancy_date', 
 'padus_public_access', 
 'lbcs_activity', 
 'lbcs_activity_desc', 
 'lbcs_function', 
 'lbcs_function_desc', 
 'lbcs_structure', 
 'lbcs_structure_desc', 

 'lbcs_site', 
 'lbcs_site_desc', 
 'lbcs_ownership', 
 'lbcs_ownership_desc', 
 'tax_district', 
 'legal_residence', 
 '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', 

 'FIPS', 
 'PROD_DATE', 
 'IMG_DATE', 
 'EVENT_NAME', 
 'EVENT_DATE', 
 'SOURCE', 
 'DIS_NUMBER', 
 'COMMENTS', 
 'LONGITUDE', 
 'LATITUDE', 
 'USNG', 
 'POINTID', 
 'DEM_ELEVATION', 
 'F_3_Area', 
 'F_5_Area', 
 'F_8_Area', 
 'F_10_Area', 
 'Shape_Length', 
 'Shape_Area', 
 'geometry' 
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Appendix D ï Work Processes 

Work Process to Create ~15 sq km boxes 

The following steps document the work process and are graphically depicted in Figure 

D.1: 

Å Create a feature layer 

Å Draw a rectangle 

Å Edit > Tools > Divide (into smaller than 15 sq km) 

Å Edit > Save 

Å Select Areas wanted > Data > Layer from Selection 

Å Attribute table > Add (Ensure Text Data Type) > Save > Add Names for each 

portion 

Å Analysis > Geoprocessing > Split 

Å Sort Folders into processing areas 

 

Figure D.1 PS-InSAR AOI Preparation  

 

2. Divide the rectangle into equal 4 km strips1.Draw the rectangle over the areas of interest

4. Save the divided feature layer, add id attribute to each section 

to identify files once exported.

3. Divide each strip into 14 sq km areas
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Work Process to Create PS-InSAR Products 

The PS-InSAR generation model is comprised of six portions: 

1. List of folders with AOI and output folders  

D:\Praxis_Data\SAR_Data\Florence\1\ 

D:\Praxis_Data\SAR_Data\Florence\2\ 

D:\Praxis_Data\SAR_Data\Florence\3\ 

2. Iterator to select one folder from the list of folders 

3. List of all SLCs used in the PS-InSAR process as listed in Appendix A ï Data 

4. Concatenate the folder name with the standardized shapefile name (e.g. ñ0.shpò) 

for AOI use for the input for the AOI field 

5. Concatenate the folder name with the desired output folder (e.g. ñout\ò) 

6. Process all the inputs and execute the PS-Generation tool Figure D.2 

 

Figure D.2 ENVI SARscape Analytics Toolbox SAR Persistent Scatters Tool 
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Work Process to Create PS-InSAR Product Refinements 

This workflow was modeled and semi-automated to complete after each set of PS points 

were created seen in Figure D.3. 

 

 

Figure D.3 ENVI SARscape PS-InSAR Refinement Model 

The PS-InSAR refinement model is comprised of six portions: 

1. Select the input folder with the previously generated PS points 

2. Iterate the AOI folders used in the previous generation step 

3. Concatenate the filename used for the intermediate folder (ñout\intermediateò) 

4. Concatenate the filename used for the output folder (ñout\ps65\ò or ñout\ps85\ò) 

5. Process PS points at 65% coherence 

6. Process PS points at 85% coherence 
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Work Process to Create Additional SAR Products 

The process to generate these products are seen in Figure D.4 and Figure D.5. 

 

Figure D.4 ENVI SARscape Additional SAR Products Model 

The additional SAR products model is comprised of five sections: 

1. Identify the unique inputs (output folders) 

2. Supply DEM 

3. List Pre-event image files 

4. List Post-event image file 

5. Supply AOI boundary to reduce processing time 

6. Process the product using the tools shown in Figure D.5 



134 

 

 

Figure D.5 ENVI SARscape SAR Product Tools 
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Work Process to Create Dataset 

 

The five models are: 

1. Create Water Feature Raster (Figure D.6) 

¶ Create a polygon and raster mask of all standing water within a AOI not 

including ñSwampMarshò areas as structures may be constructed collected 

from the National Hydrography Dataset (U.S. Geological Survey, 2018). 

 
Figure D.6 Create Water Feature Raster ArcGIS Model 

 

2. Florence (Charleston) Create Flood Raster and SAR Intersection Feature Class 

(Figure D.7) 

¶ 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). 

National_Water IntersectNHDWaterbod...

Pre

Input_County

Feature to
Raster

%Pre%W2

NHDArea

Intersect (2) NHDWaterbod...

Merge
%Pre%

Water_Feature...
Select NHDWaterbod... Reclassify%Pre%W

P

P
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Figure D.7 Florence Flood Raster &  SAR Intersection Feature ArcGIS Model 
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3. Extract Standing Water from Flood Depth Mask (Figure D.8) 

¶ 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. 

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

 

4. Florence (Charleston) Dataset Builder (Figure D.9) 

¶ Combine FEMA Historic dataset, Water, DEM elevation, Flood/parcel 

intersections and calculate parcel inundation percentage and depth in the 

parcel layer 

¶ Combine PS-InSAR layers with building data 

¶ Spatially join the keeping all structures  

Mask Extract by Mask
%Output_Name

%

Input_Depth_...

Pre

Output_Name

Raster to
Polygon

%Output_Name
%_poly

P

P

P

P
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Figure D.9 Florence (Charleston) Dataset Builder ArcGIS Model 
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5. Export Combined Datasets to geoJSON (Figure D.10) 

¶ Used to export each dataset out of ArcGIS via geoJSON file type 

 
Figure D.10 Export Combined Datasets to geoJSON ArcGIS Model 
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Appendix E ï Expansion of Results and Validation 

Section 4.2 Results: Figure E.1 - Figure E.7 

Section 4.4 Results: Figure E.8 - Figure E.22 

Section 4.5 Results: Figure E.23 - Figure E.31 

Section 4.6 Results: Figure E.32 - Figure E.40 

Section 4.7 Results: Figure E.41 - Figure E.49 

Section 4.8 Results: Figure E.50 - Figure E.58 

Section 4.9 Results: Figure E.59 - Figure E.67 

Section 4.10 Results: Figure E.68 - Figure E.76 

Section 4.11 Results: Figure E.77 - Figure E.85 

Section 4.12 Results: Figure E.86 - Figure E.94 

Section 4.14.1 Validation: Figure E.95 - Figure E.97 

Section 4.14.2 Validation: Figure E.98 - Figure E.100 

Section 4.14.3 Validation: Figure E.101 - Figure E.103 

Section 4.14.4 Validation: Figure E.104 - Figure E.106 

Section 4.14.5 Validation: Figure E.107 - Figure E.109 

Section 4.14.6 Validation: Figure E.110 - Figure E.112 

Section 4.14.7 Validation: Figure E.113 - Figure E.115 

Section 4.14.8 Validation: Figure E.116 - Figure E.118 
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Figure E.1 Unfiltered Correlation Matrix from Hurrica ne Matthew Dataset 

 

Figure E.2 Filtered Correlation Matrix  from Hurricane Matthew Dataset 
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Figure E.3 Unfiltered Correlation Matrix from Hurricane Irma Dataset  

 

Figure E.4 Filtered Correlation Matrix  from Hurricane Irma Dataset  
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Figure E.5 Unfiltered Correlation Matrix from Hurricane Harvey Dataset  

 
Figure E.6 Filtered Correlation Ma trix from Hurricane Harvey Dataset 
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Figure E.7 Sample Pair-plot for visualizing feature pairs from Hurricane Irma 

dataset   
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Figure E.8 Permutation Importance for Multinomial Logistic Regression model 

 

Figure E.9 Recursive Feature Elimination for Multi Log istic Regression model 
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Figure E.10 Permutation Importance for K -NN model 

 

Figure E.11 Permutation Importance for AdaBoost model 
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Figure E.12 Permutation Importance for Support Vector Machine model 

 

Figure E.13 Permutation Importance for Decision Tree model 
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Figure E.14 Permutation Importance for Random Forest model 

 

Figure E.15 Permutation Importance for Multilayer Perceptron  model 
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Figure E.16 Permutation Importance for Stacking model 

 

Figure E.17 Mean Decrease Impurity for AdaBoost model 
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Figure E.18 Mean Decrease Impurity for Decision Tree model 

 

Figure E.19 Mean Decrease Impurity for Random Forest model 
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Figure E.20 Recursive Feature Elimination  for AdaBoost model 

 

Figure E.21 Recursive Feature Elimination  for Decision Tree model 



152 

 

 

Figure E.22 Recursive Feature Elimination  for Random Forest model 
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Figure E.23 Hurricane Matthew MLR 

model training confusion matrix 

 

Figure E.24 Hurricane Matthew MLR 

model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.999 
- Phi coefficient: 0.983 
- Balanced Accuracy: 0.976 
- F1 score: 0.999 
              precision    recall  f1-score   support 
 
         1.0       1.00      1.00      1.00      236280 
         2.0       1.00      0.89      0.94      2515 
         3.0       1.00      1.00      1.00      3254 
         4.0       0.99      1.00      1.00      2023 
         5.0       1.00      0.99      1.00      1186 
 
    accuracy                                         1.00    245258 
   macro avg          1.00      0.98      0.99    245258 
weighted avg       1.00      1.00      1.00    245258 
 
 

Model performance for Test Set 
- Accuracy: 0.999 
- Phi coefficient: 0.980 
- Balanced Accuracy: 0.976 
- F1 score: 0.999 
              precision    recall  f1-score   support 
 
         1.0       1.00      1.00      1.00       59070 
         2.0       0.99      0.87      0.93       629 
         3.0       1.00      0.99      1.00       814 
         4.0       1.00      1.00      1.00       506 
         5.0       1.00      1.00      1.00       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.25 Hurricane Matthew MLR model performance reports 

  

  



154 

 

 

Figure E.26 Hurricane Irma MLR 

model training confusion matrix 

 

Figure E.27 Hurricane Irma MLR 

model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.934 
- Phi coefficient: -0.002 
- Balanced Accuracy: 0.200 
- F1 score: 0.902 
              precision    recall  f1-score   support 
 
         1.0       0.93      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    812948 
   macro avg          0.19      0.20      0.19    812948 
weighted avg       0.87      0.93      0.90    812948 
 
 

Model performance for Test Set 
- Accuracy: 0.934 
- Phi coefficient: -0.002 
- Balanced Accuracy: 0.200 
- F1 score: 0.902 
              precision    recall  f1-score   support 
 
         1.0       0.93      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    203237 
   macro avg          0.19      0.20      0.19    203237 
weighted avg       0.87      0.93      0.90    203237 
 

Figure E.28 Hurricane Irma MLR model performa nce reports 
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Figure E.29 Hurricane Harvey MLR 

model training confusion matrix 

 

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  f1-score   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      0.98      0.99        16619 
         5.0       1.00      1.00      1.00        17087 
 
    accuracy                                         1.00   6754904 
   macro avg          1.00      0.99      0.99   6754904 
weighted avg       1.00      1.00      1.00   6754904 

Model performance for Test Set 
- Accuracy: 0.999 
- Phi coefficient: 0.990 
- Balanced Accuracy Score: 0.990 
- F1 score: 0.999 
              precision    recall  f1-score   support 
 
         1.0       1.00      1.00      1.00        1624477 
         2.0       1.00      0.97      0.98         39112 
         3.0       1.00      1.00      1.00         16710 
         4.0       1.00      0.98      0.99         4155 
         5.0       1.00      1.00      1.00         4272 
 
    accuracy                                         1.00   1688726 
   macro avg          1.00      0.99      0.99   1688726 
weighted avg       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 

 

Figure E.33 Hurricane Matthew K -NN 

model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.984 
- Phi coefficient: 0.966 
- Balanced Accuracy: 0.971 
- F1 score: 0.984 
              precision    recall  f1-score   support 
 
         1.0       0.99      0.99      0.99        9629 
         2.0       0.97      0.96      0.96        1152 
         3.0       0.96      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          0.97      0.97      0.97     13543 
weighted avg       0.98      0.98      0.98     13543 
 

Model performance for Test Set 
- Accuracy: 0.865 
- Phi coefficient: 0.716 
- Balanced Accuracy: 0.767 
- F1 score: 0.865 
              precision    recall  f1-score   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      0.75      0.73        138 
 
    accuracy                                         0.86      3386 
   macro avg          0.76      0.77      0.76      3386 
weighted avg       0.87      0.86      0.87      3386 
 

Figure E.34 Hurricane Ma tthew K-NN model performance reports 
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Figure E.35 Hurricane Irma K -NN 

model training confusion matrix 

 

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: 0.965 
- F1 score: 0.9854 
              precision    recall  f1-score   support 
 
         1.0       0.99      0.99      0.99        85308 
         2.0       0.95      0.95      0.95        12816 
         3.0       0.96      0.93      0.94        2168 
         4.0       0.96      0.95      0.96        288 
         5.0       0.91      1.00      0.95        40 
 
    accuracy                                         0.99    100620 
   macro avg          0.96      0.96      0.96    100620 
weighted avg       0.99      0.99      0.99    100620 
 
 

Model performance for Test Set 
- Accuracy: 0.977 
- Phi coefficient: 0.913 
- Balanced Accuracy: 0.944 
- F1 score: 0.977 
              precision    recall  f1-score   support 
 
         1.0       0.99      0.99      0.99         21327 
         2.0       0.92      0.92      0.92         3204 
         3.0       0.92      0.91      0.91         542 
         4.0       0.93      0.90      0.92         72 
         5.0       0.91      1.00      0.95         10 
 
    accuracy                                         0.98     25155 
   macro avg          0.93      0.94      0.94     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 

 

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  f1-score   support 
 
         1.0       0.99      0.99      0.99        325946 
         2.0       0.94      0.94      0.94        33977 
         3.0       0.95      0.94      0.95        15839 
         4.0       0.97      0.97      0.97        634 
         5.0       0.94      0.93      0.94        479 
 
    accuracy                                         0.99    376875 
   macro avg          0.96      0.96      0.96    376875 
weighted avg       0.99      0.99      0.99    376875 
 
 

Model performance for Test Set 
- Accuracy: 0.985 
- Phi coefficient: 0.939 
- Balanced Accuracy: 0.956 
- F1 score: 0.985 
              precision    recall  f1-score   support 
 
         1.0       0.99      0.99      0.99        81487 
         2.0       0.94      0.94      0.94        8494 
         3.0       0.94      0.94      0.94        3960 
         4.0       0.97      0.96      0.97        159 
         5.0       0.92      0.94      0.93        119 
 
    accuracy                                         0.99     94219 
   macro avg          0.95      0.96      0.95     94219 
weighted avg       0.99      0.99      0.99     94219 
 

Figure E.40 Hurricane Harvey K -NN model performance reports 
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Figure E.41 Hurricane Matthew 

AdaBoost model training confusion 

matrix  

 

Figure E.42 Hurricane Matthew 

AdaBoost model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.584 
- Phi coefficient: 0.220 
- Balanced Accuracy: 0.441 
- F1 score: 0.607 
              precision    recall  f1-score   support 
 
         1.0       0.78      0.67      0.72       9629 
         2.0       0.24      0.39      0.29       1152 
         3.0       0.22      0.34      0.26       1368 
         4.0       0.35      0.29      0.32       845 
         5.0       0.62      0.51      0.56       549 
 
    accuracy                                         0.58     13543 
   macro avg          0.44      0.44      0.43     13543 
weighted avg       0.64      0.58      0.61     13543 
 
 

Model performance for Test Set 
- Accuracy: 0.557 
- Phi coefficient: 0.193 
- Balanced Accuracy: 0.441 
- F1 score: 0.584 
              precision    recall  f1-score   support 
 
         1.0       0.77      0.64      0.70       2407 
         2.0       0.22      0.39      0.28       288 
         3.0       0.19      0.33      0.24       342 
         4.0       0.36      0.27      0.31       211 
         5.0       0.56      0.47      0.51       138 
 
    accuracy                                         0.56      3386 
   macro avg          0.42      0.42      0.41      3386 
weighted avg       0.63      0.56      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 

 

Figure E.45 Hurricane Irma AdaBoost 

model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.792 
- Phi coefficient: 0.005 
- Balanced Accuracy: 0.400 
- F1 score: 0.760 
              precision    recall  f1-score   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      0.09      0.03        288 
         5.0       0.90      0.93      0.91        40 
 
    accuracy                                         0.79    100620 
   macro avg          0.38      0.40      0.38    100620 
weighted avg       0.74      0.79      0.76    100620 
 
 

Model performance for Test Set 
- Accuracy: 0.792 
- Phi coefficient: 0.008 
- Balanced Accuracy: 0.400 
- F1 score: 0.760 
              precision    recall  f1-score   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      0.02        542 
         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       0.74      0.79      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  

 

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  f1-score   support 
 
         1.0       0.87      0.58      0.70        325946 
         2.0       0.10      0.24      0.14        33977 
         3.0       0.05      0.24      0.08        15839 
         4.0       0.14      0.16      0.15        634 
         5.0       0.79      0.39      0.52        479 
 
    accuracy                                         0.54    376875 
   macro avg          0.39      0.32      0.32    376875 
weighted avg       0.76      0.54      0.62    376875 
 
 

Model performance for Test Set 
- Accuracy: 0.533 
- Phi coefficient: 0.017 
- Balanced Accuracy: 0.320 
- F1 score: 0.618 
              precision    recall  f1-score   support 
 
         1.0       0.87      0.58      0.70        81487 
         2.0       0.10      0.24      0.14        8494 
         3.0       0.05      0.24      0.08        3960 
         4.0       0.11      0.11      0.11        159 
         5.0       0.81      0.52      0.63        119 
 
    accuracy                                         0.53     94219 
   macro avg          0.39      0.34      0.33     94219 
weighted avg       0.76      0.53      0.62     94219 
 

Figure E.49 Hurricane Harvey AdaBoost model performance reports 
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Figure E.50 Hurricane Matthew SVM 

model training confusion matrix 

 

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  f1-score   support 
 
         1.0       1.00      1.00      1.00        9629 
         2.0       1.00      1.00      1.00        1152 
         3.0       0.99      1.00      0.99        1368 
         4.0       1.00      0.99      0.99        845 
         5.0       1.00      0.98      0.99        549 
 
    accuracy                                         1.00     13543 
   macro avg          1.00      0.99      1.00     13543 
weighted avg       1.00      1.00      1.00     13543 
 
 

Model performance for Test Set 
- Accuracy: 0.986 
- Phi coefficient: 0.970 
- Balanced Accuracy: 0.964 
- F1 score: 0.986 
              precision    recall  f1-score   support 
 
         1.0       0.98      1.00      0.99        2407 
         2.0       0.99      0.97      0.98        288 
         3.0       0.99      0.96      0.98        342 
         4.0       1.00      0.93      0.97        211 
         5.0       0.99      0.96      0.97        138 
 
    accuracy                                         0.99      3386 
   macro avg          0.99      0.96      0.98      3386 
weighted avg       0.99      0.99      0.99      3386 
 

Figure E.52 Hurricane Matthew SVM model performance reports 
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Figure E.53 Hurricane Irma SVM 

model training confusion matrix 

 

Figure E.54 Hurricane Irma SVM 

model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.987 
- Phi coefficient: 0.952 
- Balanced Accuracy: 0.944 
- F1 score: 0.987 
              precision    recall  f1-score   support 
 
         1.0       0.99      1.00      0.99        85308 
         2.0       0.97      0.94      0.96        12816 
         3.0       0.98      0.92      0.95        2168 
         4.0       0.97      0.96      0.96        288 
         5.0       1.00      0.90      0.95        40 
 
    accuracy                                         0.99    100620 
   macro avg          0.98      0.94      0.96    100620 
weighted avg       0.99      0.99      0.99    100620 
 

Model performance for Test Set 
- Accuracy: 0.981 
- Phi coefficient: 0.929 
- Balanced Accuracy: 0.936 
- F1 score: 0.981 
              precision    recall  f1-score   support 
 
         1.0       0.99      0.99      0.99        21327 
         2.0       0.94      0.93      0.93        3204 
         3.0       0.96      0.91      0.93        542 
         4.0       0.99      0.96      0.97        72 
         5.0       1.00      0.90      0.95        10 
 
    accuracy                                         0.98     25155 
   macro avg          0.98      0.94      0.96     25155 
weighted avg       0.98      0.98      0.98     25155 
 

Figure E.55 Hurricane Irma SVM model performance reports 
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Figure E.56 Hurricane Harvey SVM 

model training confusion matrix 

 

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  f1-score   support 
 
         1.0       0.99      0.99      0.99        325946 
         2.0       0.95      0.95      0.95        33977 
         3.0       0.95      0.96      0.95        15839 
         4.0       0.98      0.96      0.97        634 
         5.0       0.93      0.96      0.94        479 
 
    accuracy                                         0.99    376875 
   macro avg          0.96      0.96      0.96    376875 
weighted avg       0.99      0.99      0.99    376875 
 
 

Model performance for Test Set 
- Accuracy: 0.984 
- Phi coefficient: 0.936 
- Balanced Accuracy: 0.952 
- F1 score: 0.984 
              precision    recall  f1-score   support 
 
         1.0       0.99      0.99      0.99         81487 
         2.0       0.93      0.94      0.94        8494 
         3.0       0.93      0.94      0.94        3960 
         4.0       0.99      0.93      0.96        159 
         5.0       0.88      0.96      0.92        119 
 
    accuracy                                         0.98     94219 
   macro avg          0.95      0.95      0.95     94219 
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  

 

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  f1-score   support 
 
         1.0       0.96      1.00      0.98       9629 
         2.0       0.97      0.87      0.92       1152 
         3.0       0.96      0.92      0.94       1368 
         4.0       0.98      0.86      0.91       845 
         5.0       0.98      0.82      0.89       549 
 
    accuracy                                         0.96     13543 
   macro avg          0.97      0.89      0.93     13543 
weighted avg       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  f1-score   support 
 
         1.0       0.94      0.97      0.96       2407 
         2.0       0.87      0.80      0.83       288 
         3.0       0.87      0.87      0.87       342 
         4.0       0.92      0.73      0.82       211 
         5.0       0.85      0.80      0.83       138 
 
    accuracy                                         0.92      3386 
   macro avg          0.89      0.83      0.86      3386 
weighted avg       0.92      0.92      0.92      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 

 

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  f1-score   support 
 
         1.0       0.90      1.00      0.94        85308 
         2.0       0.91      0.37      0.52        12816 
         3.0       0.96      0.28      0.44        2168 
         4.0       0.86      0.24      0.37        288 
         5.0       1.00      0.53      0.69        40 
 
    accuracy                                         0.90    100620 
   macro avg          0.92      0.48      0.59    100620 
weighted avg       0.90      0.90      0.88    100620 
 
 

Model performance for Test Set 
- Accuracy: 0.890 
- Phi coefficient: 0.496 
- Balanced Accuracy: 0.428 
- F1 score: 0.867 
              precision    recall  f1-score   support 
 
         1.0       0.89      0.99      0.94        21327 
         2.0       0.86      0.33      0.47        3204 
         3.0       0.90      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     25155 
   macro avg          0.88      0.43      0.53     25155 
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 

 

Figure E.66 Hurricane Harvey Decision 

Tree model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.933 
- Phi coefficient: 0.691 
- Balanced Accuracy: 0.657 
- F1 score: 0.925 
              precision    recall  f1-score   support 
 
         1.0       0.93      0.99      0.96        325946 
         2.0       0.94      0.52      0.67        33977 
         3.0       0.90      0.58      0.70        15839 
         4.0       0.97      0.57      0.72        634 
         5.0       0.92      0.62      0.74        479 
 
    accuracy                                         0.93    376875 
   macro avg          0.93      0.66      0.76    376875 
weighted avg       0.93      0.93      0.93    376875 
 

Model performance for Test Set 
- Accuracy: 0.931 
- Phi coefficient: 0.678 
- Balanced Accuracy: 0.640 
- F1 score: 0.9224 
              precision    recall  f1-score   support 
 
         1.0       0.93      0.99      0.96         81487 
         2.0       0.92      0.51      0.66         8494 
         3.0       0.89      0.56      0.69         3960 
         4.0       0.98      0.58      0.73         159 
         5.0       0.84      0.55      0.66         119 
 
    accuracy                                         0.93     94219 
   macro avg          0.91      0.64      0.74     94219 
weighted avg       0.93      0.93      0.92     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 

 

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  f1-score   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      0.99       1368 
         4.0       0.99      0.99      0.99       845 
         5.0       1.00      0.98      0.99       549 
 
    accuracy                                         1.00     13543 
   macro avg          1.00      0.99      0.99     13543 
weighted avg       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  f1-score   support 
 
         1.0       0.98      1.00      0.99       2407 
         2.0       0.98      0.95      0.97       288 
         3.0       0.99      0.94      0.97       342 
         4.0       0.99      0.94      0.97       211 
         5.0       0.98      0.93      0.96       138 
 
    accuracy                                         0.98      3386 
   macro avg          0.99      0.95      0.97      3386 
weighted avg       0.98      0.98      0.98      3386 
 

Figure E.70 Hurricane Matthew  Random Forest model performance reports 
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Figure E.71 Hurricane Irma Random 

Forest model training confusion matrix 

 

Figure E.72 Hurricane 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  f1-score   support 
 
         1.0       0.89      1.00      0.94        85308 
         2.0       0.98      0.28      0.44        12816 
         3.0       0.97      0.29      0.44        2168 
         4.0       1.00      0.17      0.29        288 
         5.0       1.00      0.50      0.67        40 
 
    accuracy                                         0.89    100620 
   macro avg          0.97      0.45      0.55    100620 
weighted avg       0.90      0.89      0.86    100620 
 
 

Model performance for Test Set 
- Accuracy: 0.882 
- Phi coefficient: 0.450 
- Balanced Accuracy: 0.426 
- F1 score: 0.849 
              precision    recall  f1-score   support 
 
         1.0       0.88      1.00      0.94        21327 
         2.0       0.98      0.23      0.37         3204 
         3.0       0.94      0.24      0.38        542 
         4.0       1.00      0.17      0.29        72 
         5.0       1.00      0.50      0.67        10 
 
    accuracy                                         0.88     25155 
   macro avg          0.96      0.43      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 

 

Figure E.75 Hurricane 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  f1-score   support 
 
         1.0       0.94      1.00      0.97        325946 
         2.0       0.98      0.58      0.73        33977 
         3.0       0.97      0.63      0.76        15839 
         4.0       0.98      0.72      0.83        634 
         5.0       0.95      0.43      0.60        479 
 
    accuracy                                         0.94    376875 
   macro avg          0.96      0.67      0.78    376875 
weighted avg       0.95      0.94      0.94    376875 
 

Model performance for Test Set 
- Accuracy: 0.942 
- Phi coefficient: 0.735 
- Balanced Accuracy: 0.666 
- F1 score: 0.935 
              precision    recall  f1-score   support 
 
         1.0       0.94      1.00      0.97        81487 
         2.0       0.97      0.57      0.72        8494 
         3.0       0.96      0.61      0.75        3960 
         4.0       0.98      0.71      0.82        159 
         5.0       0.95      0.44      0.60        119 
 
    accuracy                                         0.94     94219 
   macro avg          0.96      0.67      0.77     94219 
weighted avg       0.94      0.94      0.94     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 

 

 

Figure E.78 Hurricane Matthew MLP 

model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.776 
- Phi coefficient: 0.432 
- Balanced Accuracy: 0.414 
- F1 score: 0.734 
              precision    recall  f1-score   support 
 
         1.0       0.78      0.98      0.87       9629 
         2.0       0.69      0.28      0.39       1152 
         3.0       0.78      0.28      0.41       1368 
         4.0       0.73      0.30      0.42       845 
         5.0       0.78      0.24      0.37       549 
 
    accuracy                                         0.78     13543 
   macro avg          0.75      0.41      0.49     13543 
weighted avg       0.77      0.78      0.73     13543 
 

Model performance for Test Set 
- Accuracy: 0.741 
- Phi coefficient: 0.318 
- Balanced Accuracy: 0.357 
- F1 score: 0.692 
              precision    recall  f1-score   support 
 
         1.0       0.76      0.96      0.85       2407 
         2.0       0.50      0.21      0.30       288 
         3.0       0.63      0.25      0.36       342 
         4.0       0.57      0.17      0.26       211 
         5.0       0.68      0.20      0.30       138 
 
    accuracy                                         0.74      3386 
   macro avg          0.63      0.36      0.41      3386 
weighted avg       0.71      0.74      0.69      3386 
 

Figure E.79 Hurricane Matthew MLP model performance reports 
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Figure E.80 Hurricane Irma MLP 

model training confusion matrix 

 

Figure E.81 Hurricane Irma MLP 

model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.852 
- Phi coefficient: 0.159 
- Balanced Accuracy: 0.352 
- F1 score: 0.791 
              precision    recall  f1-score   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      0.62      0.77        40 
 
    accuracy                                         0.85    100620 
   macro avg          0.87      0.35      0.39    100620 
weighted avg       0.83      0.85      0.79    100620 
 

Model performance for Test Set 
- Accuracy: 0.851 
- Phi coefficient: 0.139 
- Balanced Accuracy: 0.328 
- F1 score: 0.789 
              precision    recall  f1-score   support 
 
         1.0       0.85      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      0.50      0.67        10 
 
    accuracy                                         0.85     25155 
   macro avg          0.85      0.33      0.37     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 

 

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  f1-score   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    376875 
   macro avg          0.77      0.38      0.43    376875 
weighted avg       0.85      0.87      0.81    376875 
 

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       0.87      1.00      0.93         81487 
         2.0       0.69      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     94219 
   macro avg          0.73      0.36      0.39     94219 
weighted avg       0.85      0.87      0.81     94219 

 

Figure E.85 Hurricane Harvey MLP  model performance reports 
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Figure E.86 Hurricane Matthew 

ensemble model test confusion matrix 

 

Figure E.87 Hurricane Matthew 

ensemble model 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  f1-score   support 
 
         1.0       1.00      1.00      1.00       9629 
         2.0       1.00      1.00      1.00       1152 
         3.0       0.99      1.00      0.99       1368 
         4.0       1.00      0.99      0.99       845 
         5.0       0.99      0.99      0.99       549 
 
    accuracy                                         1.00     13543 
   macro avg          1.00      1.00      1.00     13543 
weighted avg       1.00      1.00      1.00     13543 
 

 
Model performance for Test Set 
- Accuracy: 0.987 
- Phi coefficient: 0.972 
- Balanced Accuracy: 0.965 
- F1 score: 0.987 
              precision    recall  f1-score   support 
 
         1.0       0.99      1.00      0.99       2407 
         2.0       0.99      0.97      0.98       288 
         3.0       0.97      0.97      0.97       342 
         4.0       1.00      0.93      0.97       211 
         5.0       0.96      0.96      0.96       138 
 
    accuracy                                         0.99      3386 
   macro avg          0.98      0.97      0.97      3386 
weighted avg       0.99      0.99      0.99      3386 
 

Figure E.88 Hurricane Matthew ensemble model performance reports 
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Figure E.89 Hurricane Irma  ensemble 

model training  confusion matrix 

 

Figure E.90 Hurricane Irma  ensemble 

model test confusion matrix 

 

Model performance for Training Set 
- Accuracy: 0.987 
- Phi coefficient: 0.951 
- Balanced Accuracy: 0.945 
- F1 score: 0.987 
              precision    recall  f1-score   support 
 
         1.0       0.99      1.00      0.99        85308 
         2.0       0.97      0.94      0.96        12816 
         3.0       0.98      0.93      0.95        2168 
         4.0       0.97      0.96      0.96        288 
         5.0       1.00      0.90      0.95        40 
 
    accuracy                                         0.99    100620 
   macro avg          0.98      0.94      0.96    100620 
weighted avg       0.99      0.99      0.99    100620 
 

Model performance for Test Set 
- Accuracy: 0.981 
- Phi coefficient: 0.929 
- Balanced Accuracy: 0.936 
- F1 score: 0.981 
              precision    recall  f1-score   support 
 
         1.0       0.99      0.99      0.99        21327 
         2.0       0.94      0.93      0.93        3204 
         3.0       0.96      0.91      0.93        542 
         4.0       0.99      0.96      0.97        72 
         5.0       1.00      0.90      0.95        10 
 
    accuracy                                         0.98     25155 
   macro avg          0.98      0.94      0.95     25155 
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 model training confusion 

matrix  

 

 

Figure E.93 Hurricane Harvey 

ensemble model test confusion matrix 

Model performance for Training Set 
- Accuracy: 0.987 
- Phi coefficient: 0.945 
- Balanced Accuracy: 0.960 
- F1 score: 0.987 
              precision    recall  f1-score   support  
 
         1.0       0.99      0.99      0.99         325946 
         2.0       0.95      0.94      0.95         33977 
         3.0       0.95      0.95      0.95         15839 
         4.0       0.98      0.96      0.97         634 
         5.0       0.93      0.96      0.94         479 
 
    accuracy                                         0.99    376875 
   macro avg          0.96      0.96      0.96    376875 
weighted avg       0.99      0.99      0.99    376875 
 

Model performance for Test Set 
- Accuracy: 0.985 
- Phi coefficient: 0.939 
- Balanced Accuracy: 0.953 
- F1 score: 0.985 
              precision    recall  f1-score   support 
 
         1.0       0.99      0.99      0.99         81487 
         2.0       0.94      0.94      0.94         8494 
         3.0       0.94      0.94      0.94         3960 
         4.0       0.99      0.93      0.96         159 
         5.0       0.88      0.96      0.92         119 
 
    accuracy                                         0.99     94219 
   macro avg          0.95      0.95      0.95     94219 
weighted avg       0.99      0.99      0.99     94219 
 

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

 

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
































