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1| Introduction 
Globally, natural hazards affect millions of people every year and cause tens of 
billions of dollars in damages (Aitsi-Selmi et al., 2015). Their economic impact is 
expected to increase due to factors such as climate change (Mora et al., 2018) and 
the increasing exposure of assets and people (Bouwer, 2011). At the same time, it 
has been shown that relevant information about disasters and their impacts can 
improve our ability to respond to (Basher et al., 2006; T. Li et al., 2017) and recover 
from them (Gunasekera et al., 2018). To support these actions, disaster management 
organizations require information based on observational and simulated data about 
such events. 

Observational data about disasters is collected using methods such as ground reports 
(Jongman et al., 2015a) and remote sensing (Dottori et al. 2016 and Revilla-Romero 
et al. 2015). However, despite promising advances, information gaps and 
uncertainties continue to exist. Ground reports are often insufficient due to limited 
manpower (Koshimura et al., 2009) and difficulties reaching affected areas (Bono 
and Gutiérrez, 2011). Satellites can provide detailed information that is spatially 
continuous, but this can be hampered by temporal lags due to the satellites’ position 
(Resch et al., 2018), cloud cover (Cervone et al., 2016) and the fact that they are 
limited to a vertical perspective (Coz le et al., 2016). Unmanned aerial vehicles 
(UAVs) allow for multiple-perspective information (Fernandez Galarreta et al., 
2015). However, similar to the satellite-derived data, clouds and canopy cover can 
impede the data collection (Wang et al., 2018), as can high wind speeds (Debell et 
al., 2016), restricted battery life, and, occasionally, regulations (Erdelj et al., 2017). 
Moreover, due to the dynamics during natural disasters, frequent updates of the 
situation are required (Ogasawara et al., 2014). 

Another option is to simulate disaster data using computer models by simulating one 
or multiple components of risk: hazard, exposure and vulnerability (Cardona et al., 
2012). For example, floods can be simulated using hydrological models (Emerton et 
al., 2016; Thiemig et al., 2010) and combined with a risk model to show the effects 
of flooding (Dottori et al., 2017). However, one of the major challenges in 
improving such models is collecting independent, ground-truth data for the various 
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components of risk to validate and calibrate a model (Kauffeldt et al., 2016; Ortega 
et al., 2019). 

1.1 Social media before, during and after disasters 
Over the last decade, the use of social media data has been widely proposed as an 
additional source to obtain observations before, during and after disasters (e.g., Gao 
et al., 2011). As smartphone usage continues to rise globally (Poushter, 2016), a large 
number of individuals, news reporters and agencies post textual and other multi-
media data on the web. Social media users can thus be regarded as a distributed 
sensor network (Crooks et al., 2013). The data these users produces (e.g., tweets) 
can then be harvested from the web, processed and applied. 

Organizations such as the Red Cross have recently recognized the benefits of social 
media analysis. It is directly used through websites (e.g., www.twitter.com) and 
various dashboards, for example, to support the early detection of events (e.g., 
Poblete et al., 2018) and improve situational awareness (e.g., Avvenuti et al., 2016b). 
Although many crowdsourcing platforms have been developed (Goodchild and 
Glennon, 2010; LaLone et al., 2015), analyzing all content by hand is laborious. 
Therefore, the automated analysis of online media such as Twitter data (i.e., a 
collection of tweets) has been explored in disaster-related studies, sometimes in 
conjunction with manual processing (Link et al., 2016). In addition, social media 
can also actively inform households that are in potential danger from hazards 
(Chatfield and Brajawidagda, 2013) or obtain information from the public by 
sending messages to potentially affected individuals to request such information 
(Nepal et al., 2015).  

Some studies have predominantly focused on improving single processing steps 
(section 1.2), such as the localization and classification of social media posts. Other 
researchers have combined multiple steps (e.g., collection, localization and 
visualization) to create applications for the support of the preparation response and 
recovery phases of the disaster management cycle (section 1.3). Meanwhile, some 
research has focused on role of Twitter in terms of communication between people 
and organizations (e.g., Brandt et al., 2019; Scott and Errett, 2018). This thesis, 
however, focuses solely on passively collecting and analyzing online media data that 
is posted by users without active solicitation. 

http://www.twitter.com/
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1.2 From social media data to information 
We live in an age in which social media data is no longer or no longer seems to be a 
scarce commodity. As of 2019, the most popular social media platforms included 
Facebook, YouTube, Qzone, Weibo, Instagram and Twitter. Of those platforms, 
Twitter is used the most for research in disaster management. The attractiveness of 
using Twitter data for research is that it provides global data that is relatively easy to 
access through an application programming interface (API). 

Since 2014, roughly 500 million tweets (i.e., Twitter posts) are posted daily. 
However, only a fraction of those are relevant for disaster management. As humans 
cannot effectively analyze this sheer volume of tweets, the social media data first 
needs to be processed, structured and organized in the context of disaster 
management in order to be useful as information. 

Although a wealth of information is available, distilling this information can be 
challenging (e.g., Carley et al., 2016). Social media posts are rarely created with the 
purpose of disaster management in mind. Ideally, posts would be presented in a 
standard format with information such as the type of disaster and the time and exact 
location of the observation. However, tweets are written as free-form text in many 
languages and are error prone (Li et al., 2012). 

 

Figure 1: An example tweet mentioning a "where," "what" and "when." 

Therefore, to effectively process, structure and organize this data, a wide range of 
algorithms and platforms have been developed to distill information (Figure 1), most 
importantly the where (section 1.2.1), what (section 1.2.2) and when (section 1.2.3). 
This processed information can then be employed as immediately actionable 
information for applications such as early warning systems and the validation and 
calibration of disaster simulation models (section 1.3). 



Chapter 1 

28 

1.2.1 Where? 
Several types of geo-information can be derived from a tweet’s GPS coordinates, 
metadata (e.g., time zone, hometown and a user’s network) and the text itself. This 
information can then be used (sometimes in combination with other data) to 
estimate the location from which the tweet was sent, the user’s residence or the focus 
of the tweet (Schulz et al., 2013). 

Some geographical information can be available in the tweet’s metadata. Most 
notably, a user can add a location label and corresponding bounding box (e.g., 
“Washington D.C.”) to a tweet, but this is only available for approximately 1.9% of 
tweets.1 Moreover, many studies have successfully used the GPS coordinates of the 
location of the device used at the time of posting, such as for the detection of 
earthquakes and for mapping disaster impacts and people in need (Fohringer et al., 
2015; Sakaki et al., 2013). However, as a user must manually enable this option, it 
is only available for approximately 0.7% of tweets. 1 Finally, users can specify their 
location and time zone in their profile, which is available for 70% and 51% of 
tweets,1 respectively. For the location field, around 68% of users specified a real 
location, mostly a country, an administrative subdivision or settlement (Hecht et al., 
2011). 

Other location information can be derived from a tweet’s text, often combined with 
an analysis of the tweet metadata to increase the performance of localization. One 
such method is a language modeling approach, where a model is built or trained 
based on tweets or other text with location information, which is then used to 
estimate the locations of other, new documents. One example of this is a study 
(Roller et al., 2012), in which geotagged text (e.g., tweets with coordinates) was 
linked to cells in a grid. For a new tweet, the grid cell with the highest similarity 
between the new tweet and the tweets previously linked to the grid cells was then 
selected as the most probable location of the tweet. In another study, researchers 
trained a neural network using a large corpus of geotagged tweets (including 
metadata) to predict the location of new tweets. 

 

1 Statistics derived from a multilingual database of tweets mentioning flood-related 
keywords (Chapter 4). 
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Another method is geoparsing, in which geographical locations in a tweet’s text are 
matched to a gazetteer (i.e., a geographical dictionary). To do this, mentions of 
locations in a tweet (i.e., “toponyms”) first need to be recognized (i.e., “toponym 
recognition”). Subsequently, as a single toponym can refer to multiple locations with 
identical names, these toponyms need to be disambiguated (i.e., “toponym 
disambiguation”). To perform toponym recognition, researchers employ several 
techniques, such as matching n-grams (i.e., the sequence of n number of contiguous 
words) to a gazetteer (Paradesi, 2011) and named-entity recognition (NER; Ritter 
et al., 2011).  Toponym disambiguation can be difficult due to the large number of 
locations with identical names (e.g., Boston in Massachusetts and Boston in the UK). 
Therefore, several approaches have been developed that use disambiguating markers 
to perform the disambiguation of identical location names using, for example, the 
tweet metadata (e.g., user hometown and time zone), the co-occurrence of 
geographical entities in the tweet’s text (Ju et al., 2016) and a user’s social network 
(Jurgens, 2013). In other approaches, some locations are preferred over others based 
on attributes, such as population statistics (Amitay et al., 2004). 

Geoparsing approaches can be either geo-constrained or geo-unconstrained. In the 
former process, tweets likely related to a specific location are collected, often using 
textual and metadata filters, such as the start and end date of an event and specific 
keywords, such as “Hurricane Harvey.” It is then assumed that the toponyms 
mentioned in these tweets refer to a location within a constrained area. The 
advantage here is that the number of potential toponyms mentioned is relatively 
small, as is the number of locations with identical names. Therefore, localization to 
smaller geographical features, such as streets (e.g., “main street”) and points of 
interest (e.g., “the Museum of Natural History”), can give accurate results even if no 
other disambiguating markers are available in the text (Middleton et al., 2014). 

In contrast, geo-unconstrained geoparsing refers to the technique in which a tweet’s 
text can refer to any location globally. This drastically increases the number of 
potential locations to which a specific toponym can refer. Unfortunately, 
disambiguation markers are not always reliable or available. However, as a natural 
hazard affects a limited number of locations at any given moment, it can be assumed 
that most tweets mentioning a specific toponym refer to the same location (e.g., it is 
unlikely that both Boston, Massachusetts and Boston, England are affected by the 
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same type of natural hazard at the same time). However, approaches that use this 
assumption have not yet been developed and could advance geo-unconstrained 
geoparsing methods. 

1.2.2 What? 
A large body of research aims to determine what a tweet is about (e.g., Avvenuti et 
al., 2018a; Lorini et al., 2019), mainly focusing on the classification of tweets in two 
or more (i.e., multi-label classification) predefined classes, such as “hazard,” 
“damage,” “needs help” or “irrelevant.” Most research to improve this process 
designs algorithms to automate the classification process. Algorithms include naïve 
Bayes, support vector machines (SVM; Korde, 2012) and neural networks (Devlin 
et al., 2019; Kim, 2014) to filter tweets. To do so, humans first label a set of tweets, 
which is then used to train these machine learning models. Subsequently, the trained 
model can be used to automatically classify other tweets. 

The performance of these algorithms continues to increase due to more advanced 
algorithms, of which the most recent breakthrough is a neural network that employs 
the bidirectional training of an attention model (Devlin et al., 2019). Moreover, 
multimodal networks, in which an algorithm adopts data from another type of input 
(i.e., modality), such as photos attached to the text, can be used to boost the 
performance of specific tasks (e.g., Alam et al., 2018; Mouzannar et al., 2018). 

However, difficulties remain for both manual labeling and automated classification, 
especially for short texts. One of the issues is that not all individual tweets or parts 
of a text can be properly labeled, even by a human reader, due to their ambiguity 
(Sit et al 2019). For example, imagine the case of a classification task whose aim is 
to find tweets related to ongoing disaster events. Here, it can be unclear whether the 
tweet “assisting those affected by the disaster” is related to an ongoing disaster or to 
post-disaster reconstruction. Are the people affected by a disaster that occurred prior 
to the tweet, or is the event ongoing? A potential unexplored solution in this case 
could be to include external, contextual data in the classification task. For example, 
a tweet is more likely to relate to an ongoing disaster when, at the same time, there 
is a high streamflow at a location mentioned in it. 
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1.2.3 When? 
Most tweets refer to something that is currently happening (i.e., real-time) or has 
just happened (i.e., near real-time). However, this is not always true. To signal that 
this is the case, the user can use time expressions (e.g., “yesterday,” “last week”) or 
use a form of the past or future tense (for languages that have such tenses). Therefore, 
several researchers have focused on analyzing these time expressions using rule-based 
systems (Strötgen and Gertz, 2010) as well as systems that can analyze more implicit 
temporal expressions (Hürriyetoğlu et al., 2015). However, many users do not use 
proper time expressions, even when describing events that happened a relatively long 
time ago (e.g., a week or a year). Therefore, it is not always possible to obtain the 
time of an event from a single tweet. Moreover, these automated systems are 
unfortunately not error free. 

Another way to address this issue is to detect an elevated number of tweets relative 
to the “normal” situation, assuming that a burst or temporarily increased number of 
hazard-related tweets (i.e., on similar location and topic) describe the same event in 
the past, present or future. Some examples include the yearly commemoration of a 
previous disaster or a currently ongoing disaster. This principle has been applied in 
a large number of works on event detection (e.g., Avvenuti et al., 2016a; Poblete et 
al., 2018; Sakaki et al., 2010) that have mostly employed fixed time intervals. While 
this works relatively well in data-rich regions, for earthquakes that affect an area 
rapidly (i.e., seismic waves travel in the order of several km/s), this approach arguably 
performs worse in data-scarce regions (e.g., large parts of sub-Saharan Africa) and 
develops at a much slower pace for disasters such as floods and droughts. 

1.3 From social media information to application 
Many applications for disaster risk management have been developed using social 
media information that was previously derived from social media data, translating 
this information for damage estimations or the individual components of risk during 
various phases of the disaster management cycle. 

In the preparation phase and the beginning of the response phase, organizations 
and people plan and initiate their response. Here, social media largely plays a role in 
the early detection and warning of events, as in the case of earthquakes (Avvenuti et 
al., 2016b; Poblete et al., 2018; Sakaki et al., 2013), floods (Jongman et al., 2015a) 
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and wildfires (Boulton et al., 2016). For example, Avvenuti et al. (Avvenuti et al., 
2014) have acquired tweets using a set of earthquake-related keywords and filtered 
these tweets to detect events by checking if the number of tweets in a short time 
window (e.g., a minute) is a number of magnitudes higher than in a long time 
window (e.g., a week). 

During the response and recovery phases, efforts are made to minimize the hazard 
and its impact or to recover from that impact. For example, to better inform disaster 
response, several researchers have developed platforms to improve situational 
awareness during a disaster. For example, Aupetit et al. (2017) have created a tool to 
collect, filter and display tweets in an interactive dashboard that shows various 
visualizations such as timelines, maps and top-n named entities (e.g., locations and 
organizations) mentioned. Other studies have mapped the hazards and their severity 
using observations from online media, sometimes combined with measurements that 
do not directly influence the characteristics of the event (e.g., population size). Some 
examples include Mendoza et al. (2019), who have estimated the intensity of 
earthquakes from the number of tweets, and Kryvasheyeu et al. (2016), who have 
estimated the damage from Hurricane Sandy from the sentiment expressed in tweets. 

However, for most applications in disaster management, online media is not a 
panacea. In addition to difficulties analyzing the content of social media posts 
(section 1.2), the amount of online media data is limited in many regions around 
the world (Poushter, 2016); further, social media can be biased towards certain 
demographics (Jongman et al., 2015a) and is sometimes not available during 
disasters due to power failure (Espinoza et al., 2016). Moreover, to a large extent, 
online media posts contain either very general information about an event, such as 
mentioning general administrative areas like a country or province (de Bruijn et al., 
2018), or very specific information, such as a picture of a landmark or street 
(Middleton et al., 2014) scattered in both space and time. This makes it difficult to 
determine or assess the entire affected area. 

Therefore, studies have also combined social media information with other 
measurements or datasets that can influence the characteristics of the event (e.g., 
topography, rainfall, P-wave velocity). For example, Restrepo-Estrada et al. (2018) 
have combined social media data with authoritative rainfall to improve streamflow 
for flood monitoring, and Rosser et al. (2017) have developed a Bayesian statistical 
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model to map flood inundation from online media, remote sensing and topographic 
information. Burks et al. (2014) have created a model that takes both earthquake-
based features (e.g., wave velocity in the top 30 meters) and tweet-based features 
(e.g., the number of tweets) to predict ground-shaking intensity, and Brouwer et al. 
(2016) have made probabilistic flood maps by interpolating between flood 
observations from Twitter and taking topography into account. However, efforts so 
far remain largely focused on the hazard component. 

1.4 Research goal and objectives 
In addressing the previously discussed knowledge gaps, the main goal of this thesis 
is as follows: 

To improve disaster risk management using social media information by 
developing algorithms to extract disaster-related information from social media 
and to integrate this information in disaster management applications. 

Therefore, this thesis pursues the following objectives: 

1 to assess how geo-localization of tweets can be improved (chapter 2) 
2 to improve the filtering of tweets related to ongoing flood hazards using 

contextual geographical data (chapter 3) 
3 to develop an algorithm to detect and monitor flood events on a global scale 

from social media (chapters 2-4) 
4 to improve rapid damage assessments using social media data (chapter 4) 

4.1 Reading guide 
This thesis consists of six chapters further outlined below: 

- In chapter 2, an algorithm is presented that can recognize toponyms from 
a tweet’s text and then perform disambiguation by analyzing groups of 
tweets that mention identical place names. This algorithm is applied to a 
geo-unconstrained geoparsing task using tweets that mention a flood-related 
keyword in one of 12 languages. It also analyses the relation between the 
number of these tweets that mention a country and the impact of flood 
events. Finally, the performance of the algorithm is analyzed and compared 
to a previous model. 
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- In chapter 3, a multi-modal neural network is used to classify tweets that 
mention a flood-related keyword as being related to an ongoing flood-event 
or not. The neural network can analyze both textual and contextual 
information in the form of hydrological data. The network is trained and 
validated using a manually constructed dataset of tweets that mention a 
settlement (i.e., city, town or village) using the algorithm presented in 
chapter 2. Here, a comparison is made between performance when the 
contextual information is used and when it is not. Moreover, the network’s 
ability to be applied to other languages is analyzed. 

- In chapter 4, a database of historic flood events in regions (i.e., countries 
and their first-order administrative subdivisions) is presented. The database 
is automatically generated using an algorithm that detects an abnormal 
number of tweets that mention a specific region or geographical entity 
therein. The database is validated by establishing if the events in the well-
known global event database NatCatSERVICE are also present in the 
generated database and by manually verifying if the detected events did 
occur. 

- In chapter 5, a Bayesian framework is presented to establish event-specific 
vulnerability curves. Here, a prior vulnerability curve constructed with more 
traditional methods is updated with damage observations obtained from 
social media data. The framework is applied to a case study of Hurricane 
Dorian in the Bahamas in 2019. 

- Chapter 6 concludes and summarizes this thesis by responding to the 
objectives and outlining avenues for future research and policy implications.






	1| Introduction
	1.1 Social media before, during and after disasters
	1.2 From social media data to information
	1.2.1 Where?
	1.2.2 What?
	1.2.3 When?

	1.3 From social media information to application
	1.4 Research goal and objectives
	4.1 Reading guide

	Blank Page
	Blank Page



