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Summary 
Every year, natural hazards threaten millions of people and are responsible for 
billions of dollars in damages. Climate change and increasing exposure in areas at 
risk are expected to increase hazard frequency and exacerbate their impacts. To 
counter these effects, the global community aims to improve disaster preparedness, 
response and recovery. This requires, among other things, reliable and rapid 
information on disasters and their impacts. However, despite promising advances in 
methods for the collection of data about disasters, information gaps and uncertainties 
continue to exist.  

In recent decades, the use of social media has rapidly increased – and consequently 
the amount of real-time online data – largely driven by a rapid increase number of 
people with easy access to the internet. This online content can be turned into 
location-specific data that can be used to save lives and reduce damage through 
applications such as the early detection of hazards, organizing emergency response 
and rapid impact assessments. However, challenges remain in our ability to 1) extract 
information from social media data and 2) in effectively applying this information 
in disaster management.  

In response to the first challenge, chapters 2–4 outline the development and 
validation of a series of algorithms for the localization and classification of tweets 
and for the detection of flood events on a global scale. In response to the second 
challenge, chapter 5 outlines an approach to update pre-existing vulnerability curves 
with event-specific information from social media and shows their application in a 
rapid damage assessment. 

To find the location of natural hazards mentioned in tweets, the geographic scope 
of a tweet must be determined. Unfortunately, the location of the device used at the 
time of posting is available in only approximately 1% of tweets. Moreover, this 
location corresponds to the user’s location at the time of posting rather than a 
potential location referenced in the tweet. As a solution, a geoparsing algorithm can 
extract mentions of locations from a tweet’s text. Unfortunately, many place names 
have multiple occurrences worldwide, and some locations names also have other 
meanings that are not a location (e.g., in English, “Turkey” is a country as well as a 
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bird). Therefore, chapter 2 outlines a geoparsing algorithm that first matches words 
in a tweet’s text to a global database of place names and then utilizes tweet metadata 
to find the most likely geographical location the user intends, if any. As a new 
contribution, the algorithm not only uses the metadata of the tweet itself, but also 
of tweets about the same topic that mention the same place name within a certain 
time frame, assuming that all tweets that mention the same topic and location name 
(e.g., “flood” and “York”) concern the same geographical location. This enables the 
correct localization of tweets without metadata, or with metadata that matches 
another location if the majority of metadata in all tweets matches the correct 
location. Validation shows that this approach drastically increases the number of 
correctly geoparsed tweets. 

Unfortunately, many localized tweets that mention hazard-related keywords do not 
actually concern ongoing natural hazards. While algorithms for the automated 
filtering of tweets have been developed, these algorithms still trail behind human 
understanding. One reason for this is humans’ ability to use context to their 
advantage. Therefore, in chapter 3, an artificial neural network – an algorithm 
designed to recognize patterns in data – is presented that analyzes both text and 
hydrological data to filter tweets. Here the hypothesis is that when a tweet coincides 
with peak hydrological conditions it is more likely to concern an ongoing disaster 
than one that does not. To test this hypothesis, 4,000 tweets in four major languages 
were manually labeled according to whether they concern an ongoing event. Then, 
using the time of posting and the location mentioned in a tweet, several hydrological 
statistics were derived using a global precipitation dataset and a simple routing 
algorithm. Together with the text, these hydrological statistics were then used as 
input data for a series of experiments to compare the performance of a neural 
network that uses these statistics with a neural network that does not. It was found 
that the neural network that does employ hydrological statistics performs better for 
all languages in all experiments, showing that the neural network used this contextual 
information to its advantage. Most notably, the neural network with hydrological 
statistics was able to reliably optimize in high-precision scenarios, while the neural 
network without hydrological statistics was not. Moreover, the neural network’s 
ability to be applied to languages that the neural network was not trained on was 
improved. 
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Chapter 4 presents a new historic and real-time database of flood events since July 
2014 based on Twitter. To construct the database, 88 million tweets that mentioned 
at least one pre-defined flood-related keyword in one of 11 languages in just over 
four years were analyzed. First, the geoparsing algorithm presented in chapter 2 was 
used to find locations mentioned in tweets. Then, similar to chapter 3, a neural 
network was used to discard tweets that did not concern ongoing flood events, and 
duplicate or near-duplicate tweets were discarded. Finally, a burst detection 
algorithm was used to find temporally enhanced Twitter activity within a country or 
administrative subdivision and label those bursts as flood events. This resulted in a 
database of over 10,000 detected flood events across 176 countries, and it is 
estimated that up to 90% were correctly detected. The patterns in these databases 
are shown to be similar to a global disaster database, and the algorithm detects many 
events that are not present in this database. 

After a natural hazard occurs, rapid impact assessments are often performed by 
combining the three components of risk: hazard, exposure and vulnerability. 
Vulnerability is often represented by a curve that links the severity of a natural hazard 
to a damage ratio for a specific building type. However, these vulnerability curves 
are often created using expert knowledge or historic insurance data, reducing their 
applicability for the specific characteristics of the event and building stock. 
Therefore, chapter 5 outlines a Bayesian approach to creating event-specific 
vulnerability curves for rapid impact assessments and applies this approach in the 
aftermath of Hurricane Dorian, which hit the Bahamas in September 2019. To do 
this, footage posted on YouTube in the first 10 days following the disaster are 
analyzed. These observations are then used to update pre-existing vulnerability 
curves that were constructed using experts’ judgments, resulting in an overall lower 
estimate of the vulnerability of the residential building stock for this particular event. 

Future advances in using online media in disaster management can be made by 
including more media sources, such as newspaper articles. While the information in 
newspaper articles is generally not available in real-time, as is the case for a large 
proportion of tweets, their text is more structured and grammatically correct, making 
it easier to automatically extract reliable information. Furthermore, improvements 
to algorithms that assist in extracting information from tweets could be made. For 
example, the analysis of additional data or metadata such as rainfall intensity and the 
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structure of social networks could assist in the disambiguation of place names and 
increase the reliability and the rapidity of event-detection algorithms. After an event 
is detected, the automated localization of photos can improve the precision and 
accuracy of located social media posts, supporting improvements such as the creation 
of hazard and impact maps. These maps could also be improved by integrating 
information from other sources such as satellites, using the advantages of the 
respective systems in various environments and conditions. 

However, it should also be noted that social media is not a panacea for disaster 
management and requires additional cost and labor, which are both limited, 
especially during disasters. Moreover, the sheer amount of sometimes contradictory 
data available for disaster managers has also led to cases of information overload. 
These notions invite further research on the relative advantages and disadvantages of 
employing various data sources in different situations and how the data sources can 
complement each other. Moreover, further integration of various sources can reduce 
the number of pieces of information available for disaster managers while increasing 
information coverage and reducing uncertainty.
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