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Abstract: Disaster and crisis situations are characterised by high dynamics and
complexity with human lives and substantial environmental and economic
consequences at stake. The advances in information technology have had a
profound impact on disaster management by making unprecedented volumes of
data available to the decision makers. This has resulted in new challenges
related to the effective management of large volumes of data. In this paper, we
discuss the application of data mining and machine learning techniques to
support the decision-making processes for the disaster and crisis management.
We discuss the challenges and benefits of the automated data analysis to
different phases of crisis management. Based on the literature review, we
observe a trend to move from narrow in scope, problem-specific applications of
data mining and machine learning to solutions that address a wider spectrum of
problems, such as situational awareness and real-time threat assessment using
diverse streams of data.
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1

Introduction

Disaster and crisis situations are dynamic and complex events with human lives,
environmental and economic consequences at stake. The combination of complexity and
dynamics makes the understanding and predictions of the development of disaster and
crisis situations extremely difficult. Additional difficulty relates to prediction of
consequences of these events, as they are in the context of complex and interdependent
social, infrastructure and natural environments. Disaster management is concerned not
only with predicting the course and consequences of disasters, but mitigating those
undesired consequences – undoubtedly a very challenging task made even more so under
time pressure. Information technology (IT) has been proven to successfully support the
decision making processes in managing many complex problem domains: medicine,
logistics, air traffic control, military planning and operations, etc. In that sense, disaster
management is no exception; however, we believe that it does present a particular
challenge. One aspect in which the advances in IT have had a profound impact on the
practise of all phases of the disaster management is making unprecedented volumes of
data available to the decision makers. These large volumes of data have introduced new
challenges related to the effective data management. In this paper, we discuss the roles
and challenges of application of data mining (DM) and machine learning (ML)
techniques to support the decision-making processes in the context of the crisis and
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disaster management. In this paper, we attempt to review the challenges and benefits of
the automated data analysis to different phases of the crisis management.
Disasters often undergo rapid substantial evolution; therefore, the disaster
management is a non-uniform process characterised by phases, although these phases are
not distinct in nature. Their delineation has evolved since first introduced by Carr (1932),
with the transitions to other models as described by Neal (1997). Currently, the widely
accepted concept of the disaster management cycle (Waugh and Tierney, 2007) divides
the disaster management process into several distinct phases (Figure 1), although there is
no clear consensus on the division into individual phases or even the number of phases.
Figure 1

Emergency management cycle

The advances in IT have had a profound impact on all phases of disaster and crisis
management, though the degree of this impact varies between phases. These differences
are mainly due to the ease of applying IT to particular problems. Historically, the first
applications involved document sharing and local databases while with development of
the IT infrastructure, more sophisticated applications became available. Examples of
these applications include the use of the internet for agency coordination, computer
modelling for complex tasks such as hazard analysis. Some specialised tools in the form
of desktop software for addressing specific problems, such as chemical plume dispersion
modelling (NOAA, 2004) or the earthquake, hurricane and flooding models used in
HAZUS (FEMA, 2013) have become commonplace. The latest addition to the arsenal of
tools is social media that further enhances communication between the agencies and the
public sector and increases situational awareness (Zielinski and Bügel, 2012).
The advances in IT resulted in the ability to create new data and process this data in a
manner that was unimaginable in the past (Pine, 2007). These technological advances led
to the development of sophisticated emergency management information systems (EMIS)
based on IT. These systems can not only provide the emergency manager with additional
data, but also provide analysis in a timely manner. The collected data can also be used to
simulate potential disasters exploring possible outcomes given various conditions to
support mitigation and planning decisions. Ristvej and Zagorecki (2011) identified four
key functions that a typical EMIS should provide. They are:
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•

Data collection – traditionally, data collection was done in the form of paper reports
or questionnaires. The development of IT allowed for use of word processors,
spreadsheets, and forms to enter data directly into the databases: initially at desktop
computers and later online forms for which the data was stored on dedicated servers
connected to network. Another increasingly important source of data is remote
sensing technologies. In the past, remote sensing data was mostly related to
expensive satellite systems and sophisticated geospatial tools (Nayak and Zlatanova,
2008). Sensing technologies are currently undergoing rapid advances, leading to
affordable sensors that can communicate wirelessly, often without relying on
external power sources, to an emergency Operations Center. Use of them
significantly increases situational awareness, often in real time. In particular, use of
widely available smart-phones, which typically have a rich suite of various sensors
embodied (camera, global positioning system, accelerometers, magnetic field
sensors, etc.), are currently being actively explored (Ehlert, 2012).

•

Data transfer and distribution − developments in telecommunications, in particular
computer networks, provide fast and reliable means of transferring data over large
distances and large user groups. In the context of disaster management, the
technological ability to share information between multiple organisations is of
particular significance. Sharing important data is crucial not only to the situational
awareness mentioned above but, in the development and distribution of incident
action plans (IAPs) that coordinate response and recovery actions. In the last decade,
wireless communication has become affordable, allowing new advances in disaster
management. This has been achieved through the use of automated sharing of
information with distributed users, such as remote sensing data sharing between the
sensors and servers hosting software that provides advanced analyses which improve
dynamic situational awareness. It also facilitates applications such as wireless
cameras for real-time sharing of images for both response and damage assessment.
The same improved communications also enables two-way instant communication
and data sharing not only between the response organisations, but also with the
general public equipped through items ranging from smart-phones to road-side
signage directing the public, thereby facilitating the implementation of smart traffic
management systems for challenges such as urban evacuations (Aved et al., 2006).

•

Data storage – IT offers technology to efficiently store large volumes of data,
and provide virtually instantaneous access to it. In the early years, hundreds of
documents could be stored on computer hard drives; later relational databases were
able to store large volumes of structured, interrelated data items. Although this
technology is well established, it is continuously advancing to store new and more
demanding data, such as video streams. Finally, in recent years, the big data term
represents data storing techniques that allow efficiently accessing data items
distributed in multiple locations exploiting the advantages of parallel data
processing. This is critical in the many areas where regulation and consequence
management are managed by different agencies.

•

Data processing and analysis − the goal of an EMIS is to provide relevant
information to the decision makers. The amount of data within an EMIS far exceeds
human abilities to analyse it. Therefore, the EMIS should provide tools for
manipulation of collected digital data. Although there are tools that allow for
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processing and analysis of large volumes of data efficiently, they have serious
limitations, and considerable effort by human analysts and decisions makers is still
required to produce sophisticated analysis of the available data including incident
trends and interdependent relationships. Using the example of archived video data
mentioned previously, when accompanied by change detecting analysis software,
could facilitate the detection of environmental changes. These could indicate the
development of potential event triggers such as buildings leaning or changes in highhazard dams which could foretell of a catastrophic failure. These new capabilities not
only allow detection for which analysts are difficult to process, but in some cases
might be too small to be detected by human senses.
In addition, Dorner and Pfeifer (1993) found that stressed subjects, like emergency
managers, focused on the general outline of the problem rather than in-depth analyses.
EMIS can enhance decision making by providing this analysis when time-constrained
situational conditions would not permit it. Of all four functions, this function proves to be
most challenging and available tools seem to not meet the practitioners’ expectations.
In this paper, we focus on the discussion of the role of IT in the data processing and
analysis function and its utility to the emergency management community. This
partnership can provide many useful tools to emergency managers already faced with
daunting amounts of information and from an increasing number of sources. One of our
particular interests is the advances in the automated analysis of the collected data. The
focus of this paper is application of advanced techniques for data analysis. What we mean
by the advanced analysis is creating new knowledge from available data, rather than
processing the data in a prescribed manner, regardless of how complex these
manipulations are. The two fields that offer techniques for creating new knowledge from
data are data mining (Han and Kamber, 2006) and machine learning (Bishop, 2006). The
techniques offered by these fields rely exclusively on data to discover new patterns,
trends, or deliver predictions. They stand in contrast to systems that rely on subject matter
input in order to define the knowledge base for reasoning about the domain.
Disasters are events that often result from unexpected and dramatic changes in a
stable, but often precarious, system or interdependent systems that we know as our world.
One of the approaches to the problem is proposed by Mileti (1999). He differentiated
these into natural, human and constructed systems, but we acknowledge that there are
many levels of these systems and subsystems. Disasters very rarely start with a massive
disruption of the system (with a few exceptions such as earthquakes) – rather they are
rapid processes that propagate the initial effects (limited) through a complex system
leading to major disruption of this system (examples here can be Chernobyl or Hurricane
Katrina). As Perrow (1999) points out, we often face complex systems in which a series
of failures come together in a way that no one could anticipate. In the case of Hurricane
Katrina, they included the failure of levees, failure of evacuation, shortcomings of the
response, and finally, social and economic factors. These properties imply that disasters
involve large scale effects, which are complex and dynamic. Each of these characteristics
poses significant challenges to modelling and analysis to support the needs of emergency
management decision makers. These challenges are part of the impetus for the call by the
National Research Council for automated information fusion from diverse sources
(National Research Council, 2007). To make the situation even worse, disasters are
extremely rare events, each of them with some unique characteristics. Our knowledge of
catastrophic system failures is typically much less than our understanding of the ‘normal’
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states of the systems. If one considers that in the context of the automated systems that
rely exclusively on data analysis, it leads to the conclusion that one can assume that it is
possible to collect the data on normal operations of a system, but the data on catastrophic
events will be always scarce, by the nature of these events. This was identified as one of
basic challenges in disaster management, for example Cutter (2006) notes that basic data
on the range and extent of the hazards has not kept pace with the needs. Therefore, the
methods relying exclusively on the data, seemingly offer limited applicability in this
context. We will discuss this problem, and show that it may not necessarily be the case.
Disaster management is a multifaceted process to avoid, reduce, respond to, and
recover from the impact of the disaster on the system. Because of the scale of events,
disaster response involves multiple organisations – governmental, public and private,
often crossing multiple layers of authorities (Comfort et al., 2004; Waugh and Tierney,
2007). This emphasises the need for decision support systems, as it is virtually impossible
for a human decision maker to comprehend the complexity of the situation. Instead,
problems such as situational awareness (Zheng et al., 2011) and building a common
operating picture, shared among multiple actors who often have only partial view of the
situation, are becoming some of the most urgent needs of disaster management.
There are numerous ways that IT can enhance the practise of disaster management.
The overview of technologies in the context of disaster management was discussed in
Ristvej and Zagorecki (2011). In this paper, we focus on the data-driven methodologies
within the frameworks of DM and ML and their potential and proven roles in supporting
different phases of disaster management. We begin with what we believe is a necessary
clarification, of the definition for the term data. Then, we introduce the data mining and
machine learning. Consequently, we review the applications of these techniques to
disaster management, focusing on their role in different phases. We conclude the paper
with the discussion of future directions and practical challenges.

2

Interpretation of data

Data is a term that has two meanings in English, which is sometimes a source of
confusion. The first meaning of data relates to a collection of information and to some
degree its’ encoding: it can be in form of facts, measurements, statistics, variables, etc,
either quantitative or qualitative. It is the lowest level of abstraction, from which one can
produce information and knowledge. The second meaning is related to processing of
factual information: it is a body of facts that can be both assumed and known that form
basis for reasoning. We can say that the former meaning is more scientific and technical,
while the latter is more philosophical. The problems may arise in practise when in a
conversation one party has in mind the first meaning and the other party the second
meaning. For example: when discussing the availability of video data of disaster area, for
the emergency personnel the data is the part of the content of the video such as extent of
damage, description of events, or message recorded. For the data scientists, the data is a
quantitative digital stream where the aspects such as data transfer, digital format and
storage are of concern and interest. From the authors’ experience, the understanding of
the term data varies extensively, especially between the technical fields (such as IT, DM
and ML communities) and the social sciences and practitioners in the field of disaster
management. These different interpretations and the underlying assumption that the same
term data carries the same meaning leads to misunderstandings or even conflicts, often
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affecting the performance of multidisciplinary projects. Discussion of the application of
DM or ML to the field of disaster management should start with agreeing on
understanding of the meaning of the very basic term – the data.
IT is a field that was mostly driven by mathematics and engineering. It is a similar
case for the data mining community which shares links to mathematics and engineering
with additional strong statistics influence that clearly shape the interpretation and
requirement for the data. The requirements of the data from the data mining
community can be summarised as: the data should be well structured (tables, relational
databases, etc.), translatable into variables (numeric or textual), and preferably large
amounts (in thousands or more instances) that enable statistical methods to be justified.
These requirements reflect the limitations of the methods used. Typically, it is desirable
that the data is collected under the same conditions and samples are unrelated to each
other (instances are independent and identically distributed). This requirement originates
from assumptions required by the statistical methods that provide underlying mechanisms
for many of the more advanced methods.
On the other hand, the expectations of the data in the other fields, especially from the
practitioners’ community, are much broader. The data can range from the well-structured
form as desired by the data scientists, to concepts such as rosters, written reports, maps,
newspaper articles, video clips, etc. Some of these forms can carry very rich and useful
information to domain experts, but are difficult to be exploited by the DM and ML
techniques. For example, a photograph of an affected area can deliver many clues for a
human expert; however, there are yet to be any automated tools for interpreting arbitrary
images.
As a part of our work, we surveyed 30 senior practitioners in the disaster management
community and asked them how often they use different types of data in the process of
decision making. They had an option to choose from the following general categories:
•

Unstructured textual data: news articles, incident activity reports, and
announcements, etc.

•

Structured textual data: 9-1-1 CAD data, situational reports, damage assessment
forms, etc.

•

Remote sensing data: numeric measurements, but this category increasingly includes
use of mobile image and video devices

•

Spatial data: data within graphical information systems (GIS), satellite and aerial
imagery, etc.

•

Voice and video: radio communication, news broadcasts, etc.

The results of the survey are shown in Figure 2.
They were also asked which type of data they most commonly used. Structured text
was chosen by 47% of the respondents followed by voice/video at 40% then 7% each for
spatial and remote sensing.
As should be expected, this list follows the second meaning of the term data
discussed earlier. In order to apply DM and ML methods, we should translate it into more
‘technical’ view. The challenge of applying DM and ML methods to disaster
management starts at this point – the identification of useful data that the methods can
exploit. Diversity of the data used by the disaster managers poses a considerable
challenge in applying analytical methods because most of these methods were originally
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developed to handle numerical and well structured data. Although developments in
information retrieval for the textual information (Manning et al., 2008) and methods for
image and video data (Gonzales and Woods, 2007) are considerable, in reality, practical,
automated and reliable text and image interpretation has not yet been achieved.
Figure 2

Most commonly used data types

Disaster management is a field where there is a clear distinction between static and
dynamic data. The static data is a type of data that is collected prior to the disaster event.
Examples of static data include: spatial data capturing population characteristics, location
of resources, emergency response plans, etc. The dynamic data is the real-time event data
that is produced during the disaster and may include weather data, river states, response
unit locations, resource distribution, etc. Managing these two types require different IT
infrastructure, and from the perspective of DM they may be exploited differently: the
static data offers more time for in-depth analysis, while managing dynamic data requires
ML approaches that are suited for processing in real time (or near-real time) data that is
highly unpredictable and uncertain.
Both the diversity of the data and its combination of static and dynamic data call for
methods that allow combining heterogeneous data in order to produce useful information
out of it. Data fusion is the process of combining multiple and often distinct data sources
in order to achieve a more complete representation of the phenomena of interest. Data
fusion is particularly useful in the case of incomplete and/or uncertain data as it allows
using multiple data sources to compensate for the incompleteness and uncertainties
(Michalowski et al., 2004). However, the concept of data fusion is difficult to implement
in practise where the data sources are diverse and come from different sources that are
beyond control of data scientists and developers. This is the case in disaster management
– often the data is provided by different organisations, often with limited IT capabilities.
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Data mining and machine learning

Machine learning is a branch of computer science (more precisely artificial intelligence)
that is concerned with developing methods and algorithms that learn characteristics and
patterns from available data in order to make predictions. The main focus of ML is to
develop methods that can build models that describe data (and preferably underlying
mechanisms) faithfully. Practical examples of ML application are e-mail spam filters:
these software tools embodied into e-mail servers are able to automatically identify spam
e-mails with great accuracy. The ‘logic’ behind these filters is learned automatically by
analysing content of e-mails and the users’ behaviours.
Frawley et al. (1992) define data mining (DM) as the nontrivial extraction
of implicit, previously unknown, and potentially useful information from data (Frawley
et al., 1992). In fact, DM is a wider concept than ML – it is concerned more about
the analytical processes that lead to new knowledge discovery from large existing
datasets. It is strongly related to large scale data management and processing (relational
databases, data warehousing, etc.). Unlike the ML, the DM emphasises the practical
aspects of data management and delivered results. DM is expected to feed business
intelligence and computer decision support systems with information that should be
useful for the decision makers.
There are obvious overlaps between DM and ML, but there are the key differences as
well. The overlaps include: shared algorithms and methods (mostly statistical), both rely
on data and try to draw conclusions from it. The differences include:
•

ML is more concerned about the process of knowledge discovery, (algorithms that
analyse data) preferably detached from given dataset characteristics, while DM
focuses on extracting and exploiting useful information from available data
(with focus on particular instance of data).

•

ML goal is focused more on reproducing existing knowledge (in order to validate
usefulness and correctness of the proposed algorithms), while DM is to discover and
exploit new knowledge from the provided dataset.

•

Data sources are of concern of DM: providing efficient data infrastructure in the
form of databases and efficient retrieval algorithms is part of DM, while ML
typically assumes datasets as input of the algorithms (though some algorithm
specific data structures for efficient data access may be a part of ML).

•

DM requires large amounts of data: large databases’ infrastructure is the concern
of DM, while ML may focus on methods and algorithms that are explicitly designed
for the limited available data.

Both, DM and ML are widely recognised tools to support decision-making in many areas,
including banking, insurance, aerospace and defence industries, etc. Some examples of
applications include: search engines, bioinformatics and DNA sequencing, e-mail spam
filters, online recommendation systems, and facial recognition for security applications,
fraud detection, and many more.
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Data analysis in disaster management

As discussed earlier, disaster and crisis management poses a number of challenges. The
availability of useful and comprehensive data is one of these challenges. But even if the
large volumes of data would be available, there would be other problems. If one
considers a jurisdiction (which would be subject to a disaster) as a system in a ‘normal’
state, there are so many different ways this system can be subjected to a disaster, and it is
impossible to have reasonably complete data on all of them (it may not be even possible
to express all possible scenarios for disasters). However, it is theoretically possible to
have rich data on the ‘normal’ state of the system. Part of the ‘normal state’ is the
potential hazards and their repercussions. This is where the knowledge base that Cutter
(1996) refers to would be useful. The history of incidents certainly is not comprehensive,
but building that experience helps to turn possible events into probable and develop
both normal system parameters and boundaries. Such process would help to inform the
data-driven methods, which can be useful to detect anomalies (out of normal states).
And indeed, there are already developed data-driven early warning systems that rely on
the anomaly detection: examples include disease outbreak detection (Cooper et al., 2004),
or fire detection (Bahrepour et al., 2010). The reason for the need for sophisticated
methods to identify anomalies is because there are inherent variations in the data values
and the determination of what level of value constitutes an anomaly requires taking into
account multiple often correlated factors.

4.1 Mitigation
The mitigation phase of the disaster management cycle is concerned with reducing the
risk of occurrence of the disaster and its possible consequences. Probably the most
recognised examples of DM and ML for disaster mitigation relate to the prevention of
different threats posed by man-made disasters. Examples include: detecting terrorist
threats through analysis of computer networks (Last et al., 2006), social networks
(Weinstein et al., 2009), fusion of sensor data for nuclear threat detection, face
recognition at crowded settings, etc. DM and ML could be combined with static data
to monitor changing conditions and their impact on static features of the community.
This would enhance the ability to prioritise preventive actions in order to avert an
incident.

4.2 Preparedness
One of the most challenging problems in the preparedness phase is evacuation planning
(Crooks et al., 2008). Evacuation planning involves the need for combining spatial data
and capturing evacuee behaviours (Miah, 2011). The main research focuses on using DM
methods to identify potential threat and safe areas. DM could also be useful in monitoring
information sources, such as public safety websites; to determine what information is
being sought as both an indicator of public awareness and what resources may be
required should an event occur (White et al., 2009). DM can also be used to estimate
changing conditions. Yang et al. (2011) showed how DM applications to estimate tropical
cyclone intensity changes. This could be valuable is the development of preparedness
plans.
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ML can also find application in early warning systems (Grasso, 2012), both for
natural and man-made disasters. Examples include early warning systems for chemical
and nuclear threats, floods, tsunami, and more. Conceptually, the early warning systems
rely on anomaly detection – the lack of data on disasters is alleviated by the fact that
anything out of normal can be labelled as potential threat, and be possibly subjected to
human review. Another method, recently gaining a considerable of interest, is human
review or potentially ground proofing the impact of early warning is the harvesting of
social network data sources such as Facebook and Twitter.
One aspect related to early warning systems that is worth discussing is the role of
simulated data in the process of their development and validation. Because of the limited
actual event data (or sometimes lack of thereof) the researchers typically are forced to use
simulated data to validate their work. This practise can suffer from several problems:
•

Simulated data can be simplified – lacking the certain factors that exist in real data
and were not included in the models that were used to generate simulated data. While
preparing simulated data always trade-off between complexity of generative models
and effort put in data generation must be done.

•

Simulated data can be created based on actual event data that was used as a pattern to
generate a larger set of simulated data. The danger in this approach is that the data
generated in this manner may be biased toward the original event data.

•

Simulated data may not be representative to the type of events that occur in practise.

Although using simulated data is a widely accepted practise, it can potentially lead to
situations that the methods or systems provide good results on the simulated (synthetic)
data, but their practical value remains in fact untested. Further evaluation requires a
comparison of model performance with actual events and validation by experienced
practitioners.

4.3 Response
The recent advances in mobile devices that are capable of wireless communication and
have substantial computing power have caught attention of researchers and practitioners
(Souza and Kushchu, 2005). Their role during response operations can include
communication (both voice and digital), they can serve as automated sensors (typically
equipped with GPS, motion sensors, etc.), and are capable of relatively high quality
imaging and video recording. They can be used to enhance situational awareness by
gleaning information from sites which can produce accurate results (Vieweg et al., 2010).
However, if these data generation capabilities are used, the problems of delivering
repetitive information and information overload arise. DM techniques to manage
the content and amount of information presented to the users have been proposed (Zheng
et al., 2011). Privacy concerns associated with use of mobile devices in the context of
DM and a proposal of the solution to that problem based on aggregate data collection,
rather than linked to individual users were discussed by Best (2012).
An intelligent technology gaining recognition in disaster response is the use of robots
in search and rescue operations (Shah and Choset, 2003). ML is closely related to
robotics – the ‘intelligence’ of autonomous robots typically originates from ML
algorithms. The strength of ML algorithms is exploited in mapping new environments
that were created in the result of the disaster (for example piles of rubble). Rescue robots
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provide a clear example how algorithms that have ability to learn new knowledge from
the data can be successfully applied in the real situations.

4.4 Recovery
Recovery is the last phase of the disaster management cycle and can be referred as
rehabilitation and reconstruction of the disaster affected systems. Recovery begins by
clearing the community of any debris and re-establishing basic infrastructure.
This phase seems to receive substantially less attention from the ML and DM
communities but it warrants additional attention. DM can be used to coordinate across
levels of government, as mandated by the Hurricane Sandy Rebuilding Task Force, by
gathering data from various agencies (Rubin, 2013).
But there are possibilities for DM and ML support. DM can be of assistance through
the integration of social media that can be augmented by the use of data including,
geo-tagged photos of damage transmitted from the wireless systems such as smart phones
and then posted to websites such as Facebook and Flickr (Liu et al., 2008). This
information would not only provide spatial data from which any associated textual data
can be mined, but if augmented by analysis of video to determine the severity of impact,
could add to the development of recovery plans.
A vital function that DM can provide is in the determination of recovery costs for
specific projects or areas. In large-scale events funds may be dispersed through a
distributed procurement section. These systems can generate large amounts of data.
By mining this data the receipt of disaster recovery funds could be less labour intense
(Hristidis et al., 2010). In a Congressional hearing (US Congress, 2007) the Government
Accountability Office stated they were able to identify fraud by using data mining after
Hurricane Katrina.
DM can also be used for assisting in estimating the effects on economic recovery of
the affected areas (Zheng et al., 2011), while ML can be used for determining optimal
debris management strategies. Both DM and ML can be used in planning post-event
recovery creating a more disaster resilient community (Hristidis et al., 2010).

5

Conclusions and future directions

In this paper, we discussed the potential and challenges in applying DM and ML to
disaster management. We presented some selected examples of applications of DM and
ML in different phases of the disaster management cycle. We had no intention of
providing an exhaustive list of applications or to cover the problem comprehensively.
Our intention was to highlight and discuss the challenges and indicate future trends.
In general, we observe the progression of using the DM and ML from problem-specific
applications (e.g., plume dispersion modelling, rescue robots, etc.) to somewhat broader
applications, such as building situational awareness and real-time threat assessment.
One potentially useful new direction would be applying social network data mining to
real-time analysis of data delivered from mobile applications used during the response
phase of disaster management. During this review, the problem of the use of simulated
data has been discussed. The lack of actual data is often addressed by using simulated
data. Such synthetic data can lead to performance evaluations of the proposed algorithms
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and methods that are not realised in real settings and this practise should be scrutinised
by the community.
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