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Abstract: Debris generated and left in the wake of a disaster is one of a community’s greatest obstacles in the ability to restore function.
The objectives of this paper are (1) to provide systematic procedures to develop and visualize the vulnerability index (VI) based on three
dimensions, and (2) to prioritize debris removal by integrating all dimensions into a geographic information system (GIS). The proposed
methodology for vulnerability heatmapping consists of three dimensions: (1) physical, (2) infrastructure, and (3) environmental. An un-
manned aerial vehicle (UAV) is used to quantify the debris three-dimensional (3D) volumetric information as part of the 11 metrics selected
and evaluated to establish the vulnerability of a location. The proposed process incorporates all systems into a process to allow decision
makers to quickly determine scope, complexity, potential impact, and recovery needs. Therefore, the outcome of this research will ensure
maximum and timely utilization of limited resources to reach a greater number of people who might be facing life-threatening situations,
enhancing the community’s resilience. DOI: 10.1061/JMENEA.MEENG-5507. © 2024 American Society of Civil Engineers.
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Introduction

A community consists of complex systems and inner workings that
allow it to function and support a community. After a disaster, the
systems that make up a community are susceptible to being im-
peded and unable to function. This hindrance is comprised pri-
marily of the remnants of the disaster’s destruction in the form of
debris. The removal time of debris in a community’s post-disaster
response directly impacts the safety of a community’s citizens, its
environment, and overall function (Brown and Milke 2009). This
becomes more crucial in scenarios such as Hurricane Katrina,
where more than 100 millionm3 of debris was generated in the
highly complex and variable environment of the New Orleans met-
ropolitan area (Luther 2006).

In the disaster scenario, FEMA outlines the four phases of
a disaster scenario: (1) mitigation, (2) preparedness, (3) response,
and (4) recovery. The response phase, which takes place directly
after a disaster occurs, is the phase that has the highest vulnerabil-
ity (Paton et al. 2000). This is when a community is at the highest
risk of potential effects of the disaster, with the most urgent need
for safety and security. The response phase is also when potential
long-term threats can be contained to have the least impact (FEMA
2017). To aid in restoring function, FEMA (2019d) outlined a list
of the primary needed functions of a community postdisaster in the

National Response Framework’s (NRF’s) seven community life-
lines: (1) safety and security; (2) food, water, and shelter; (3) health
and medical; (4) energy; (5) communications; (6) transportation;
and (7) hazardous materials. FEMA’s National Response Frame-
work (FEMA 2019) focuses on relieving the points outlined by
community lifelines and enables operations to increase the effi-
ciency and effectiveness of incident stabilization, but does not give
a defined response to disaster scenarios to guide the process.

Guidelines such as FEMA (2019) place greater importance on
reestablishing communities’ primary functions and give recom-
mendations for prioritizing removal of debris postdisaster based on
the priority of a situation’s outcome, such as lifesaving and neces-
sity. In the NRF, FEMA does not guide decision makers on imple-
menting the given protocol or prioritizing similar events, leaving
the situational guidance to the decision makers. Guidelines such as
UN (2015) outline how disaster types can affect communities dif-
ferently and the importance of planning and postdisaster response,
but only give prioritization guidance by outcome type and do not
offer guidance by individual factor. This is further shown in a re-
view by the US Government Accountability Office (GAO 2016),
which identified insufficient technology to develop protocols for
addressing vital areas of disaster relief in areas such as function-
ality, processing, and information. All guidelines used for post-
disaster response share the goal of protecting human life first and
the community and environment second, so prioritization of debris
will aim to promote a faster and more effective response.

There is currently an abundant number of guidelines (EPA
2019a, b, 2022; FEMA 2017, 2019a, b, 2020a, b; UN 2015, 2017)
and decision makers involved in the disaster response process, but
all lack a defined method for prioritization. This leaves many com-
munities disorganized and panicked in the wake of disaster. The
problem this study addresses is the current lack of a standardized
and unified process specific to vital areas of disaster relief, which
hinders the recovery of the community and can pose a heightened
threat for long-term impact to the affected area. Therefore, there
is a need to develop a systematic procedure for prioritizing the se-
verity of debris postdisaster with the greatest emphasis on the
response phase. This paper aims to provide a new methodology
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to develop vulnerability heatmaps for prioritizing the removal of
debris, in which the systematic procedure will lead to improvement
of the disaster response process. The objectives of this paper are
(1) to provide systematic procedures to develop and visualize the
vulnerability index (VI) based on the three dimensions, and (2) to
develop vulnerability heatmapping and an index for prioritizing
debris removal by integrating all dimensions into a geographic in-
formation system (GIS).

The proposed methodology for a vulnerability heatmap consists
of three dimensions, (1) physical, (2) infrastructure, and (3) environ-
mental, comprising four layers, (1) physical, (2) civil, (3) civic, and
(4) environmental. These dimensions and layers are used to define
key areas of the response process and are represented by readily
available metrics used to establish the severity of a debris impact
on a location represented as vulnerability. For updated and acces-
sible data, an unmanned aerial vehicle (UAV) will be used to collect
data to map the spatial distribution of three-dimensional (3D) volu-
metric information and can be used to assess debris quantities and
locations, and provide a platform for a GIS-based heatmap to be
developed. The mapping and prioritization of debris locations using
the VI will result in three primary heatmap designs: (1) dendrogram,
(2) point, and (3) grid. The proposed VI with heatmap visualization
will provide simplified information in multiple formats to suit situa-
tional needs, giving decision makers the ability to quickly deter-
mine scope and complexity and interpret the potential impact. This
is done by instance prioritization by way of evaluating each loca-
tion and assigning it a vulnerability value (VV) based on metrics.
Also, clustering, which will group similar locations, helps prepare
and organize by debris type based on locations sharing similar
metrics. This framework will allow better decision management by
stakeholders and a better structure of aid in the continued recovery
effort, reporting, data collection, and predictive modeling.

Background

History of Debris Management

The response phase of debris management largely focuses on two
primary metrics relating to measuring the severity of a postdisaster
scenario: volume of generated debris and cost to remove the debris.

Fig. 1 represents these two groups, showing the comparison of the
quantities of debris generated by different types of disasters over
time and how their removal costs correlate.

In Fig. 1, the Y-axis represents the value of both debris gener-
ated in millions of cubic meters and the cost of debris removal in
billions of US dollars. On the X-axis is a chronological series of
major natural disasters in the United States. Comparison of the
two values by a scale of 1 million cubic meters of debris generated
per unit to the disaster cost of 1 billion dollars per unit to remove
gives an easier visual contrast of how the ratio differs from disaster
to disaster. This gives a comparison of similar disasters such as
Hurricane Katrina and Hurricane Harvey and shows that their cost
of debris removal by volume differs widely. By contrast, the
smaller disasters maintain a closer margin. Fig. 1 also shows a trend
of the cost per million cubic meters decreasing over time. Further
research into planning and preparation, as well as the collection of
information and data, has led to a decrease in costs.

Current Guidelines for Disaster Debris Management

The use of predisaster planning has been shown to have an impact
in reducing this cost, as well as the time required for cleanup
(Crowley 2017). Predisaster plans are typically derived from gov-
ernment guidelines and research from the academic community
but are ultimately derived by the decision makers using the plan.
Examples used in this research, as well as what was taken and how
it was applied, are listed in Table 1.

The guidelines directing the protocol are established by govern-
ment bodies and cover a variety of protocols. Agencies set guide-
lines that cover all aspects of the disaster scenario through all
phases and aspects of disaster response as listed in Table 1.
Although guidelines for reporting to higher agencies are regulated,
the development of response protocol is largely left up to the com-
munity to determine its preparedness plan according to environment
type, community type, expected disaster type, and other region-
specific decisions limiting the ability for a top-down protocol
and specific framework for removal. FEMA’s top-down guideline
provides a clear and structured protocol for the highest priority in-
stances that inform a vast number of the guidelines and manuals.
FEMA also provides most of the reporting systems for additional
aid and work to restore communities. UN and office for the

Fig. 1. Disaster volume versus severity (cost).
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coordination of humanitarian affairs (OCHA) provide another sub-
set of generalized guidelines, but also implement lessons learned in
the form of case studies. Input detailing areas of deficiency often
comes from organizations such as GAO. By providing post-disaster
reports, as well as departmental reviews of how situations are
handled, the GOA often reveal what is needed to improve in oper-
ation. While all guidelines provide necessary information on how
to structure a community’s procedure, the GAO shows that lack of
cohesion and implantation of needed advancements have slowed
potential progress in the area of disaster response (GAO 2016).

Current Research in Disaster Debris Management

Current disaster protocol research largely uses the guidelines and
regulations set by the agency guidelines and manuals. Table 2 in-
dicates a sample of the current research in disaster debris manage-
ment research and objectives.

Much of the research focuses on performance reviews, showing
gaps in process development and covering key advantages of dis-
aster planning (Crowley and Flachsbart 2018; Marchesini and
Barroca 2021), but does not define an implementable disaster pro-
tocol that can be used by a community. Much of the research has
similar performance reviews—the focus of many is on predictive
measures and how to better mitigate damage in specific divisions
(Kim et al. 2018; Huang et al. 2021)—but fails to show integrations
between key operation components to aid in community recovery.
Other areas, such as sorting, removal, best practice, and optimiza-
tion of recycling, are major priorities in the process (Lauritzen
2018; Marchesini and Barroca 2021) and are often represented but
not in the form of the overall process. After reviewing current re-
search, there is limited information regarding the overall process
design involving different divisions, in which the entire phase pro-
cess is evaluated with the goal of prioritization and optimization
(Lorca et al. 2017).

Table 1. Current guidelines for disaster debris management

Author Type Contents Application

National Research
Council (1994)

Guideline Temporary debris management site
(TDMS) recommendations

Basis for EPA and DEQ evaluation systems. Shows framework of how
Superfund Chemical Data Matrix Hazard Ranking System was
developed and basis for hazard evaluation.Debris segregation

Hazard ranking

USAF (1999) Manual Government assistance plan Hazard recognition and debris handling. Military response protocol.
Interaction with nongovernment organization protocol.Agency response protocol

FEMA (2007) Manual Procedure and considerations for
cleanup

Debris groupings and removal teams. Outlines US procedure for
removal and reimbursement. Outlines involvement of third-party
contractors and organizations.Optimization of TDMS

UNEP (2008) Study Case study Debris management and grouping guide. Debris assessment forms and
prioritization. Guidance on primary C&D waste.Debris assessment

Plan components

FRCOG (2014) Guideline Planning guide Comprehensive reference for mapping elements such as TDMSs,
routing, supply centers, key infrastructure, and vital civic systems.Mapping overview

Local specialization

UN (2015) Study Guidelines for risk reduction Shows basic strategies of how to implement disaster risk reduction
(DRR). Evolution of DRR and objective evolution. How disaster affects
different communities.

Emergency services
Hazard warning and monitoring

GAO (2016) Guideline Deficiencies in FEMAs current
information technology

Addresses gaps in technology response protocol involving lack of
functionality, low processing time, missing information, and lack of
improvement.Areas of improvement

Report vital functions

FEMA (2017) Guideline Planning material Dispersion of aid will be given to community through resources and
proper funding protocol. Recommendations on debris reporting and
resources allocation to aid in cleanup.

Assistance recommendations
Resource allocation

UN (2017) Guideline International protocol Guide used to assess debris and guide responders on protocol for
cleanup. Acts as reference to predict environmental impact and gives
environmental response protocol.

Debris segregation
Current status

EPA (2019a) Manual Hazard recognition Hazard mitigation and response planning. Community guidelines for
how to structure response plans. Identify vital elements and resources.Management/handling

Storage

FEMA (2019b) Guideline Resource allocation Framework for FEMA’s approach to disasters. Provides fundamentals
such as grouping and third-party protocol. Gives planning advice such
as vital structures, response capabilities, and stabilization tactics.

Financial and assistance planning
Framework outline

FEMA (2020b) Guideline Planning material Response and reporting recommendations and protocol. Coordination
efforts across aid parties. Work grouping by debris types. Work
procurement protocol. Operational priorities: community lifeline and
action planning.

Assistance
Recommendations
Resource allocation

Note: DEQ = Department of Environmental Quality.
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Although most areas of the process design have been re-
searched, with a lack of specific research looking into a system
that integrates all divisions of the disaster process, there remains
a gap in research (Ford and Wolf 2020). Therefore, further research
related to process design is needed to help stakeholders and com-
munities evaluate and perform at a higher capacity to restore a
community.

Methodology

The purpose of the research is to provide a framework to index and
generate heatmaps of a disaster scenario showing the severity of its

impact on an area. This can be used to show priority and guide the
decision-making process in a disaster response scenario, as well as
for guidance of debris removal routes and temporary debris man-
agement site (TDMS) selection. Fig. 2 represents the overall struc-
ture of the methodological process. As shown in Fig. 2, Phase 1
indicates the selection of dimensions to be evaluated applicable
to the response phase. Phase 2 indicates the collection and process-
ing of each category’s metrics and associated techniques. Phase 3
indicates the process in which each metric used for the dimen-
sions (Phase 2) is transformed using the method of standardization
and combining the three layers. Phase 4 is to provide a vulnera-
bility heatmap and the VI. The VI consists of two attributes: VV
and grouping. The grouping is performed by hierarchical cluster

Table 2. Current research in disaster debris management

Author Deliverable Application

Brown and Milke (2009) Key issues in debris management Key areas of focus in debris management.
Highlights issues commonly found in
organizational structure and decision-making.

Kim (2014) Assessing debris removal Highlights conditions for choosing the optimal sites
for response. Gives protocol for assessing debris
removal efficiency.

Lorca et al. (2015) Scenario and procedure design Resources needed to assist disaster and waste
management officials with the collection,
transportation, reduction, recycling, and disposal of
debris.

Crowley (2017) Key points in panning Shows the effectiveness of a disaster relief plan by
community type. Measures the effectiveness and
efficiency of a preparedness plan.
Recommendations and measurement of planning
effects.

Lorca et al. (2017) Scenario and procedure design Outlines attributes for optimizing and balancing the
financial costs, environmental costs, and duration of
the collection and disposal operations.

Crowley and Flachsbart (2018) Key points in planning Analyze the extent to which debris management
plans are complying with the FEMA policies that
were established in the pilot program. Gives
recommendations for planning.

Kim et al. (2018) Key points in framework design Framework for geographical information system
and system dynamics to assess debris removal
performance. Key points for outlining measurement
protocol.

Lauritzen (2018) Sorting and removal Outlines general debris management practices.
Gives tables, charts, forms, and other materials to
aid in organizing and estimating cleanup.

Van Pham and Moore (2019) Disaster decision modeling Proposed sensibilities and preferences in emergency
decision support. Decision analysis in dynamic
uncertainty. Modeling using decision support
systems.

Huang et al. (2021) Prediction methodology Importance of planning. Highlights and critiques
the basis of the emergency management of
unconventional emergencies. Outlines use of
artificial intelligence and big data.

Marchesini and Barroca (2021) Comparison of approaches to debris removal Comparison of methods. Provides list of resources
and data needed. Criteria on the precision and
uncertainties of different approaches.

Guan et al. (2022) Debris management and operations optimization Key debris management grouping and process
formatting. Decision planning and procedure
optimization. Implementation of framework.
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analysis (HCA). The detailed procedure for the methodology is as
follows.

Phase 1: Dimensions

Three key dimensions were identified in the formulation of the
methodology process. Dimensions were chosen on a basis like
McNeill et al. (2006) and Kohlitz et al. (2020), grouping applicable
metrics by similar attributes and decision makers. In the evaluation
of key areas of vulnerability postdisaster, the National Response
Framework’s seven community lifelines act as the basis for contin-
uing the operation of critical functions essential to human health
and safety as well as economic security (FEMA 2019b).

One instance of debris, represented by the physical dimension,
represents the location and volume of debris. This will be the pri-
mary metric and focus of the framework structure used in the evalu-
ation. Its process will act as the collection point for impact data
postdisaster, which will be used as the basis for the methodology
process (Tran et al. 2020). The infrastructure dimension is made up
of systems that control access and transportation of aid and emer-
gency response. The dimensions encompass attributes highlighted
by Boin and McConnell (2007), showing the importance of a co-
hesive response by decision makers. The environmental dimension
includes risk factors related to exposure to hazardous chemicals
and materials. The dimensions were created according to the EPA’s
identification of hazardous materials in emergency scenarios to mit-
igate exposure (Tseng et al. 2012).

Phase 2: Metrics

In Phase 2, dimensions are used as grouping for metrics, which are
used to attribute values to be used to prioritize the locations that
are highlighted as well as the process of evaluation. The evalua-
tion metrics were selected by the availability and readiness of
data collected by current data management tools, software, and
catalogs commonly used by government agencies and decision
makers. Metrics were based on the NRF seven community lifelines

including safety and security; food, water, and shelter; health and
medical; energy; communication; transportation; and hazardous
materials (FEMA 2020b).

As shown in Table 3, the used metrics are periodized by dimen-
sions and parameters using common measures and units to deter-
mine the potential vulnerability. Dimensions are further classified
into parameters based on decision makers. The general dimension
is added for grouping locations by attributes added in the evaluation
process. The general category is not used in the framework because
it is to only be used for database information. Parameters that fall
within the same dimension category, as shown by the infrastructure
dimension, are divided into the civil and civic parameters due to the
overlap in controlling entities of the systems, as well as both assist-
ing in postdisaster aid to infrastructure (Boyacı and Geroliminis
2012). From the parameters, the metrics are chosen for evaluation
within each. Applicable parameters are chosen based on accessible
and available data to be applied in the hierarchical process, such as
volume for the physical dimension defining the cubic meters of
debris in a location. The measures needed from these metrics
are then defined for evaluation, and the appropriate unit is derived
based on the formatting of the provider.

The general category represents all the variables assigned to
debris locations needed for the database and the information for
further analysis. This database information is used to sort and
categorize all instances from multiple mapping types, such as
map type point (P) or grid (G), and assigned location number
(polygon).

Physical dimension is the basis of data collected in the method-
ology process. It is the only phase of the dimensions that will re-
quire active data collection at the time of the disaster. Shown in
Fig. 3 are the three primary steps to the data collection process: data
collection, image processing for 3D model development, and volu-
metric estimation. The data collection process shown is used for
gathering the volume and location values (Yeom et al. 2019).

The data collection process utilizes UAV to take images of an
area in a grid format. The grid format utilizes overlap (represented

Fig. 2. Methodology process.
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in “Data Collection”) to ensure proper coverage of an area, which
also creates a higher degree of accuracy (Siebert and Teizer 2014).
With a series of captured images based on the grid format, each
image has a property of geographically identifiable metadata.
Using an inbuilt GPS linked to satellites for navigation, the UAV
identifies the location when the picture is taken and stores the
data in the file as metadata. The accuracy of the system shown by
Da Silva et al. (2018) operates in a tolerance of 2.5–14.45 cm, with
the variance defined by flight and camera parameters.

A photogrammetry software, Pix4D, is then used to generate
various geospatial data products such as an orthomosaic image,

digital surface model (DSM), and 3D point clouds. This process
is known as structure from motion (SfM). SfM results in geospatial
data products with measurable units, which enables direct estima-
tion of volumetric information without field surveys (Siebert and
Teizer 2014).

Civil and civic are correlating attributes, defined as resources
needed to allow for transportation or evacuation or transportation
of supplies and aid to a disaster area (FEMA 2019b). Therefore, the
infrastructure dimension is classified into two layers: civil and
civic. Civil is defined by the physical infrastructure, including
average annual daily traffic (AADT), number of lanes, number of

Fig. 3. Physical data collection process. (Images by Richard G. Walker.)

Table 3. Dimension metrics used in vulnerability severity

Dimension Parameter Metric Measure Unit

General — Map type Polygon/grid Letter
Polygon — Number
Grid — Number

Physical Debris Volume — m3

Latitude — Number
Longitude — Number

Infrastructure Civil network AADT Value Number
Bridge Number of lanes Number

Congestion Value 0, 1, 2, 3a

Airport Flight number Number
Civic network Hospital Capacity Number

School Capacity Number
EMT Personnel Number
Fire Personnel Number
Police Personnel Number

Environmental Chemical type Toxicity Value 0, 1, 10, 100, 1,000b

aUnitless quantity.
bProprietary unit used for measurement by agency.
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flights at an airport, and severity of the congestion (TxDOT 2022).
This is outlined by FEMA (2019b) as an essential system needed
for the transportation of aid and personnel in and out of an affected
area. Meanwhile, the civic layer is specified by essential facilities
and emergency services in the community (FEMA 2019b). The
metrics related to the civic layer vary according to the geographic
size of the community and community population. The civic metrics
define the necessary facilities in the community including the capacity
of the school, the capacity of the hospital, the number of fire stations,
the number of EMTs, and the number of police. The variables selected
to be prioritized in the civic portion of the infrastructure dimension are
outlined by FEMA (2019b) as essential services, as well as other areas
that may act as suitable shelters or service areas.

The civil and civic data are collected first in the targeted area or
community. These data can then be attached to a GIS as a point
location marker or polygon of the structure provided by the munici-
pality or available mapping service. The civic impact region shown
in Fig. 2 indicates the region around a service that is required for the
service to operate. This allows for defining an area that needs to be
prioritized for cleanup so the service can operate at a maximum
capacity based on the circumstances of the surrounding environ-
ment (Duhamel et al. 2016). Therefore, depending on the variable
operation type and size, the buffer area can be adjusted for debris or
hazard detection. On the other hand, once all metrics are selected in
the civil layer, the attributes will be combined into a single layer
that will represent all attributes. Unlike GIS mapping for the other
dimensions, the civil layer has multiple attributes that are repre-
sented in different forms based on the data type. A process to merge
and overlay these data is required to be able to transfer the attributes
to the debris locations to establish severity.

Environmental dimension data collection is established by haz-
ard waste guidelines from the Environmental Protection Agency
(EPA 2019a). These registries act as a log of all locations con-
taining hazardous materials in a region with various information
on the material, location, storage type, and usage. The metric for
the environmental dimension is toxicity classification. The toxicity
class includes all toxicity and benchmark data used to determine
human or ecotoxicity factor values. The value seen in Table 3 (0,
1, 10, 100, 1,000) represents the class of the toxicity of a material,
with the larger number being more severe (EPA 2022). All agencies
use factors in their registry that can be defined by the information
in the Superfund Chemical Data Matrix (SCDM), which uses the
Hazard Ranking System (HRS) (EPA 2022). The SCDM is used
to generate a report with values based on the chemical type and
conditions of the environment. This includes factor values, bench-
marks, and data elements that can affect the potential toxicity of
exposure and can be used to prioritize the potential impact of the
hazardous material. Here toxicity is highlighted as the primary met-
ric and is used to determine the impact region size by the propri-
etary value provided. Once the toxicity is calculated in the HRS,
its defined safety distance and toxicity are given in the SCDM-
HRS database (EPA 2022). The toxicity value establishes a se-
verity ranking system resulting in an impact region to alert the
potential presence of hazardous materials at a debris location
(USDOT 2020).

Phase 3: Transformation

After the metrics have been applied, they are combined into a
single layer comprising all attributes. Transformation allows
for both individual analysis and the creation of a platform for
all dimension layers to be merged into individual layers for com-
parison. Joining the layers then allows for comparison, but the
method used to compare metric severity will need to be created
as an unbiased system of evaluation based on individual disas-
ter’s metric severity.

Standardization of the data is needed for the comparison be-
tween data points due to the large variance between each metric
unit, value, priority, and relative severity by disaster region (Hunter
and Hamilton 2002). Before severity can be assessed, data trans-
formation through the use of standardization is needed. The process
of standardization of the original values using the standard score
method requires the comparison of a single value versus all other
values inside its metric category containing all locations. This pro-
cess will give the relative severity of each metric in its category to
be evaluated (Nevill et al. 2002). A comparison method that trans-
forms based on severity among its metric category is used to de-
termine the largest risk values (highest priority).

The standard score method was used to standardize the indi-
vidual variables of all attributes to be used to permit comparison
of metric severity; similar processes were used in other studies
(Milligan and Cooper 1988; Truong and Somenahalli 2011; Yoon
2012). The Z-score converts the original data into values represent-
ing how many standard deviations a metric value of a location dif-
fers from the mean value in that category and is shown in Eq. (1),
where x represents an observed value of an instance, μ represents
the mean of the category, σ represents the standard deviation of the
sample, and Zi is the resulting standardized score of an instance
metric

Zi ¼
ðx − μÞ

σ
ð1Þ

Other standardization methods, such as range scaling, which
converts raw values to fit the scale [0,1] such as in Gupta (2013),
have a limiting range of the scale used in distorting values when
large outliers are observed, which skew the data. The unrestricted
range of the standard score method allows for a clear representation
of categorical difference by how far an instance’s value is from
other instances that share the same attribute, comparing how far its
value differs from the mean value [0] (Patro and Sahu 2015). There-
fore, this research would transform the data by adjusting the values
as given in Table 4. Taking the value (x) and subtracting the cat-
egory mean (μ) for the volume category, then dividing the result by
the standard deviation (σ) of the category gives the standardized
Z-score of the original value.

Because the results of the standardization include negative val-
ues, the scaling and rescaling processes are required to return the
negative values of the standardization method to usable values.
Brock (2018) showed the application of rescaling used in evaluat-
ing T-scores and IQ testing (Sansone et al. 2014). Eq. (2) indicates
the scaling method basis and Eq. (3) represents the rescaling used in
the process. The scaling is performed by the scaled scoring method,

Table 4. Example standardization

Parameter Volume AADT Bridge Congestion Airport EMT Fire School Police Hospital Toxicity

Value (x) 135 2,310 4 0 1,524 0 0 0 0 0 10
Metric mean (μ) 148.78 24,616.9 2.5 0.05 29.09 0.44 0.42 73.5 1.25 1.5 23.5
Standard deviation (σ) 79.66 29,177.15 1.45 0.30 203.87 1.97 1.83 242.53 10.23 14.92 32.14
Standardized (Zi) −0.173 −0.765 1.033 −0.169 7.333 −0.224 −0.229 −0.303 −0.122 −0.101 −0.420
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finding the mean value (μ) and standard deviation (σ), then multi-
plying the Zi with the standard deviation (σ) and adding it to the
adjusted mean (μ), resulting in Eq. (2) (Nkikabahizi et al. 2022)

Zadj ¼ μþ ðσ × ZiÞ ð2Þ

ZV ¼ Zi þ ð1 − ZminÞ ð3Þ

The rescaling is formatted by fixing the minimum values (Ismail
Bin and Dauda 2013; Schwab et al. 2020). This is done by setting
the minimum value at 1 which is done by subtracting the minimum
standardized value (Zmin) from 1 then adding it to the initial Z score
(Zi) in the category gives our resulting adjusted Z vulnerability
value (ZV ), shown in Eq. (3). This will change the mean from 0
for the category to what value is needed to add to change the mini-
mum standardized value to 1. Table 5 indicates the value transfor-
mation from standardization to the adjusted value (ZV ) continued
from Table 4.

The parameter minimum, which gives the value by which the
scale will need to be adjusted, will give the change needed to each
variable to get the minimum to 1. The amount of change needed
for all is reflected by the adjusted mean, which was originally 0
from the standardization. This adjustment can be seen based on the
values in the category that change the standardized value to the Z
vulnerability value. Therefore, in Table 5, the resulting ZV shows
the severity of that location’s attributes in comparison to the rest.
The minimum value, which means that the attribute is not repre-
sented in a location, is reflected by a “1” for the ZV . As we can
see in Table 5, values above 1 would reflect that that metric is
present at the debris location and would increase the location’s se-
verity value. The more the value increases, the higher the location’s
severity. In the example, we can see that the airport would be a
much more impactful value, making the debris in that location more
detrimental, possibly due to a limited number of airports, and more
so than the AADT with a low severity value reflecting that it is a
low-trafficked road.

Phase 4: Outcome

The vulnerability value (VVi) of an instance is then calculated
based on the aggregation of all its variables that have now been
standardized to show its categorical severity. The vulnerability
value VVi implies a composite index consisting of three dimen-
sions (physical, infrastructure, and environmental) to monitor the
severity of the vulnerability of all instances in a community or state
postdisaster to facilitate data-driven decision-making. Therefore,
the proposed VVi can be implemented to present the volatility of
the disaster.

The geometric mean uses the process of multiplying all values
together and taking the nth root of the result (Das et al. 2019) to
develop the VVi. This process will be used in combining the trans-
formed metrics within a dimension, as well as combining the di-
mensions of an instance [Eq. (2)]. The resulting mean signifies the
central tendency of the set of numbers by finding the product of
their values. This allows for the reduction of compensation among

the other dimensions but allows for decision makers to trace roots
of the normalized attributes (Bhattacharyya et al. 2021; Jeon et al.
2021). These are the given advantages compared with using other
methods such as the arithmetic mean. Cross comparison of catego-
ries using the geometric mean can skew data, but in the case of
normalized metrics, the aggregation preserves the scaled severity of
each instance in comparison with the sample population (Barzilai
et al. 1992). With needing for a proprietary measure to place greater
weight on a single dimension, the geometric mean formula was
altered to fit the criteria evaluation required, shown in Eq. (4)

VVi ¼ P × ðC1 × C2 × EÞ1=3 ð4Þ

The VVi is used to calculate the severity of vulnerability of an
individual instance. This equation acts as a representation of each
dimension, or parameter for larger dimensions, in the calculation of
risk severity of a location. Each part of the formula represents the
summation of attributes of each dimension, with physical repre-
sented by P, both parameters of the infrastructure dimension rep-
resented by C1 for civil and C2 for civic, and the environmental
dimension represented by E. With the physical P being the focus
attribute used for evaluation in this example, the formula is struc-
tured so it has a greater weight than the others on the calculation.
The VI will serve as the primary aggregation metric of severity of
the vulnerability of a location’s attributes.

From the example outcomes found in Table 6, the VI would be
established by summing the normalized value of Polygon 1. Using
Eq. (4), the resulting formula for Polygon 1 to establish its VVi is

ð2.632Þ × ðð1.079 × 3.754 × 1 × 8.475Þ1=4
× ð1 × 1 × 1 × 1 × 1Þ1=5 × ð1ÞÞ1=3 ¼ 1.506

The resulting vulnerability value is 1.506. In comparison with
the other observed values, this would reflect as the third most se-
vere vulnerability and location, with Polygon 2 being the most
severe at 2.125, and Polygon 5 being the least severe at 0.9.

Point heatmap and grid heatmap use two types of data visuali-
zation, the first showing the severity of a singular metric, and the
second by use of the vulnerability values. The point map is used to
show the severity of a single attribute in comparison to the rest of the
population by displaying the severity per instance (Chen and Yang
2020). This provides the most accurate geographical representation
of the data and its severity in an area as shown by Fahad et al.
(2022). The grid heatmap is divided by a set area to highlight
regions within an evaluation area that may be affected differently
than the surrounding. By combining all normalized attributes and
dividing locations into a grid, the attributes inside each grid can be
combined to find which zone was more affected, much like the
point heatmap (Flenniken et al. 2020). The grid heatmap can also
represent which metric may be affecting an area disproportionately
high, as well as display an outlier subregion that may not be seen by
looking at individual locations (Liu et al. 2021).

Clustering is the process of identifying similar groups of vari-
ables on selected attributes. It acts as a similarity measure by defin-
ing the number of groups (k) that will then define each grouping of

Table 5. Example rescaling [adjusted Z vulnerability layer (ZV )]

Parameter Volume AADT Bridge Congestion Airport EMT Fire School Police Hospital Toxicity

Standardization −0.173 −0.765 1.033 −0.169 7.333 −0.224 −0.229 −0.303 −0.122 −0.101 −0.420
Metric minimum value (Zmin) −1.805 −0.844 −1.721 −0.169 −0.143 −0.224 −0.229 −0.303 −0.122 −0.101 −0.420
Adjusted mean 1 − (Zmin) 2.805 1.844 2.721 1.169 1.143 1.224 1.229 1.303 1.122 1.101 1.420
Z vulnerability value (ZV ) 2.632 1.079 3.754 1.000 8.475 1.000 1.000 1.000 1.000 1.000 1.000

Note: Bold values represent the finalized values used for the vulnerability calculation.

© ASCE 04024019-8 J. Manage. Eng.

 J. Manage. Eng., 2024, 40(4): 04024019 

 D
ow

nl
oa

de
d 

fr
om

 a
sc

el
ib

ra
ry

.o
rg

 b
y 

Pu
rd

ue
 U

ni
ve

rs
ity

 L
ib

ra
ri

es
 o

n 
05

/2
5/

24
. C

op
yr

ig
ht

 A
SC

E
. F

or
 p

er
so

na
l u

se
 o

nl
y;

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



instances by like-attribute severity. Although prioritization serves
the purpose of showing severity, in many cases the optimal format
is to group instances by like characteristics (Charrad et al. 2014).
The chosen method for grouping and ranking the severity of a
location is based on HCA. HCA was chosen for the clustering de-
sign, which is shared with other methods like k-means clustering,
is less susceptible to outliers, and provides a hierarchical rank
(Violán et al. 2018).

When performing HCA, there are three primary attributes to be
determined that are used to define the clusters and their relations:
(1) the distance method, (2) the linking method, and (3) the num-
ber of clusters. The distance method uses dissimilarities in the
individual attributes of a location to determine the distance be-
tween objects (instances) when forming clusters (Saraçli et al.
2013). The distance represents how much the two instances differ,
shown on a dendrogram by being farther away and having a
higher distance value, or how much their characteristics are alike
by being closer with a lower difference in distance value. The link-
ing method then uses dissimilarities among attributes in groups
to calculate how much attributes differ from other instances by
finding how much each location’s variables differ; this determines
the clusters for the clustering hierarchy (Murtagh and Contreras
2011). There are multiple methods for each distance and linking
method, but they often require changing based on the variance and
type of data (Nielsen 2016). The distance and linking chosen here

will be by which combination of methods provides the highest
cophenetic correlation coefficient, which shows the goodness of
fit for the cluster, based on the linking and distance combination
(Saraçli et al. 2013; Carvalho et al. 2019). This method allows
for the best distance and linking methods to be used to link the
variables, giving the best possible fit for the division of attributes
into clusters.

The third attribute used to define the clustering is the number
of clusters (k). There are five classes used (k ¼ 5) in this pro-
cess based on FEMA’s five-tier severity ranking shown in Fig. 4.
By changing the number of clusters, the outcome will still group
into the desired number of clusters by which attributes share like
characteristics and severity. This is represented with a spectral color
palette reflecting the least severe to most severe values: blue, green,
yellow, orange, and red (FEMA 2020a).

The clusters are represented by a dendrogram, shown in Fig. 5
which uses a tree to show the closeness of relation between instan-
ces. The lower the difference in distance value of two given branch
heights, the closer the two instances are related (Forina et al. 2002).
As can be seen in Fig. 5, when clustering instances, the dendrogram
is grouped by tracing the branches down to divide where the group
can be split into two different clusters. This can be traced down
until the needed number of clusters is reached. In the case of creat-
ing the next set of clusters, the first cluster is split, and the assign-
ment is removed as shown by the asterisk. The next closest branch
moving down the tree would define the next two clusters.

A dendrogram heatmap is a representation of the data’s attrib-
utes in a clustered format (Gu 2022). This is used to cluster each
location into classes, as defined by the user matrix, so that groups of
locations with similar characteristics can be identified. This also
allows for the evaluation of the location’s severity by individual
metric category, allowing for the identification of the instance’s

Table 6. Example transformed data

Polygon Volume AADT Bridge Congestion Airport EMT Fire School Police Hospital Toxicity VV

1 2.632 1.079 3.754 1.000 8.475 1.000 1.000 1.000 1.000 1.000 1.000 1.506
2 2.644 3.625 3.754 1.000 1.000 3.543 1.000 1.000 1.000 1.000 1.000 2.125
3 2.657 4.458 2.377 4.381 1.000 1.000 1.000 1.000 1.000 1.000 1.000 2.056
4 2.770 1.111 3.754 1.000 1.000 6.086 1.000 1.000 1.000 1.000 1.000 1.171
5 3.360 1.111 2.377 1.000 1.000 6.086 1.000 1.000 1.000 1.000 1.000 0.900

Fig. 4. FEMA severity matrix. (Reprinted from FEMA 2020a.)

Fig. 5. Example dendrogram.
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metrics risk (Gu et al. 2016). An example of this including the use
of the dendrogram is given in Table 7. The heatmap’s dendrogram
is shown on the left Y-axis, with one row representing the metrics of
a debris location. Using the color scale to reflect their categori-
cal severity, the metric category is represented on the X-axis. This
shows the transformed data that led to the attribute severity types
showing locations with like attributes. The proposed heatmaps will
incorporate and display all metrics into a heatmap to allow effective
and efficient planning by entities responsible for emergency co-
ordination as shown in de Brito Neto (2015). In this research,
the three heatmaps provide decision makers varying formats for
viewing the data, according to operational needs. As given in
Table 7, the features and outcomes of the maps have different pur-
poses, such as the analysis of categorical severity in the dendro-
gram map versus the location severity in the point and grid
maps. The heatmaps also show similar data in varying formats
as shown by the grid and point heatmap, allowing each to suit
the situational needs of the user.

Data collection and processing of increasingly large and com-
plex data sets pose a difficulty in how decision makers are to un-
derstand and use the information (Gu 2022). Data visualization
provides a platform for a greater understanding of a data set’s char-
acteristics (e Silva et al. 2021). A heatmap, as a result, provides
decision makers with greater means of data visualization for an
affected community. This visualization presents data in a way that
can be used to find the most severe individual locations, outliers,
patterns, isolated high-impact areas, and attributes with the greatest
effect.

This research provides not only visualized heatmapping, but
also indexing by way of the VI. The VI is a tool used to aggre-
gate and display data to find trends, projections, patterns, and
dynamics (Naderpajouh et al. 2016; Yoon et al. 2021). The vul-
nerability index is defined by two attributes: (1) vulnerability value;
and (2) clustering. Eq. (6) indicates the formation of the vulnerabil-
ity index

Debris Vulnerability IndexðVVi;CÞ ð5Þ
The vulnerability value (VVi) is a composite value combining

all metrics with all dimensions using the geometric mean. The se-
verity is represented by way of the vulnerability value, which acts
as the key metric for prioritization. This acts as a clear indicator for
comparison of the vulnerability of all debris locations. The cluster-
ing (C) indicates the cluster assigned to the instance. HCAwas con-
ducted to create the clustering so that groupings of similar locations
can be identified. When paired with the VV, this will allow deci-
sion makers to see the most vulnerable locations by similar types.
Combining both metrics in one index allows decision makers a
clearer representation of priority in a more direct format.

Case Study

The proposed framework was applied to the case of Hurricane
Harvey in Texas to validate the methodology process. The valida-
tion was mainly performed with two processes: (1) a volume

analysis of collected data, and (2) a simulation of the process
on a more complex area containing all attributes. The locations
of the case study take place in two areas of southeast Texas on
the Gulf of Mexico, (1) Holiday Beach; and (2) Corpus Christi.

The scope of evaluation for the case study consisted of ap-
proximately 3 km2 (2 mi2) of the Holiday Beach community and
129 km2 (80 mi2) of Corpus Christi. Additionally, Table 8 displays
the estimated total amount of area impacted, population affected,
debris generated, and cost of removal and repair of Hurricane
Harvey’s total damage and its impact on the scope area. The
total damage cost of Hurricane Harvey is estimated at USD
125,000,000,000, while USD 12,000,000 is estimated for Corpus
Christi and USD 587,294 is estimated for Holiday Beach.

Phase 1 and Phase 2: Metrics

The research applied the three dimensions (physical, infrastructure,
and environmental) in Phase 1. UAV mapping missions were con-
ducted after Hurricane Harvey in Phase 2 to collect the data and
establish the proposed metrics. Harvey affected south-central Texas
from August 25 to 29, 2017, and Holiday Beach was directly hit on
August 26, 2017. For the UAVmission, we had to consider weather
conditions and postdisaster issues, such as potential public health
problems caused by floods, accessibility to Holiday Beach, and lo-
cal security. After addressing all the issues of accessing Holiday
Beach surrounding safety and objective, data collection began
2 weeks postdisaster by the Texas A&M, Corpus Christi team.
UAV data of the Holiday Beach area were taken in monthly incre-
ments of the area to quantify debris volumes. A DJI Phantom 4
(Holiday Beach, Lebanon) was used to capture the data at a flight
altitude of approximately 61 m (200 ft) above ground. The poly-
gons outlining the debris locations were added manually and evalu-
ated for volume as shown in Fig. 6. The physical dimensions of
Holiday Beach were then applied to the Corpus Christi area. Using
QGIS’s randomized point generator, randomized volumes scaled to
the same distribution as Holiday Beach were used in the case study.
Fig. 7 displays two maps that act as the GIS representation of the
physical dimension. The two maps shown represent (A) Holiday
Beach Heatmap of Debris Volume and (B) Corpus Christi Physical
Layer. As can be seen from Fig. 7(a), the Holiday Beach Heatmap
of Debris Volume was calculated for the location. Fig. 7(b) shows
the result of the simulation of the physical layer in Corpus Christi,
where the debris points were distributed randomly throughout the
evaluation area. This acts as the basis for points of contact for the
application of the other dimensions.

The civil and civic parameters of the infrastructure dimension
represent metrics of the community needed to provide aid. The civil
data were taken from the Texas Department of Transportation’s
(TxDOT’s) open data portal (TxDOT 2022). Each metric was indi-
vidually grouped and needed to be packaged into a single layer as
shown in Fig. 8. A buffer was applied to ensure the region covered
all access points and was expanded around roadways and critical
infrastructure points. The civic portion of the infrastructure dimen-
sion utilized OpenStreetMap (OSM) locations to find the locations
of each metric in Corpus Christi. By using the characteristics, such

Table 7. Disaster area information

Area Area (km2) Population Debris estimate (m3) Damage costs (USD)

Hurricane Harvey 37,014 (Blake and
Zelinsky 2018)

738,000 (Amadeo
2019)

152,910,971 (Amadeo
2019)

125,000,000,000
(Blake and Zelinsky 2018)

Corpus Christi 259 (USCB 2020) 317, 863 (USCB 2020) 344,050 (FEMA 2019) 12,000,000 (FEMA 2019)
Holiday Beach 3 (USCB 2010) 514 (USCB 2020) 52,854 (TCS 2017) 587,294 (TCS 2017)
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Table 8. Results of standardization

Transformation Polygon Volume AADT Bridge Congestion Airport EMT Fire School Police Hospital Toxicity

Raw data 6,339 193 3,230 2 0 0 10 0 0 0 0 10
13,456 119 8,384 2 2 0 0 0 0 0 0 10
22,647 136 76,597 4 0 0 5 0 0 0 0 10
49,037 102 41,820 2 0 0 0 0 0 100 0 10
57,924 125 43,210 2 0 0 9 0 0 0 0 10
60,509 262 3,230 2 0 0 10 0 0 0 0 10
69,444 135 2,310 4 0 1,524 0 0 0 0 0 10

103,651 44 40,090 2 0 1,385 0 0 0 0 0 10
108,046 146 3,230 4 0 0 10 0 0 0 0 10
112,311 137 100,900 2 1 0 0 0 0 0 0 10

Standardization
Zi ¼ ðx − μÞ=σ

6,339 0.555 −0.733 −0.344 −0.169 −0.143 4.862 −0.229 −0.303 −0.122 −0.101 −0.420
13,456 −0.374 −0.556 −0.344 6.592 −0.143 −0.224 −0.229 −0.303 −0.122 −0.101 −0.420
22,647 −0.160 1.782 1.033 −0.169 −0.143 2.319 −0.229 −0.303 −0.122 −0.101 −0.420
49,037 −0.587 0.590 −0.344 −0.169 −0.143 −0.224 −0.229 −0.303 9.651 −0.101 −0.420
57,924 −0.299 0.637 −0.344 −0.169 −0.143 4.353 −0.229 −0.303 −0.122 −0.101 −0.420
60,509 1.421 −0.733 −0.344 −0.169 −0.143 4.862 −0.229 −0.303 −0.122 −0.101 −0.420
69,444 −0.173 −0.765 1.033 −0.169 7.333 −0.224 −0.229 −0.303 −0.122 −0.101 −0.420

103,651 −1.315 0.530 −0.344 −0.169 6.651 −0.224 −0.229 −0.303 −0.122 −0.101 −0.420
108,046 −0.035 −0.733 1.033 −0.169 −0.143 4.862 −0.229 −0.303 −0.122 −0.101 −0.420
112,311 −0.148 2.614 −0.344 3.212 −0.143 −0.224 −0.229 −0.303 −0.122 −0.101 −0.420

Scaling
ZV ¼ Zi þ ð1 − ZminÞ

6,339 3.360 1.111 2.377 1.000 1.000 6.086 1.000 1.000 1.000 1.000 1.000
13,456 2.431 1.287 2.377 7.761 1.000 1.000 1.000 1.000 1.000 1.000 1.000
22,647 2.644 3.625 3.754 1.000 1.000 3.543 1.000 1.000 1.000 1.000 1.000
49,037 2.218 2.433 2.377 1.000 1.000 1.000 1.000 1.000 10.774 1.000 1.000
57,924 2.506 2.481 2.377 1.000 1.000 5.577 1.000 1.000 1.000 1.000 1.000
60,509 4.226 1.111 2.377 1.000 1.000 6.086 1.000 1.000 1.000 1.000 1.000
69,444 2.632 1.079 3.754 1.000 8.475 1.000 1.000 1.000 1.000 1.000 1.000

103,651 1.490 2.374 2.377 1.000 7.794 1.000 1.000 1.000 1.000 1.000 1.000
108,046 2.770 1.111 3.754 1.000 1.000 6.086 1.000 1.000 1.000 1.000 1.000
112,311 2.657 4.458 2.377 4.381 1.000 1.000 1.000 1.000 1.000 1.000 1.000
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as facility type or capacity, a buffer was set around all locations
acting as the impact region, shown in Fig. 8.

The environmental dimension uses the toxicity numbers of the
SCDM to establish the impact region of the environmental layer
(EPA 2022). Hazard registry information is held by government
officials and is not available for outside use. Therefore, a random
point generator was used to add locations for the simulation, shown
in Fig. 8. Values were randomly assigned, based on a right skew,
and a buffer that acts as the impact region was added based on the
toxicity value.

Phase 3: Transformation

The purpose of the transformation is to prepare the data in its raw
format to a representation that can be used for analysis by the vul-
nerability value equation. The transformation process consists of
two processes: (1) standardization; and (2) scaling. The standardi-
zation is transformation of raw values to a standard value on the
same scale (Z-score). Scaling is the process of moving the repre-
sented data to a new set of values but maintaining the integrity of
the data, so it represents the same data. Fig. 9 indicates a part of the
results of the standardization and scaling process. The columns in
Fig. 9 represent the metrics used for evaluation. Table 8 indicates a
part of the result of the standardization and scaling process. The
columns in Table 8 represent the metrics used for evaluation.
The rows represent the three steps of the transformation process:
(1) raw Data, (2) standardization, and (3) scaling. The raw data
show 10 debris locations from the simulation and their associated
metric values. The standardization of the raw data was performed
by using Eq. (1), standardizing the raw data values by Z-score.
Scaling the attributes further by using Eq. (3), the data were re-
scaled to set the minimum value of each metric category to 1, show-
ing the increasing severity of metrics with greater values.

As can be seen from Fig. 9, it is revealed that the transforma-
tion process applied to 10 instances from a larger data set and how
the values are affected. These data are to be used in the process
to evaluate and combine the data by vulnerability value. The VV
score, as shown by Eq. (4), uses the geometric mean. Due to the
calculation of a geometric mean, transformation is needed to set

null values of metrics found in locations to a value that does not
affect the result. The calculation also requires the implementation
of a standard in the evaluation of metric comparison so there is a
standard set for the comparison of metric severity; this is done by
standardization. In the scaling process, the values are adjusted to
represent the data set while setting the minimum value at 1. This
result can be seen more clearly by comparing the transformed val-
ues in the scaling section to the initial values in the raw data section.
Therefore, this outcome value is the base that provides the values to
calculate the VV, which is then reflected further through visualiza-
tion by heatmapping and indexing of the locations to rank and clus-
ter for the outcome.

Vulnerability Layers are used to combine all dimensions to form
a cohesive GIS map, that contains the data and can then be used for
the analysis process, shown in Fig. 9. This is the outcome of the
GIS tool (QGIS) used to overlay the data collected for evaluation.
Its purpose is to create a virtual representation of the data so that
geospatial attributes, primarily location, can be used to find the
points of interaction. Shapefiles were used to create the virtual rep-
resentation while also containing the physical attribute data.

Each layer was constructed in GIS, giving the attributes a virtual
representation. This process is where the virtual layers are com-
bined to find if a debris location contacts any attribute found in
the other layers (Fig. 8). Any resulting contact is reflected by ap-
plying that metric to the debris location (polygon). Additionally,
in Fig. 7 there are more than 130,000 debris locations represented
by the black dots. Each time another attribute, shown by the colored
shapes, comes into contact with a debris location, its data are added
to the debris location’s shapefile attributes. This is the visual out-
come that comes alongside the process of combining the data, rep-
resented in Fig. 9.

Phase 4: Outcome

The outcomes of the debris management with vulnerability heat-
map are (1) the development of VV to measure the severity post-
disaster, and (2) visualization of the vulnerability by providing
heating maps (dendrogram heatmap, point heatmap, and grid heat-
map). Fig. 10 shows the result of the simulation heatmap of the case

Fig. 6. Heatmap summary table.
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study. The point heatmap shows individual locations represent-
ing the VV in Corpus Christi. The study allows five classes used
(k ¼ 5) based on FEMA’s five-tier severity ranking, including blue,
green, yellow, orange, and red (FEMA 2020b). Red indicates high
severity, while blue indicates low severity of the VV. The grid heat-
map represents the zone-based VV in Corpus Christi. The heatmap
implies severity values in a 100 × 100 m zone compiled to show
zone severity. The severity is expressed in color as shown in the

point heatmap. Additionally, the grid map serves a similar function
to the point map by displaying the same data but aggregated further.
This visualization method works for the evaluation of the data in a
way that shows areas of greatest need and helps reduce the effect
of outliers.

The VI is the final deliverable to show not only the vulnerability
postdisaster (vulnerability value) but also location categorization
(cluster). The clustering is visualized by the dendrogram. Fig. 11

Fig. 8. Individual layer results. (Base map © OpenStreetMap contributors.)

Fig. 7. Physical layer for case study: (a) Holiday Beach heatmap of debris volume; and (b) Corpus Cristi physical layer. (Base map ©OpenStreetMap
contributors.)
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Fig. 9. Combined layers. (Base map © OpenStreetMap contributors.)

Fig. 10. Simulation heatmap results. (Base map © OpenStreetMap contributors.)
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shows the VI in use, displaying results of the transformed data from
Fig. 9 after being valued and clustered. As can be seen in Fig. 11,
each polygon shows the different VVand cluster of the sample. The
dendrogram heatmap is a visualization technique used to display
the information developed by the clustering process. Due to the
total case study having more than 130,000 debris locations, a ran-
dom sample of 100 locations is shown on the map in which the
10 sample locations were taken. Each category shows individual
metric severity in comparison with the same metric type of other
locations. With every instance having a volume indicating the pres-
ence of debris, the most variation can be seen in the leftmost col-
umn of the dendrogram heatmap in Fig. 11. This map offers insight
into metrics that disproportionately affect an area of analysis, but
more so offers insight into which locations are clustered and share
the most similar characteristics.

Based on the results found in Fig. 11, Polygon (instance) 49,037
is the most severe. Along with this, we can see that Cluster 1 con-
tains the most severe values and would be the group of highest
priority. An analysis of the Dendrogram Group 1 shows the most
severe and varied volume and AADT values, which would be the
like attributes that cause them to be clustered together. Clusters 4
and 5 are also similar, being primarily school and toxicity based.
Cluster 3 only contains one location but is the only location with
debris impeding an airport. This would allow for the removal of
types of locations based on priority in this case starting at Polygon
49,037, then moving to 112,311, 60,509, 13,456, and last 6,339.
This will allow decision makers to better equip removal teams and
coordinate operations for removal and prioritize based on situa-
tional needs.

Limitations

Limitations of this research are present. This includes a lack of data,
due to the small community mapping (data gathering) and low
complexity of the area evaluated, the surrounding environment,
and attributes from the other dimensions. The low data and com-
plexity is the purpose of testing the complete framework and all
dimensions on the larger and more complex nearby city of Corpus
Christi. The second limitation stems from the operation of man-
ually adding debris locations. Depending on the size of the region
being evaluated without the aid of automation, the time required for
data collection and processing could be extensive, depending on the
level of detail desired. Due to the restricted nature of some registries
needed for this study, a randomized format is used for the physical
and environmental dimensions. The process and results of the data
using the registries should not differ from the case study.

Conclusion

All communities fall at risk of the occurrence of a disaster hin-
dering its ability to function. As shown a pre-disaster plan can
greatly decrease the hindrance of debris on a community's ability
to function. To aid in the post-disaster response to a community,
the speed of removal has shown to have a direct impact on the
safety of a community’s citizens, its environment, and overall
function. Pre-disaster planning has been shown to increase the
effectiveness of the response phase, but with current deficiencies
surrounding protocol, improvements to the current debris priori-
tization and removal process are needed to further aid the removal
process. The purpose of the framework's systematic procedure is
to aid in unifying the disaster response guidelines constructed by
agencies that define best practice, and research that outlines in-
novation and areas of improvement. This framework was needed
to create a platform for decision-makers in complex situations
and give a resource to reduce decision-making and resource
management.

The implementation of the three dimensions allowed for
greater definition in the design of a disaster protocol and the ac-
cumulation of metric data. This also allows for a flexible metric
system that can be readily adapted. Through the use of UAV and
GIS mapping to derive data from existing resources, the transfor-
mation metrics allowed a user to cluster and prioritize locations.
By applying the framework to areas such as those affected by
Hurricane Harvey, the results showed the desired outcome of
debris valued based on the formulated level of priority, with
the visualization as intended. The results of the case study sim-
ulation show that the processing of an area and the effectiveness
of evaluation of the area are consistent with the expected outcome
established.

By evaluation of the VI from the sample of the 130,000 debris
locations, represented in Fig. 11, shows that location vulnerabil-
ity value is a good measure of severity based on polygon metrics.
This is shown by location (polygon) 6339 being the least severe
with a score of 0.900 and location 112311 as the most severe at
2.056. With this, clustering is also shown as a valuable means of
organization. This is shown by the dendrogram in Fig. 11 group-
ing locations with similar metrics present being classed into the
same cluster. Cluster 1 is the largest and primarily shows Volume
and AADT metrics present, with Cluster 2 being the second larg-
est and similar to Cluster 1 but including sever bridge metrics.
This can be seen in all 5 clusters with all locations in each show-
ing similar characteristics differentiating each cluster from the
others.

The resulting Vulnerability Index provides a resource to
decision-makers for greater information in a direct format that al-
lows for improved decision-making in simple or complex environ-
ments. The three heatmaps developed and the available range of
data visualization capabilities within each will allow decision-
makers to make more effective decisions at a faster rate, allowing
more focus on higher-impacted locations. This is accomplished by
establishing severity values of metrics in each dimension and com-
bining those for analysis of vulnerability and clustering.

The framework is meant to act as a base for a decision-maker
that will work in any location and can be easily tailored to decision-
makers needs by way of attribute expansion of metrics or clustering
by different methods such as by layer or severity. Since all but the
physical data is available pre-disaster, the only action to perform
post-disaster is data collection and evaluation of the physical di-
mension. This process also serves as a platform for future research
utilizing route optimization, temporary debris management site se-
lection, and social media analysis. The improvements to the debris

Fig. 11. Vulnerability index result.
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removal process are established by a standardized framework to be
applied to decision-making processes. In quantifying and ranking
the severity of debris, stakeholders can focus on key dimensions
that result in both clearer information and a reduced need for less
important decision-making. The resulting heatmaps and index al-
low decision-makers to view and interpret the data in a variety of
ways and to key in on areas that may be more heavily affected.
They also allow for support systems to operate in a more effective,
efficient, and safe manner during the response process, improving
the disaster response scenario and, specifically, directly impacting
the response phase of disaster relief.

Data Availability Statement

Some or all data, models, or code that support the findings of this
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