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Abstract

The COVID-19 pandemic as well as other recent disasters have
prompted an impressive, worldwide response by governments, indus-
try, and the academic community. A newfound willingness both to
share information and to improve transparency in sharing information
has played a role in the success of these responses. In this article we
examine the landscape of health-related, environmental, and aerospace
disasters; and a framework consisting of a set of dimensions is developed
to characterize the landscape. A sample of projects is presented to il-
lustrate best practices and lessons learned for tasks such as search, data
description, interoperability and harmonization of the increasingly large
data sources that are relevant to disasters. It was found that there are
many cross-domain linkages between the information resources needed
for responding to different kinds of disasters, which offers opportunities
for the reuse of information resources.

1. Introduction

THE UNITED NATIONS OFFICE FOR DISASTER RISK REDUCTION
(UNDRR) defines a disaster to be “a serious disruption of the functioning
of a community or a society at any scale due to hazardous events interact-
ing with conditions of exposure, vulnerability and capacity, leading to one
or more of the following: human, material, economic and environmental
losses and impacts” (UNDRR, 2022). The International Federation of Red
Cross and Red Crescent Societies (IFRC) adds the requirement that the
disruption must exceed the capacity or willingness of a community or soci-
ety to cope using its own resources (IFRC, 2022). By the IFRC definition,
an emergency would not be a disaster if the community or society has the
capacity and willingness to cope. While preventing all possible disasters is
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not possible, one can reduce disaster risks either by addressing the under-
lying causes of the emergencies that can result in disasters or by ensuring
that there are adequate resources and plans for coping with foreseeable
emergencies to prevent them from becoming disasters (by the IFRC defini-
tion). Information is fundamental to either way of reducing disaster risks;
indeed, one can argue disasters are nearly always the result of a failure of
information (West, 2022). When a disaster has occurred, information is
necessary for managing the disaster.
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Figure 1: Pictorial Representation of the Landscape of
Kinds of Disaster (Ravi Sharma)

New technologies, better sensors and greater willingness to share
data have increased the quantity and complexity, as well as the timeliness,
of information in general, and of information that is relevant for disaster
risk reduction and disaster management in particular. As a result of the
increase in volume, complexity, and creation speed of data, we increasingly
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rely on computational support to deal with data. The Findability, Ac-
cessibility, Interoperability, and Reuse (FAIR) principles are guidelines to
ensure that data is machine-actionable with minimal or no human interven-
tion (GO FAIR, 2022). The FAIR guidelines require data to be described
with rich metadata, and both data and metadata must conform to the
FAIR principles. However, to make data FAIR whilst preserving them over
time requires trustworthy digital repositories with sustainable governance
and organizational frameworks, reliable infrastructure, and comprehensive
policies supporting community-agreed practices. The Transparency, Re-
sponsibility, User focus, Sustainability and Technology (TRUST) princi-
ples were collaboratively developed and endorsed by the digital repository
community for the purpose of providing a common framework to facilitate
discussion and implementation of best practice in digital preservation by
all stakeholders (Lin, D., Crabtree, J., Dillo, I. et al., 2020). Semantic
technologies (also called knowledge organization systems) can be useful for
coping with the variety of sources and types of information by meaning-
fully harmonizing data from diverse sources and by aiding interoperability
of systems for disaster risk reduction as well as disaster management sys-
tems helping to ensure that data and metadata satisfies FAIR and TRUST
principles. Semantic technologies can range from simple taxonomies to for-
mal ontologies. An ontology encompasses a representation, formal naming,
and definition of the categories, properties, and relations between the con-
cepts, data, and entities that substantiate one, many, or all domains of
discourse.

In this article we begin by developing a framework for the dimensions
that define disasters. A pictorial representation of the framework is shown
in Figure 1. While disasters have many common features and generally
follow similar lifecycles, there are differences that influence the kinds of
technologies that are best suited to risk reduction and management. This
is especially the case for ontologies, and we discuss the issues and make
recommendations in Section 2.

The disaster that has generated the most public attention in recent
times is the COVID-19 pandemic. The COVID-19 pandemic has had a
massive impact on the world, in terms of human toll — economically, socially,
politically and scientifically. Section 3 is devoted to pandemics with special
attention to COVID-19.

There is a very wide range of environmental disasters. The most
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prominent are climate change, wildfires, and floods. Section 4 discusses
environmental disasters and the issues that they raise. Aerospace and mar-
itime disasters are considered in Section 5.

In Section 6, we present a representative sample of projects that
have developed and use semantic technologies and ontologies for disaster
monitoring and management. The projects illustrate the usefulness of se-
mantic technologies such as ontologies for many purposes as well as provide
lessons for developers who need to respond to hazards, emergencies and
other disruptions.

2. Disaster Framework Dimensions

Disasters can be characterized by a number of dimensions. We or-
ganized the dimensions using the basic question words whose answers are
considered foundational for information gathering, problem solving, defin-
ing an enterprise, or establishing a context (Baclawski et al, 2020b; Bennett,
2021). The questions are shown in Figure 2. In addition, we included some
dimensions that are relevant to disasters: risk, severity, and supply chains.
Finally, the degree to which any data or metadata conforms to FAIR and
TRUST principles is an important dimension.

Whence. The first question is concerned with the origin or cause of
a disaster. This is more subtle than it might seem. For example, it seems
obvious that since the COVID-19 disease is caused by the SARS-CoV-2
virus, the COVID-19 pandemic was caused by this virus. However, that
misrepresents the full lifecycle situation. At its initial stages, a pandemic
begins as a local health emergency. The emergency can then progress to a
local epidemic, and only when it spreads uncontrollably does it emerge as
an epidemic or pandemic. The same is true for disasters in general; a risky
situation may emerge as an emergency, becoming a disaster only when it
can no longer be managed using available resources and plans. The inade-
quacy of available resources and the subsequent need for outside assistance
that is more properly a necessary ingredient or cause of a disaster. The
lack of available resources, in turn, is generally the result of an information
failure due to poor communication, insufficient adequate knowledge, lack of
access to relevant information, or other information failures (West. 2022).
Accordingly, information is fundamental to understanding the cause of a
disaster as well as how best to respond to it. Resources such as ontologies
can play an important role in structuring information relevant to a disaster
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Figure 2: The basic questions (Baclawski et al, 2020b)

so that it can be correctly searched for and employed as required by the
FAIR principles.

What. This dimension is concerned with the specific details of
the disruption. From an ontological perspective, this is the domain of the
disaster. The biomedical domain is especially important because of the on-
going COVID-19 pandemic as well as pandemics in general that have wide-
ranging impacts on virtually everyone as discussed in Section 3. There are
other aspects of health that can also have significant impact on the well-
being of people, including nutrition and trauma (West, 2022; Fox, 2022;
Dougherty, 2022). The environmental domain is another important source
of disasters that have the potential for global impact. Climate change is
a global emergency that has the potential to be a major disaster on many
fronts; indeed, climate change is already having disastrous effects. Other
environmental disasters include wildfires, floods (both of which are related
to climate change), earthquakes, and volcanic eruptions. See Section 4.
Monitoring the environment makes use of many types of sensors. Satel-
lites are critically important for environmental sensing and are increasingly
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important for many essential services such as internet communication and
navigation as discussed in Section 5. Large constellations of satellites have
now been deployed and are continuing to be deployed that have their own
vulnerabilities and potential for disasters. Outer space beyond the immedi-
ate vicinity of Earth is yet another source for potential disasters, affecting
communications from space weather-driven solar flares as well as losses
from potential asteroid and comet impacts (Hull, 2022).

Why. An explanation is the answer to the question “Why?” as well
as the answers to follow-up questions such as a request for technical details.
Accordingly, explanations generally occur within the context of a process,
which could be a dialog between a person and a system or could be an
agent-to-agent communication process between two systems (Baclawski et
al., 2020a). Explanations and justifications are important during all stages
of a disaster. Prior to a disruptive event, planning requires the allocation
of resources, and explanations are necessary to make a convincing case.
When an emergency is developing into a potential disaster and after the
emergency has resulted in a disaster, explanations are needed for raising
awareness to prevent the disaster or to recover from it. The words, phrases
and metaphors used for the explanations will determine the narrative, and if
poorly chosen can hinder responses. For example, if the cause of a pandemic
is perceived as being an infectious disease, then people will use a “war”
metaphor in which the infectious agent is regarded as the “enemy” that
must be “fought” and “defeated”. In fact, a pandemic is better regarded as
being the result of issues such as human behavior and information failures,
which are better described using very different terminology and metaphors.

How. By definition, “how” is concerned with the way something
is done or happens. A complex event happens in a progression of stages
called its lifecycle. The lifecycle of a disaster can be divided into stages:
inactivity, onset, occurrence, recovery. The occurrence stage, such as in
a wildfire, is generally referred to as “the disaster”. The onset progresses
through various levels of severity leading up to the point where it is clear
that a disaster is in progress. The occurrence stage can have more than one
“wave” as the severity waxes and wanes. In practice, the division between
the various stages of a disaster will only be known in retrospect and will
differ from one region to another. Disaster management also has a lifecycle
that is divided into anywhere from three to five stages or phases, depending
on the particular management framework. The stages overlap one another,
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and different sources list the stages in different orders. The most commonly
mentioned stages are: prevention, mitigation, preparedness, response, and
recovery. The UNDRR defines all of these terms (UNDRR, 2022). Preven-
tion consists of activities and measures to avoid existing and new disaster
risks. Mitigation is the lessening or minimizing of the adverse impacts of
a hazardous event. Preparedness consists of the knowledge and capacities
developed by governments, response and recovery organizations, communi-
ties and individuals to effectively anticipate, respond to and recover from
the impacts of likely, imminent or current disasters. Response consists of
actions taken directly before, during or immediately after a disaster in or-
der to save lives, reduce health impacts, ensure public safety and meet the
basic subsistence needs of the people affected. Recovery is the restoring or
improving of livelihoods and health, as well as economic, physical, social,
cultural and environmental assets, systems and activities, of a disaster-
affected community or society, aligning with the principles of sustainable
development and “build back better”, to avoid or reduce future disaster
risk.

Another important management activity is hazard monitoring. The
purpose of hazard monitoring is to achieve a state of readiness based on
answering the basic question words for the hazard, such as: When, why and
how may a hazard occur? Who would be affected? What are the warning
signs? How do we minimize risk?

Who and Where. Disasters have a geographic extent where they
occur, and the individuals who are affected are usually the ones living there.
While the popularity of international travel has blurred the distinction be-
tween who and where, they are still closely related as disaster dimensions.
The extent may range from a single individual to the entire world. A dis-
aster for an individual may be an illness or trauma (Dougherty, 2022). An
accident could involve just a few individuals. Local disasters can affect a
city or a small region, such as epidemics, floods, wildfires and earthquakes
(Fox, 2022; Jones and Moe, 2022; Berg-Cross and Sharma, 2022). Re-
sponses to disasters are generally at the national level even when a disaster
is global. Global disasters include pandemics (Section 3), climate change
(Section 4), and space disasters (Section 5). In all cases, geographic and
geospatial information is critical in dealing with disasters.

When. The temporal span of a disaster has more than one aspect.
The length of time can range from an hour or less to several millennia, and
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the onset of the disruption can be sudden or gradual. Yet another aspect
of when is the phase of the lifecycle of a disaster. Pandemics generally
develop relatively suddenly but can last for only a few years or for thou-
sands of years. There are three major ongoing pandemics, where a major
pandemic is one that has around one million or more fatalities per year.
COVID-19 lasted two years before most nations achieved some degree of
control. The HIV pandemic has lasted forty years so far. The Tuberculosis
pandemic has lasted at least 6000 years (Baclawski, 2022). By contrast, the
onset of climate change has been very gradual, and the impact will last for
centuries. Other environmental disasters, such as floods and wildfires can
be very sudden but also are relatively brief. Space related disasters, such
as solar flares are very sudden but brief, while asteroid impacts are now
highly predictable, so they no longer have a sudden onset. In general, the
timeliness of sensing events and sharing the what and where of disasters is
critical.

Whither. After a disaster has ended, the prudent course of action
is to take steps to ensure that one is prepared so that similar emergen-
cies do not escalate to become disasters. Unfortunately, it is common for
governments to ignore the problem once the disruption is over and pub-
lic interest has waned. The metaphor that determines the narrative of a
disaster, whether explicitly or implicitly, will affect public attitudes. For
example, the “war” metaphor for a pandemic that is ending would encour-
age people to return to “pre-war” behaviors now that the “enemy” has
been “defeated”. A more appropriate response would be to begin preparing
for the next emergency (which may be seasonal) by permanently changing
behaviors and by building a better information infrastructure. An example
of a good response to a disaster is the UK Digital Twin project (West,
2022), and there are many examples of projects that are developing proac-
tive interventions to prevent disasters for public health (Lieberman, 2022;
Churchyard, 2022; Gil, 2022), the environment (Section 4), and space (Sec-
tion 5).

Risk. Disasters and risks are fundamentally related notions. Risk
assessments are necessary for planning purposes to prevent disasters, for
monitoring and mitigating the effects of a disaster, and for recovering from
a disaster. Generally, cost-benefit analyses based on risk assessments are
the basis for choosing the most effective means of dealing with disasters at
every stage. In addition to overall risk assessments, it is also important to
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Figure 3: Taxonomy of Risk (Baclawski, 2022)

inform individuals about the risks associated with their behaviors. How-
ever, there are many interpretations of risk, and miscommunication can
occur if different interpretations are conflated. The taxonomy of kinds of
risk is shown in Figure 3 (Baclawski, 2022).

Severity. The number of individuals who have been injured or died
as a direct result of a disaster as well as the cost due to the destruction of in-
frastructure and property are important dimensions of a disaster; however,
these are complex statistics. They vary over time and can be difficult to
measure. Some jurisdictions may be reluctant to report cases or may have
differing criteria for their reports. For some disasters, such as hurricanes,
it is even possible for estimated net fatalities to be negative. This hap-
pens because the fatality rate during the disaster can exceed the average
mortality rate for the affected region. In addition, most disasters also have
their own domain-specific measures like wind-speed for hurricanes, depths
for floods and snowstorms and extent for wildfires.

Supply Chains. Although the term “chain” suggests a linear se-
quence of activities, a supply chain is often a complex network of orga-
nizations, people, activities, information, and resources. Responding to a
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disaster usually requires supply chains for products and services, and a dis-
aster can disrupt supply chains (Gil, 2022; Lieberman, 2022; Churchyard,
2022). For example, the COVID-19 pandemic required the creation of sup-
ply chains to provide vaccines, and the pandemic supposedly disrupted
many supply chains. While there is evidence that the COVID-19 pandemic
was one of the causes for supply chain disruptions, it is possible for supply
chain disruptions to occur without any proximate cause because the supply
chains can be dynamically unstable. This is known as the “bullwhip effect”
(Section III, Baclawski et al, 2019).

Because a disaster is both affected by and affects supply chains,
the disaster should be modeled as one of the components of the network.
A further complication is that monitoring a supply chain (or any phe-
nomenon) can affect the supply chain. This is known as the observer effect
(Baclawski, 2018). To avoid observer bias, one should include monitoring
processes as components in the network. The result of combining multi-
ple supply chains, the disaster itself, as well as the monitors, in a network
would require one to build and analyze a large, complex network. An im-
portant issue with complex networks is the need for interoperation and
harmonization among components. Ontologies can help planners to model,
analyze and monitor complex supply chains that affect and are affected by
a disaster.

FAIR and TRUST. The degree to which information and semantic
technologies relevant to a disaster conform to the FAIR and TRUST prin-
ciples is an important dimension. When FAIR principles are not followed,
disaster-related decision making can be very time-consuming because so
much effort is required to acquire and to process the information that is nec-
essary for a decision (Gil, 2022; Lieberman, 2022; Churchyard, 2022). Un-
fortunately, a recent survey of disaster management ontologies found that
FAIR principles are seldom followed (Mazimwe, Hammouda, and Gidudu,
2021). The average Findability level was only 1.8%, the average Accessi-
bility level was only 5.8%, and only 4.3% of the retrieved ontologies detail
explicit mapping/correspondences between ontologies. Examples of disas-
ter management projects that are based on ontologies conforming to the
FAIR principles are described in Section 6.

3. Health Disasters

Health-related disasters span various landscape dimensions. For ex-
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Figure 4: Taxonomy of COVID-19 Analytic Techniques
(derived from DeBellis and Dutta, 2021)

ample, different diseases can affect different groups of people (i.e., who and
where), and health emergencies can be short-term or long-term (i.e, when).
In most cases, the onset of a health-related disaster will be relatively sud-
den. Health disasters significantly affect and are affected by supply chains.
A substantial range of data resources and information generally be needed
for situational understanding of health-related disasters. The COVID-19
pandemic caused a large number of human fatalities as well as consider-
able havoc in the economic, social, societal, and health systems around the
world. Responding to the pandemic was a major challenge. One aid to
response was the varied use of an unprecedented amount of big data de-
rived from public health surveillance, including vast amounts of real-time
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monitoring of outbreaks, news reports, and organizational briefings. Some
of the scope of the domain is shown in Figure 4. Much of this data was
represented and stored using traditional data approaches, and websites of-
fered a large, static representation of COVID-19 data. A limiting factor
is that much of such data is largely unstructured (e.g., text, audio, video,
image, newspaper, and blogs). This creates a major analysis and data in-
tegration problem. The data integration task gets simplified by the use of
semantic technologies and the incorporation of knowledge organization sys-
tems (e.g., taxonomy, vocabulary and ontology) as background knowledge.
Such resources fall along the semantic spectrum from controlled vocab-
ularies to facilitate communication and understanding to linked data or
structuring of data into easily queried knowledge graphs. Together these
help meet the requirement for rapid data gathering and storage, but also
results in COVID-19 data being stored across distributed geographies and
often siloed databases, Such data siloing hinders translational and compar-
ative research as well as slowing prognostic public health research needed
in a time of a pandemic. For all these reasons, semantic technologies can
help meet the challenge by supporting meaning-based data sharing across
multiple disciplines and varied data systems.

Of particular interest is the use of formal, possibly openly available
ontologies with well-specified syntax including a common space reachable
by means of identifiers. One example of this is the adaptation of the Infec-
tious Disease Ontology (IDO) made up of an aligned suite of interoperable
ontology modules. These include ChEBI for chemical entities, Human Phe-
notype Ontology for human host phenotypes, and the more general Disease
Ontology. Together these were designed to provide broad coverage across
various aspects of the infectious disease domain. The IDO design was flex-
ible to allow building new pathogen-specific ontologies in a simple way in
order to allow novel disease data to be easily analyzed. This may take place
in part by comparison to other pathogens, diseases and treatments. Using
this knowledge an IDO implementation could help identify drug candidates
that could be repurposed for an effective and safe COVID-19 treatment.
Over 90 chemicals, drugs and antibodies against human coronavirus dis-
eases were identified early on by mapping anti-coronavirus drugs to ontol-
ogy IDs from ChEBI and drug data using semantic similarity analysis (Liu,
et al. 2020).To do this for COVID-19 some parts of the core IDO model
were enhanced by introducing the termed concept acellular which is a term
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that covers viruses along with other acellular entities that are part of the
study of virology. This term allowed one to distinguish infectious agents
(i.e., organisms with an infectious disposition) from infectious structures
(i.e., acellular structures that have an infectious disposition).
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Figure 5: Mapping relationships among biomedical ontologies

Three new IDO extensions were developed. The IDO Virus On-
tology (VIDO) extended IDO to deal with viral infections (Babcock et
al, 2021). The Coronavirus Infectious Disease Ontology (CIDO) extended
VIDO for coronaviruses (He et al, 2022). Finally, CIDO was extended for
COVID-19 cases and patient information with the CODO ontology, also
called the IDO-Covid-19 ontology (Dutta, 2020; DeBellis, 2022; Dutta,
2022; DeBellis and Dutta, 2021). Relationships between these ontologies
are summarized in Figure 5 which makes an essential point that modu-
lar ontologies may be aligned and work together using common concepts,
such as exposure to COVID-19 and vital signs relevant to COVID-19, to
cover portions of a domain of interest as needed and enabling broad query-
ing among all the modules (Dutta and DeBellis, 2020). The work also
illustrates the incremental way that modular ontologies may be matured
(Berg-Cross, 2021c).

We have described some of the work on COVID-19 to help ensure
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FAIR principles as well as to promote understanding. Among other things,
this work shows the effectiveness of modular ontologies working together,
expanding and harmonizing to support other technologies such as knowl-
edge graphs.

4. Environment Disasters

Improving environment disaster management and recovery tech-
niques is a priority given their impacts and given trends such as increased
floods, droughts and the impact of climate change. One impediment to
achieving improvements is the many definitions of environmental terms.
There are, for example, many definitions of wildfires and floods.

As is true of other disasters. environmental disasters need rapid,
flexible, but deep situational awareness, and have big data and analytic
challenges arising from data heterogeneity and complexity, isolation and
lack of conformity to FAIR principles. The situational awareness driver to
reduce ambiguity and improve predictions is to mix historical data (e.g.,
prior cholera outbreaks that may have affected regional vulnerabilities be-
fore a hurricane makes landfall) with real-time data. One challenge is to
effectively capture the status information and structure in a way that ef-
fectively improves situational awareness using diverse types of information
from diverse sources as soon as it becomes available. There have been
ontologies developed for disasters such as floods (Sinha and Dutta, 2020).
Most of these ontologies are task ontologies that are formal, modular and
use the Web Ontology Language (OWL) for their representation. The most
used and reused are the Semantic Web for Earth and Environmental Termi-
nology (SWEET) ontology, the contextual design patterns of the Semantic
Sensor Network (SSN) ontology, and ontologies for Time and Space. In
general, the domain of flooding remains only lightly formalized.

As with the previously described COVID-19 work, knowledge graphs
help handle some of the data silo problems by acting like a default common
data model. Knowledge graphs, like ontologies, emphasize structuring re-
lationships along with attributes. For more about knowledge graphs and
their connections with ontologies see (Baclawski et al, 2020b).

Until recently, knowledge graphs were not very successful in the
realm of environmental data and environmental intelligence. This was in
part because spatial data requires special treatment and because of the
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difficulty of usefully lifting environmental data to a knowledge graph using
formal semantics.

Fortunately, for the past 50 years the Earth science community has
been establishing its infrastructure not only for current space-based image
data required for monitoring the disasters but also for changes in the en-
vironment over the years (Sharma, 2022b). Semantics, metadata, sensors
and platforms as well as repositories enable search and discovery tools, and
communities are increasingly being formed to address timeliness and rel-
evance of data for disaster management support. Harmonization of data
and metadata, and use of diverse platforms from NASA, NOAA, ESA and
other agencies is being increasingly sought and some ontologies addressing
overlap areas are being developed (Sharma, 2022a; NASA, 2018). Agencies
(e.g., UNDRR, FEMA) and communities (e.g., the Earth Science Informa-
tion Partners (ESIP)) play increasing roles in monitoring and mitigation.

5. Aerospace and Maritime Disasters

As with health-related and environmental disasters, aerospace and
maritime disasters can be characterized by the basic questions and the risk,
severity and supply chain dimensions. The diagram in Figure 6 classifies
disasters for aerial, maritime and outer space situations. The common
thread is a distinction between human-associated hazards or activity, and
natural phenomena that may potentially result in disasters. Note that the
various hazards overlap with one another.

Aeronautical and atmospheric hazards and disasters include artifi-
cial pollutants impacting the atmosphere and affecting the health of liv-
ing creatures, natural phenomena possibly associated with climate change,
airplane crashes, as well as human conflict activities such as war, crime,
terrorism, etc. Disasters in this context may have harmful impacts on
systems and services in societies, which overlaps with arguably any sort
of potential disaster and context. For each, there is associated research,
and investigative, activities that have collected various sorts of data (EPA,
2022).

Maritime hazards include artificial pollution of the seas and debris
(NOAA, 2022), which can harm both human and non-human life (Avakian,
2022), thereby impacting natural processes and ecosystems; natural phe-
nomena, whether associated with human activity or not; human emergen-
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Figure 6: Classification of Aeronautical, Maritime,
and Space Hazards (Rovetto, 2022)

cies at sea, such as cruise or cargo ship disasters; as well as any resultant
damage to systems and services in societies. Like the aeronautical context,
both data-centric research is conducted for changes in marine ecosystems,
and data is collected for investigations into human disasters at sea.

Space hazards can come from both artificial and natural phenomena
but are different in some respects from aeronautical and maritime hazards.
The main kinds of space hazards are meteoroids, debris (NASA, 2022a), and
solar flares. Smaller meteoroids are difficult to track although the technol-
ogy is improving. The impact of a meteorite is literally its impact with the
Earth. Space debris near Earth is now being tracked and can potentially be
mitigated by preventing its creation through appropriate spacecraft design
and debris removal measures. Like meteorites, space debris will impact the
Earth, but can also impact spacecraft (NASA, 2016), which could harm
astronauts as well as the financially expensive technological systems and
the services they provide, with a significant impact on society. For exam-
ple, loss of artificial satellites due to debris may result in damage to Global
Positioning Systems, negatively impacting navigation on Earth. Similarly,
so for the loss of communications services, internet services, observational
services (scientific, military, etc.). A collision between orbital debris and
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other satellites would produce more debris which could cascade to render
near Earth space activities impossible for decades, a phenomenon known
as the Kessler syndrome (Hull, 2022). Extreme space weather, especially
solar flares, is another kind of space hazard (ESA, 2022). The potential
impact is on space-based and terrestrial communication and power systems

(NOAA, 2023).

Given the active and diverse areas of big data research and given the
need for data collection when investigating disasters such as those described
above, knowledge organization systems (such as NASA, 2022b), including
ontologies, could play a useful role. A space domain reference ontology is
presented in Section 6.

6. Project Examples

In this section we summarize some of the projects that have been
developing and using ontologies for disaster monitoring and response man-
agement.

VIDO, CIDO and CODO. VIDO extends the IDO ontology to
add virus-specific entities and provides concrete information about the do-
main of virus disease. In particular, VIDO specialized the IDO concepts by
addition of the term “virus” to create a subclass. Using what was known of
the viruses the logical relations and textual information about the classes
were ontologized. For example, as shown in Figure 5, IDO’s Infectious

Disease became Viral Disease. The latest version of VIDO was released in
August 2020 (Babcock et al, 2021).

The CIDO ontology further specialized VIDO with coronavirus dis-
ease concepts. CIDO is a community-based, open source ontology that is
interoperable with other existing Open Biological and Biomedical Ontol-
ogy (OBO) Foundry ontologies. CIDO has imported terms from over 30
OBO Foundry ontologies, including all SARS-CoV-2 protein terms from
the Protein Ontology, COVID-19-related phenotype terms from the Hu-
man Phenotype Ontology, and over 100 COVID-19 terms for vaccines from
the Vaccine Ontology. CIDO has been used in various applications such as
term standardization, inference, natural language processing (NLP), clini-
cal data integration and drug repurposing for COVID-19 treatment (He et
al, 2022).

The community based CODO ontology published on Bioportal has
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4000 plus terms and was designed to capture particular data about the
COVID-19 pandemic. The idea was to support the collection of epidemi-
ological data starting with the representation of the novel corona viruses
and variants along with phenotypes, anti-coronavirus drugs and medical
devices (e.g., ventilators). An example of the part of the CODO ontology
connected to a patient is shown in Figure 7 (Dutta, 2022).

patient73
patient191

India

patient72 MiddleEast

2 Proge,

Cured

Male

Mecca

Chikballarpur i

Karnataka

patient69

2predicates

patient70

patient22

patient71 3 owribidanur |

Chikballarpur
Caala

Figure 7: The part of CODO connected to a
particular patient (Dutta, 2022)

The CODO ontology, available on the CODO Github (Dutta, 2020),
was designed by analyzing disparate COVID-19 data sources such as
datasets on cases, patients, relations (e.g., family, co-workers), and on the
COVID-19 Data Repository at Johns Hopkins University. Geographic lo-
cations and date-time information was also available. CODO leveraged
literature and services information, and its coverage includes contact trac-
ing, diagnosis, disease measures, comorbidity, treatments and drugs, vac-
cination, cases and resource descriptions, tests, and preventive measures,
along with responses and relevant contextual influences such as weather
situations. To adapt to COVID-19 challenges a health facility concept had
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to be a sub-type as, for example, a COVID-19 dedicated facility which is
further sub-categorized into COVID-19 care center, dedicated COVID-19
health center, and dedicated COVID-19 hospital. To facilitate its use by
data and service providers, CODO was published using FAIR principles.
The ontology has been used by several projects. For example, it has been
used as a metadata enhancer to annotate COVID-19 literature, and for
COVID-19 risk detection system which can help with COVID-19 contact
tracing (Lin et al, 2021).

The value of the CODO ontology was demonstrated by using it to
build knowledge graph using an agile approach in just a few months. The
resulting knowledge graph had approximately 5M triples and allowed track-
ing cases with information about traveling companions. Taken as a whole
the experience demonstrates some common principles that apply to the
process of scaling up from an ontology model to a knowledge graph with
real-world data and how resources get expanding and harmonizing to sup-
port other semantic resources like knowledge graphs (DeBellis and Dutta.
2021). Knowledge graphs, as discussed in “Ontology Summit 2020 Commu-
niqué: Knowledge Graphs,” are a novel paradigm for the representation, re-
trieval, and integration of data from highly heterogeneous sources. Within
just a few years, knowledge graphs and their supporting technologies have
become a core component of modern search engines, intelligent personal
assistants, business intelligence, and so on (Baclawski et al, 2020Db).

OGC Pilot. This Open Geospatial Consortium (OGC) Disaster
Pilot 2021 (D21) uses a health spatial ontology for disaster response man-
agement. The goal of D21 is to develop standards-based services to support
rapid decision making through the full lifecycle of disaster management for
multiple hazards. D21 includes details for impacted entities, such as the af-
fected individuals, vulnerable individuals (e.g., chronically ill and disabled
persons), and the transportation infrastructure, both land and air. The
objective is to ensure that the supply chains can adequately supply the
pilot study area even when there is a disaster. For example, vaccines must
be available to inhibit the spread of a disease, trauma treatment may be
needed due to sudden floods. It is also necessary to prevent individuals
from being victimized, losing personal effects, spreading other pathogens,
etc. The pilot is a multi-layered thematic data approach and a concep-
tual model that is implemented using an ontology conforming to the FAIR
principles (Churchyard, 2022; Lieberman, 2022).
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D21 was applied during a flood disaster in the Peru - Rimac River
Basin. The medical supply needs map uses a detailed workflow of the re-
quired and available supplies and includes a geospatial mapping of provider
and supplier facilities and available inventory. D21 was also applied to a
hospitals and medical supplies scenario in New Orleans, Louisiana. Fu-
ture work and applications of the team at HSR.Health (Healthsolution-
sresearch.org) are planned to include more studies of other disasters where
response management depends on supply chains (OGC, 2021; 2022; Lieber-
man & Voidrot, 2021).

Smart Cities. The Smart Cities Working Group Report is based
on foundational, citywide ontologies to address public health emergency
service levels. The ontologies can be updated by one agency but can be
read by multiple agencies. Entities have been defined and a dozen patterns
have been developed that address concepts such as person, government
and vaccination. Correlation matrices among patterns, and pattern-based
disaster-related use cases have been developed. Other techniques that have
been employed include micro theories and knowledge graphs (Fox, 2022).

Unfortunately, legacy systems can create disaster data silos across
the departments/divisions/areas dealing with disasters. A first step to
breaking down the silos is the creation of data standards, but sharing also
requires harmonization without which a standard may become a hindrance
because it is not trusted (Berg-Cross, 2021a, 2021b).

KnowWhere Graph. The KnowWhere Graph (KWG) is a spacial
knowledge graph system that can quickly answer questions such as “What
is here?”, “What happened here before?”, “Who knows more?”, “How does
it compare to other regions or previous events?”. Situational awareness is
enhanced by continually adding content and by using tools such as Envi-
ronmental Systems Research Institute, Inc. (ESRI) GeoEnrichment. To
overcome some shortcomings of knowledge graphs, they are combined with
GeoEnrichment to form the KWG. Examples of applications include the
Farm to Table Supply Chain and Sustainability Project. The KWG has
reduced uncertainty for pandemic risk analyses. The KWG is currently
a knowledge graph with over 10 billion edges. Examples of future chal-
lenges include spatiotemporally explicit knowledge graph embeddings that
are invariant under syntactic changes (Janowicz, 2022).

A particular feature of the KWG effort is the process by which
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data becomes augmented using a range of auxiliary data and information
adapted as needed to a geospatial study area. A simple example is map-
ping demographic data to the various ways that regions are represented.
geoenrichment tools can significantly reduce the costs involved in acquiring,
entering, and cleaning geo-data (Vockner and Mittlbock, 2014). However,
until very recently, pre-knowledge graph approaches for geoenrichment were
expensive, only used pre-defined categories of information to access data
and were not effective in supporting the data integration or interoperabil-
ity requirements of the FAIR principles (Janowicz et al., 2022). The KWG
project supports a FAIR approach with data-driven decision-making and
data analytics that address previous weaknesses of Al-based technologies,
together with an open, cross-domain knowledge graph.

MINT. The Model Interventions (MINT) project is modeling com-
plex human-nature systems for disaster preparedness and response. The
natural disasters being studied are floods, food insecurity and drought.
The goal is to use multiple interoperable models and Al to reduce the time
required for making decisions for interventions from years to weeks. The
impacts of many types of potential interventions can be modeled, such as
reducing the fertilizer price or recharging the aquifers to ensure food se-
curity. Interventions are to indicate results, costs, risks, and baselines in
this framework. Future work will incorporate uncertainties in models and
sensitivity analyses of variables (Gil, 2022).

PLACARD and weAdapt. The PLAtform for Climate Adapta-
tion and Risk reDuction (PLACARD) project seeks to support the coordi-
nation of climate change adaptation and disaster risk reduction communi-
ties (Barrott, Bharwani and Brandon, 2020). PLACARD is an EU Horizon
2020 (H2020) project that is working to change the basic organizational in-
formation and knowledge management (IKM) practices to accelerate action
on climate change and to reduce impacts. The weAdapt project grew out of
the PLACARD experience (Bojovic, Giupponi and Karali, 2017). Previous
efforts to classify, categorize and structure climate-relevant knowledge as
needed have not achieved FAIR data organization in the face of dynamic
data acquisitions and have failed to leverage all information available or to
reach intended audiences in a useful way. As a result, it has not been possi-
ble to easily and rapidly find, reuse and share relevant information (Barrott
and Bharwani, 2022). When information can be found, it is often difficult
or impossible to understand it, and thus it cannot be used (Zuccaro and
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Martucci, 2020). WeAdapt aims to provide FAIR data and understand-
ing by developing some high level knowledge management structures such
as standard topic areas and taxonomies but also practices and standards
(Pulquério, 2017).

I-ADOPT. The InteroperAble Description of Observable Prop-
erty Terminologies (I-ADOPT) is another project concerned with devel-
oping FAIR environmental information, but worked at a lower level than
weAdapt, on vocabularies and might be seen as a complementary effort
that could be leveraged by weAdapt. I-ADOPT is a community effort to
develop a harmonizing framework to address the I in FAIR for discussing
and representing climate topics. I-ADOPT started by gathering a series
of use cases from the environmental science community. These were com-
piled and analyzed using a catalog of existing vocabularies and conceptual
models. Using the results, the L ADOPT community determined at a high
level the minimal viable set of components and relationships needed to de-
scribe the variables and parameters of the various communities within and
across environmental science domains. It was expected that annotation of
current observable property standards using the FAIR vocabulary compo-
nents of the FADOPT framework would aid in increasing interoperability
across the wide variety of data standards within the environmental science
domain (Magagna et al, 2022; Magagna and Schindler, 2022).

In particular, I-ADOPT represents the high level concepts of WHAT
has been observed independently of WHERE, HOW and WHEN the data
acquisition took place. Environmental examples include identifying wind
speed (vs. speed of wind), soil color (vs. color of soils), concentration of
atomic nitrogen in Earth’s atmosphere (vs. nitrogen concentration). Of
conceptual importance, the L ADOPT Ontology builds on the high level
framework by using a design pattern that adds the concept of matrix and

its relations to entities, properties and constraints. The overall benefits of
the IF-ADOPT vocabulary include:

1. Supporting interoperability between existing terminologies
2. Enabling semantically precise and FAIR descriptions of variables

3. Decomposing descriptions into atomic components and linking those
to existing vocabularies making these descriptions of observed vari-
ables machine-actionable
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4. Providing abstract reusable semantic descriptions for concrete obser-
vations

5. Enabling mappings between variable descriptions across terminolo-
gies

6. Requiring no change to existing structures

7. Adding rich (human-readable and machine-actionable) descriptions
with qualified references

8. Boosting Findability and Reusability of data

Satellite Teams. One of the most important services of near-
Earth artificial satellites is for environmental sensing. There are well over
100 active government-sponsored Earth observation satellites, as well as
around 40 active commercial Earth observation satellites. Within this
large collection, there are constellations of satellites that cooperate to im-
prove their observations by fusing their data. A prominent example is the
A-train, currently consisting of three satellites: OCO-2, GCOM-W1 and
Aura. The collective observations of A-train satellites are being used to
build high-definition three-dimensional images of Earth’s atmosphere and
surface. Achieving such cooperation requires data harmonization so that
the observations of the satellites can be fused to form common observa-
tions. Common data formats and available metadata are important for
this process (Sharma, 2022b).

OSEDO. The Orbital Space Environment Domain Reference On-
tology (OSEDO) suite is a set of ontologies and other semantic resources
to support astronomical and astronautical data, research, science, activity
and interdisciplinary activities (O’Neil and Rovetto, 2021; Rovetto, n.d.;
Rovetto, 2016). The suite includes the Orbital Debris Ontology (Rovetto,
2015), Space Situational Awareness ontology (Rovetto and Kelso, 2016),
Astronomical Environment ontologies, and the Astrometeorology/Space
Weather Ontology, among others. Example applications in the suite in-
clude interactive 3D orbital systems. These ontologies serve as conceptual
models, sources for terminology, and formal representations of the target
topic areas. They aim to provide metadata to annotate data and doc-
uments associated with relevant topics, as well as definitions and formal
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semantics. Some of the activities supported by OSEDO include concep-
tual analysis, concept clarification, developing and offering vocabularies,
modeling for various stakeholders, exploring terminology synchronization
and semantic harmonization for the respective disciplines and stakeholders,
and multidisciplinary collaboration and innovation (NASA, 2019). Future
services will include ontology-assisted space debris and collision avoidance
management. Within the discipline itself, removing harmful space debris
is an active area of research that will make the orbital space environment
safer for the global community (Rovetto, 2022).

7. Summary and Conclusion

The main findings in this article are:

1. Due to framing, terminology and metaphors can have unanticipated,
negative effects on disaster response. It is important for disaster relief
agencies to be careful to choose the terminology and metaphors and
to control the narrative in outlets such as social media as well as to
ensure the proper use of relevant information (Stickles, 2019).

2. The root causes from whence a disaster arises are often misunderstood
or misrepresented. The root causes of the COVID-19 pandemic were
information and behavioral failures, not the disease, which was the
immediate, proximate cause.

3. Explanations can be a useful tool for disaster management, but they
must be in the form of an interactive dialog rather than simple flat
answers (Baclawski et al., 2020a).

4. There are many interpretations of risk, with the main split being
between risk as a probability and risk as a variance. Clarifying the
intended interpretation would help prevent misunderstanding. Ide-
ally, it would be best to use full probability distributions, or at least
both the probability and the variance.

5. Work is still needed to make semantic resources and knowledge orga-
nization systems compliant with FAIR and TRUST principles.

6. We have observed that there are cross-disaster linkages among kinds
of disasters; for example, environmental disasters impacted pandemic
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patients, its spread and supply chain routes required to care for the
patients. The landscape dimension framework developed in Section 2
was intended to help identify cross-disaster linkages and to find op-
portunities for reusing ontologies and other information resources,
but more work needs to be done to realize this potential.

With regard to health disasters, work still needs to be done to incor-
porate heterogeneous data concepts; for example, “long COVID” for the
COVID-19 pandemic and “close contact” for different diseases and vari-
ants. Moreover, incorporating heterogeneous data concepts should be done
in a way that provides deeper harmonization between not only the data,
but also the metadata as found in glossaries, e.g., (Penn, 2022) and other
semantic technologies. As in many knowledge engineering efforts, access
to the best suite of domain experts is a limiting factor, especially during
emergencies.

While there is much we now know about developing knowledge
graphs for environmental disasters, there is much more to learn as we blend
the role of classical knowledge representations with the machine learning
(ML) approach of knowledge embeddings. A hybrid approach seems like
an important part of future work as more reasoning is enabled as part of
a knowledge graph. Key research questions include how to incorporate
spatiotemporal and commonsense reasoning, how to learn and support ge-
ographic knowledge graph summaries that are meaningful to users, how to
quantify and represent regional differences, and how to detect and mitigate
bias in geographic knowledge graphs.

Acknowledgments

Certain commercial software systems are identified in this paper.
Such identification does not imply recommendation or endorsement by the
National Institute of Standards and Technology (NIST) or by the organiza-
tions of the authors or the endorsers of this article; nor does it imply that
the products identified are necessarily the best available for the purpose.
Further, any opinions, findings, conclusions or recommendations expressed
in this material are those of the authors and do not necessarily reflect the
views of NIST or any other supporting U.S. or European governments or
corporate organizations.

We wish to acknowledge the support of the ontology community,

Fall 2022



42

especially the invited speakers and participants who contributed to the On-
tology Summit 2022, which was the primary basis for this article. Thanks
to the NIST reviewers— Spencer Breiner and Paul Witherell — for their
detailed review of the document, and to Aliza Reisberg for Figure 1. There
were many invited speakers, some of whom gave presentations at more than
one session. The complete list of sessions, speakers, and links to presenta-
tion slides and video recordings is available at (Ontology Summit, 2022).

References

Avakian, M. (2022). New Study Finds Ocean Pollution a Threat to Human Health,
NIH. https://bit.ly/3Aj7sgZ

Baclawski, K., Bennett, M., Berg-Cross, G., Fritzsche, D., Sharma, R., Singer, J.,
Singer, J., Sowa, J., Sriram, R.D., Underwood, M., Whitten, D. (2020a). On-
tology Summit 2019 Communiqué: Explanation. Applied Ontology. DOI:
10.3233/A0-200226 http://bit.ly/2TDdy TG

Baclawski, K., Bennett, M., Berg-Cross, G., Fritzsche, D., Sharma, R., Singer, J., Sowa,
J., Sriram, R.D., Whitten, D. (2020b). Ontology Summit 2020 Communiqué:
Knowledge Graphs. Applied Ontology, 16 (2), 229-247.

Baclawski, K., Chystiakova, A., Gross, K.C., Gawlick, D., Ghoneimy, A. and Liu, Z.H.
(2019) Use Cases for Machine-Based Situation Awareness Evaluation. In IEEE
Conference on Cognitive and Computational Aspects of Situation Management.
https://bit.ly/3PHKsxG

Baclawski, K. (2018) The observer effect. In IEEE Conference on Cognitive
and Computational Aspects of Situation Management (CogSIMA 2018).
https://bit.ly /3AiXwUy

Baclawski, K. (2022) What is Risk? In Ontology Summit 2022. https://bit.ly/3IflhQ2

Barrott, J. and Bharwani, S. (2022) How to make knowledge interoperable: exam-
ples from weADAPT and the Connectivity Hub. In Ontology Summit 2022.
https://bit.ly/3NPPtVd

Barrott, J., Bharwani, S. and Brandon, K. (2020) Transforming knowledge manage-
ment for climate action: a road map for accelerated discovery and learning.
PLACARD project, FC.ID: Lisbon.

Bennett, M. (2021). The Landscape of Ontology Purpose. https://bit.ly/3rIs4K4

Berg-Cross, G. (2021a). Introduction to Harmonizing Definitions and the EnvO Ontol-
ogy. https://bit.ly/3pnkwdG

Berg-Cross, G. (2021b). Semantic harmonizations of concepts revisited: work in the
context of the ontology development landscape. https://bit.ly/3vsfJuY

Washington Academy of Sciences



43

Berg-Cross, G. (2021c). Issues in Incrementally Adding Better Semantics to Knowledge
Graphs. J. Wash. Acad. Sci. 107(3):33-58.

Berg-Cross, G. and Sharma, R. (2022). Overview of the Disaster Parameter Land-
scape and Environmental Disasters. In Ontology Summit 2022. (19 Jan 2022)
https://bit.ly/3trtHiT

Bojovic, D., Giupponi, C., and Karali, E. (2017) Social Network Analysis of the PLAC-
ARD Project Stakeholders. https://bit.ly/3PJXCuh

Churchyard, P. (2022) Health Spatial Data Infrastructure - part of the OGC 2021 Dis-
aster Pilot. In Ontology Summit 2022. https://bit.ly/3trSWlg

DeBellis, M., and Dutta, B. (2021) The COVID-19 CODO Development Process: an
Agile Approach to Knowledge Graph Development, Iberoamerican Knowledge
Graphs and Semantic Web Conference. Springer, Cham.

DeBellis, M. (2022) Semantic Technology and the COVID-19 Pandemic. In Ontology
Summit 2022. https://bit.ly/3v7VJIkn

Dougherty, A. (2022), Personal Emergency Management using the Free Life Planner. In
Ontology Summit 2022. https://bit.ly/36XZSxp

Dutta, B., and DeBellis, M. (2020) CODO: an ontology for collection and analysis of
COVID-19 data. arXiv preprint arXiv:2009.01210

Dutta, B. (2022) CODO: an ontology for collection and analysis of multiparadigm
COVID-19 data. In Ontology Summit 2022. https://bit.ly/3v7VJkn

Dutta, B. (2020) CODO Github. https://github.com/biswanathdutta/CODO

EPA (2022). Hazardous Air Pollutants, U.S. Environmental Protection Agency,
https://www.epa.gov/haps

ESA (2022). Space weather and its hazards, European Space Agency, https://bit.ly/3QRgU1V

Fox, M. (2022) ISO/IEC WGI11 Data Standards for Public Health Emergencies and
Related Ontologies. In Ontology Summit 2022. https://bit.ly/3sGeNU1

Gil, Y. (2022) Ontologies for Exploring Interventions for Disaster Preparation and Re-
sponse. In Ontology Summit 2022. https://bit.ly/3ubnvMO0

GO FAIR (2022). FAIR Principles. https://bit.ly/3QGETR;

He, Y., Yu, H., Huffman, A., Lin, A., Natale, D., Beverley, J., ... and Smith, B. (2022).
A comprehensive update on CIDO: the community-based coronavirus infectious
disease ontology, J. Biomed. Semantics 13: 25. https://bit.ly/3szUyYn

Hull, S.M. (2022) Potential Space Disasters, and What We Can Do to Prevent Them.
In Ontology Summit 2022. https://bit.ly/3r5SZ3Y

IFRC (2022). What is a disaster? https://bit.ly/3T8YzPr

Fall 2022



44

Janowicz, K., et al (2022) Know, Know Where, KnowWhereGraph: A densely con-
nected, cross-domain knowledge graph and geo-enrichment service stack for ap-
plications in environmental intelligence, Al Magazine 43.1: 30-39.

Janowicz, K. (2022) Knowledge Graphs and Disaster Mitigation. In Ontology Summit
2022. https://bit.ly/3r6wv2V

Jones, D. and Moe, K. (2022) ESIP Cross-Domain Collaboratory: Challenges and Op-
portunities. In Ontology Summit 2022. https://bit.ly/3udXz4t

Lieberman, J. (2022) Overview of the OGC Disaster Pilot. In Ontology Summit 2022.
https://bit.ly/3trSWlg

Lieberman, J., Voidrot, M.-F. (2021) Bringing Eyes in the Sky to Disaster Awareness
on the Ground: OGC Disaster Pilot 2021. In Canadian Council on Geomatics
December Meeting. https://bit.ly/3KajxcN

Lin, A. Y., Yamagata, Y., Duncan, W. D., Carmody, L. C., Kushida, T., Masuya, H., ...
& He, Y. (2021). A Community Effort for COVID-19 Ontology Harmonization.
In ICBO (pp. 122-127). https://bit.ly/3fbocjH

Lin, D., Crabtree, J., Dillo, I. et al (2020) The TRUST Principles for digital repositories.
Sci Data 7, 144 (2020). https://bit.ly/3pGBNBc

Liu, Y., Chan, W.K., Wang, Z., Hur, J., Xie, J., Yu, H., He, Y. (2020) Ontological
and Bioinformatic Analysis of Anti-Coronavirus Drugs and Their Implication
for Drug Repurposing against COVID-19. Preprints 2020, 2020030413 (doi:
10.20944 /preprints202003.0413.v1).

Magagna, B. and Schindler, S. (2022) How to make climate research interoperable with
I-ADOPT from field observation to data publication. In Ontology Summit 2022.
https://bit.ly/3NPPtVd

Magagna, B. et al (2022) InteroperAble Descriptions of Observable Property Termi-
nologies (ILADOPT) WG-outputs and recommendations. RDA endorsed Rec-
ommendations.

Mazimwe, A., Hammouda, I., and Gidudu, A. (2021) Implementation of FAIR Principles
for Ontologies in the Disaster Domain: A Systematic Literature Review. ISPRS
Int. J. Geo-Inf. 10, 324. https://bit.ly/3wuUmvU

NASA (2016). Space Debris: Understanding the Risks to NASA Spacecraft, National
Aeronautical and Space Administration. https://go.nasa.gov/3plpeFg

NASA (2018). Harmonized Landsat Sentinal-2. https://hls.gsfc.nasa.gov/for

NASA (2019). Orbital Debris Ontology, Terminology, and Knowledge Modeling,
https://go.nasa.gov/3AInnGV

NASA (2022a). NASA ORBITAL DEBRIS PROGRAM OFFICE, National Aeronauti-
cal and Space Administration, https://go.nasa.gov/3dJK4kX

Washington Academy of Sciences



45

NASA (2022b). NASA Technology Taxonomy, https://go.nasa.gov/3cqY0Qx

NOAA (2022). Ocean pollution and marine debris, National Oceanographic and Atmo-
spheric Association, https://bit.ly/3PPbFyF

NOAA (2023). Space Weather Prediction Center, https://www.swpc.noaa.gov/impacts/
OGC (2021). Disaster Pilot 2021. https://bit.ly/3wlHpUW

OCG (2022). OGC Data for Disasters User and Provider Readiness Guides.
https://bit.ly/3woTOYp

Ontology Summit (2022). List of Speakers. https://bit.ly/3wk6uzW

O’Neil, D.A.; Rovetto, R.J. (2021). “An Ontology-Based Virtual Orrery,” NASA Tech-
nical Memorandum, 2017-2021, https://go.nasa.gov/3ztqmSI, Accessed 27 Oc-
tober 2022.

Penn (2022). The Glossary of COVID-19 Terms, University of Pennsylvania.
https://bit.ly/3AG6igV

Pulquério, Maério (2017) PLACARD-Platform for Climate Adaptation and Risk
reDuction-Horizon 2020 project, Impact 2017.3: 14-16.

Rovetto, R.J. (2015). An ontological architecture for orbital debris data, Earth Science
Informatics. https://bit.ly/3QS7nrs

Rovetto, R. (2022), Space Hazards and Space Ontology. In Ontology Summit 2022.
https://bit.ly/3LNbQZL

Rovetto, R.J. and Kelso, T.S. (2016). Preliminaries of a Space Situational Awareness
Ontology, Advances in the Astronautical Sciences Spaceflight Mechanics, Vol-
ume 158. https://bit.ly/3pJyfOt

Rovetto, R.J. (n.d.). Orbital Space Domain Knowledge Modeling. https://bit.ly/3NIWel5,
Accessed 27 October 2022.

Rovetto, R.J. (2016). The Orbital Space Environment and Space Situational Awareness
Domain Ontology — Towards an International Information System for Space
Data, Advanced Maui Optical and Space Surveillance Technologies Conference

(AMOS).

Sharma, R. (2022a). Potential topics: Ontology and Disasters. In Ontology Summit
2022. https://bit.ly/3RnNYz8

Sharma, R. (2022b). Earth Observations to monitor disasters - sensors, platforms,
image-data and metadata. In Ontology Summit 2022. https://bit.ly/3uVXiAf

Sinha, P., and Dutta, B. (2020) A Systematic Analysis of Flood Ontologies: A Para-
metric Approach, Knowledge Organization 47.2.

Stickles, E. (2019) MetaNet Metaphor Repository. https://bit.ly/32g4u9Q

Fall 2022



46

UNDRR (2022). Disaster Terminology. https://bit.ly/3ACu2m4

Vockner, B., and Mittlb6ck, M. (2014) Geo-enrichment and semantic enhancement of
metadata sets to augment discovery in geoportals, ISPRS International Journal
of Geo-Information 3.1: 345-367.

West, M. (2022) Whence Disasters. In Ontology Summit 2022. https://bit.ly/3v7VLJ1

Zuccaro, G., Leone, M.F., and Martucci, C. (2020) Future research and innovation pri-
orities in the field of natural hazards, disaster risk reduction, disaster risk man-
agement and climate change adaptation: A shared vision from the ESPREssO
project, International Journal of Disaster Risk Reduction 51: 101783.

Washington Academy of Sciences



47

KENNETH BACLAWSKI is an Associate Professor Emeritus at the Col-
lege of Computer and Information Science, Northeastern University. Pro-
fessor Baclawski does research in data semantics, formal methods for
software engineering and software modeling, data mining in biology and
medicine, semantic collaboration tools, situation awareness, information
fusion, selfaware and self-adaptive systems, and wireless communication.
He is a member of the Washington Academy of Sciences, IEEE, ACM,
TAOA, and is the chair of the Board of Trustees of the Ontolog Forum.

MIKE BENNETT is the director of Hypercube Limited, a company that
helps people manage their information assets using formal semantics. Mike
is the originator of the Financial Industry Business Ontology (FIBO) from
the EDM Council, a formal ontology for financial industry concepts and
definitions. Mike provides mentoring and training in the application of
formal semantics to business problems and strategy, and is retained as
Standards Liaison for the EDM Council and the IOTA Foundation, a novel
Blockchain-like ecosystem.

GARY BERG-CROSS is a cognitive psychologist (PhD, SUNY-Stony
Brook) whose professional life included teaching and R&D in applied data
& knowledge engineering, collaboration, and Al research. A board member
of the Ontolog Forum he co-chaired the Research Data Alliance work-group
on Data Foundations and Terminology. Major thrusts of his work include
reusable knowledge, vocabularies, and semantic interoperability achieved
through semantic analysis, formalization, capture in knowledge tools, and
access through repositories.

ROBERT J. ROVETTO is a formal ontologist and philosopher who has
written over 20 articles and has participated in international standards de-
velopment and the Ontology Summit. His focus areas include: terminology
and knowledge representation; conceptual modeling; upper or foundational
ontology; foundational concepts; ontology development methodology; on-
tology for space (https://purl.org/space-ontology), maritime, and emer-
gency response; as well as ethics of/in ontology.

Fall 2022



48

DR. RAVI SHARMA is a Senior Enterprise Architect, an industrial en-
trepreneur, theoretical nuclear and particle physicist, human space systems
scientist, fuel cell and hydrogen technologies specialist, satellite remote
sensing and image data systems specialist, an Enterprise Architect with
SOA, BPM and modeling expertise and has several decades of computer
systems and peripheral manufacturing and IT systems development expe-
rience. Dr. Sharma has received the NASA Apollo Achievement Award
for is work on the NASA Apollo and Skylab Programs, where he helped
select, analyze build and design space and ground systems relating to re-
mote sensing and spacecraft contamination analysis. He has also worked
on the Space Station, Space Shuttle, Landsat, EOS (Terra, Aqua, Aura
and NPOESS) satellites and ground systems.

RAM D. SRIRAM is currently the chief of the Software and Systems Di-
vision, Information Technology Laboratory, at the National Institute of
Standards and Technology (NIST). Prior to joining NIST, he was on the
engineering faculty (1986-1994) at the Massachusetts Institute of Technol-
ogy (MIT) and was instrumental in setting up the Intelligent Engineer-
ing Systems Laboratory. Sriram has co-authored or authored more than
275 publications, and is a Fellow of ASME, AAAS, IEEE and Washington
Academy of Sciences, a Distinguished Member (life) of ACM and a Senior
Member (life) of AAAIL

Washington Academy of Sciences



