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Abstract. The implementation of effective disaster management measures requires comprehensive information about a given
flooding situation. Text data from web news offer potentially large volumes of information for this purpose. However, the
extraction and spatiotemporal analysis of flood event-related information is inherently demanding due to the immense volume
of unstructured text. Addressing this challenge, we present a modular and scalable method that allows the extraction of disaster-
relevant information from a large text corpus. This is accomplished by combining domain specific entity extraction with
dictionaries, a machine learning model for toponym identification, and hand-crafted rules for entity linking in a modular
workflow. The extracted information is augmented with geolocations in order to support spatial analysis. Using the West
Germany flooding event 2021 as a case study, we evaluate the capacity of our approach to extract relevant geospatial
information at a variety of spatial granularity levels and in the form of various thematic descriptors. By doing so, we outline
the capabilities and limitations of this approach for text extraction and analysis. Furthermore, we demonstrate the potential for

systematic utilization of text data for improved situational awareness and for disaster management support.

1 Introduction

Understanding the spatial and temporal dynamics of flooding events and their consequences through comprehensive analyses
of past events offers valuable insights for enhancing risk management and mitigation strategies. Diverse, heterogeneous data
sources like remote sensing-based information products, cadastral records, in-situ measurements, and census data are routinely
integrated to assess hazards with catastrophic potential (De Albuquerque et al., 2015). Large textual corpora, including news
articles, web pages, and social media posts, have emerged as a particularly rich resource for extracting disaster-related
information, supporting rapid mapping and informed decision-making and future disaster mitigation and management. Textual
data can supply complementary, and at times superior, insights as compared to traditional sources such as satellite-derived
flood extent maps, and it is not subject to temporary data-delivery restrictions (Wieland et al., 2025). Notable types of text data
that are used in disaster information extraction procedures are news data or social media (De Bruijn et al., 2020; Eyre et al.,
2020; Klonner et al., 2016; Senaratne et al., 2023a). Social media remains a widely used textual source for disaster information

extraction (Hanny et al., 2025; Suwaileh et al., 2022). However, platform-specific constraints, exemplified by Twitter’s
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changing data-usage policies over time, can limit the accessibility and completeness of these data streams (Navalkar et al.,
2025). Beyond this, news websites and their text content are used as sources for disaster-relevant information extraction
(Owuor et al., 2020). Frequently, the spatial and temporal dynamics of a given disaster event are particularly relevant to identify
spatial patterns and event hotspots (De Albuquerque et al., 2015; Wieland et al., 2025). Especially the combination of localized
text-based information with other geospatial information sources, such as satellite data, can enhance situational understanding
and awareness for given disasters events (Zhu et al., 2022).

To extract and analyze information from text data, methods such as topic modelling, topic classification and Named Entity
Recognition (NER) are frequently used in natural language processing (NLP) and information retrieval (De Bruijn et al., 2020;
Fu et al., 2022; Kahle et al., 2022).

Currently applied NER methods range from rule-based methods to unsupervised and supervised machine learning (ML)
models. Rule-based methods require predefined rules designed by an expert without the need of explicit integration of
empirical prior knowledge. However, they are limited to rather static predefined settings. ML approaches, on the other hand,
can model complex relationships in the data and generalize well to new and unexpected text content, however, they require
large amounts of properly encoded prior knowledge (Lai et al., 2022).

A variety of these NLP approaches have successfully been applied in the natural hazard domain. A widely used application is
document-level topic classification (Abraham et al., 2025). However, there is often much more relevant information than
people, places, and organizations given in the text, and often also more than a singular topic per document. More fine-grained
approaches have been used to identify entities within documents. Domain specific entity identification, such as for biological,
legal, and geological domains, is already state-of-the-art (Fu et al., 2022; Leitner et al., 2019; Sanger et al., 2024). In the
disaster domain, specific ontologies have been created to provide support for disaster management purposes (Shukla et al.,
2023). Different natural hazard types can be attributed to texts via ML NER models (Sun et al., 2022): news coverage of a
flooding event has already been researched in a descriptive way (Kahle et al., 2022). A newspaper article text analysis was
also carried out to assess the spatial distribution of the economic impact of a flooding event (Madruga de Brito et al., 2025).
These approaches generally overlook the nuanced content that resides in individual documents and words, and they have not
yet focused on extracting fine-grained disaster-relevant information (Kahle et al., 2022; Madruga de Brito et al., 2025).
Consequently, even basic keyword identification remains a useful strategy for pulling out pertinent details from disaster-related
texts (Senaratne et al., 2023a). Within text-based disaster analysis and risk assessment, the location of a specific event is a
critical source of information, as it allows linking the information about the event with its geospatial context (Lai et al., 2022).
By linking the locations mentioned in a text to the corresponding event characteristics such as the type of disaster, its impact,
or mitigation measures researchers can significantly enhance information relevance (Schiersch et al., 2020). Nevertheless,
systematic identification of disaster-relevant information from text across diverse textual sources and their geospatial

localization remains largely unexplored.
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Considering the challenges mentioned above, we seek to address the following research questions:

e What added value can web text data from media and public websites offer for the extraction of disaster-
relevant information and subsequent potential information for mitigation measures?

e At which spatial and temporal level of detail can unstructured web text data be used to extract structured,
geospatially explicit disaster-relevant information?

Despite the general capabilities of applying text analysis methods in the disaster domain, it is still a challenge to extract
temporally, spatially, and thematically fine-grained, geolocated disaster information directly from the related web texts. To
address these challenges in the context of flooding events described above, we present a pragmatic approach for integrated
extraction of georeferenced information of a flooding situation from web text data. Aiming to go beyond basic identification
of the natural hazard type, we extract individual words that provide information possibly relevant in the context of a disaster,
in the following described as ‘disaster-relevant information’ (DRI). To identify DRI in a scalable way, we combine natural
language processing (NLP) methods to generate relevant and geolocated information directly from unstructured text. We
implement these in a comprehensive pipeline that covers all necessary processing from the extraction of semantically relevant
text to the spatial representation of the information. We exemplify the approach in a re-analysis of a flooding event in Germany
as well as its spatial and temporal development through its web text-based footprint. Furthermore, we provide a synergistic
comparison of our results with other geospatial data sets for the given flood situation. Ultimately, we aim to contribute to a
better understanding of disaster and crisis situations in future situations, where, e.g., satellite-based mapping and web-text

based situational awareness can be combined.

The remainder of the paper is organized as follows. Section 2 presents the integrated data, the study area, the approach is tested
on, as well as the methodological approach and experimental setup. In section 3 experimental results are presented and
discussed. Section 4 elaborates the potential and limitations of the approach and concludes with an outlook on possible future

research work. Section 5 provides concluding remarks.

2 Study Area & Data
2.1 Study area

As a case study, we choose the West Germany 2021 flooding event. The large impact of the event led to high media coverage
and the generation of several geospatial flood mapping products, making it a suitable event for our proof-of-concept. The event
occurred between the 14" and 15" of July due to a large summer storm system called “Bernd” (Fekete and Sandholz, 2021).
The heavy rainfall triggered flooding that resulted in more casualties and injuries than any other event in Germany over the
last 50 years, while inflicting major damage to the economy, infrastructure, and housing. Geospatially, we focus on the counties
that announced the state of emergency in West Germany during the event (Figure 1) (Schéfer et al., 2021). One particularly
affected region in this area was the Ahr valley, which was extensively covered by media (Kahle et al., 2022). Due to the area’s

morphology, the heavy rain and the resulting flood caused soil erosion, material transport, and accumulation which led to the
3
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capacity limits of retention systems and dams being exceeded, e.g., the Steinbachtalsperre (Schafer et al., 2021). The strong
impact of the event can be at least partly linked to higher flow velocities, the ad-hoc blockage of runoff by organic debris
carried by floodwaters and man-made debris, the narrow riverbed, the natural course of the river narrowed by obstacles close
to the riverbed by housing or other buildings and infrastructure such as low bridges and surface sealing in settlements that
reduce the absorption capacity of the soil (Schéfer et al., 2021). Post-event analyses revealed a large disparity between the
actual flood extent and the existing flood hazard map, underscoring a substantial underestimation of the event’s magnitude
(Schéfer et al., 2021). The flood and its extensive consequences triggered a nationwide debate about the likelihood of such a
large-scale event, the unfolding of the disaster, and the associated warnings and evacuation protocols. In the aftermath, new
prevention measures were introduced to mitigate the impact of future events (Fekete and Sandholz, 2021). The resulting
long-term information stream, encompassing damage-limitation actions, policy responses, and public discourse, provides an

ideal dataset for assessing the capability of our method to extract and georeference disaster-relevant content from text.
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Figure 1: Map of Germany (top right) and in red the states which announced the state of emergency and their bounding
box which is used as the focus area in this study

2.2 Web text dataset

Web text data, in the form of news, social media, and official public websites and reports, can provide information about a

given disaster event. In this study, we use data from the Global Knowledge Graph (GKG) database of the GDELT project

(GDELT Project, 2015; Leetaru and Schrodt, 2013), which systematically collects news articles from the web. The collection

is enriched with the URL of the website, dates and other information about the content of the website, such as the topic and
4
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location of the website. GDELT as a data source is commonly used for text analysis (Saz-Carranza, et al., 2020; Senaratne et
al., 2023b) and has been used, for example, for event tracking of natural and man-made events (Owuor et al., 2020).
For the purpose of this study, the GDELT GKG served as a means to preselect relevant websites with text related to the West
Germany 2021 flooding event. The GDELT metadata was used to identify articles that matched flood-related themes, the
120 region of the study area, and the time frame from 12th of July 2021 to 31st of August 2024, to cover a time range from shortly
before the onset of the disaster event up to a long-term period for reconstruction. In order to acquire the original text of the
websites written in German for the spatiotemporal and thematic analysis of major floods, the websites were downloaded using
the URLSs of the articles. This enriched dataset was then passed to the pipeline to extract geolocated DRI from text.

2.3 Geospatial flooding event information and mapping used for comparison and analysis

125 During the extreme flooding event in West Germany in June 2021, the Copernicus Emergency Management Service (CEMS)
produced a high-resolution spatial inventory of the event (EMSR517 - Copernicus EMS Mapping | Copernicus EMS On
Demand Mapping, 2026). The dataset contains airborne and Sentinel-1 satellite imagery from which flood extent masks and
building-level damage grades were derived. In the 17 event areas where the service was activated, flood extent and
building-damage products were delineated on multiple dates (15.07, 16.07, 19.07, 20.07, 22.07, 8.11.) (Figure 2) (EMSR517

130 - Copernicus EMS Mapping | Copernicus EMS On Demand Mapping, 2026). These layers serve as the reference against which
the spatial and contextual outputs of our web-text mining approach are subsequently evaluated. The event-specific activation
maps indicate the anticipated relevance and impact in each area, thereby providing an objective baseline for validating the
text-based damage assessments.

Z 7A@ CEMS activation areas bounding boxes
7] CEMS detected buildings

7 ® Damaged

e Destroyed

o Possibly damaged

(] CEMS observed event layers
73 CEMS areas of interest

135 Figure 2: CEMS data products overview with a) bounding boxes of 17 activation areas, b) layer of observed event
area of Bad Neuenahr-Ahrweiler and c) closer snapshot of CEMS classified building information, area of interest and
observed event layer

5
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3 Methodology

With the overarching objective of evaluating how text data can support disaster management during events and inform
post-event mitigation, we design a modular workflow for extracting DRI from textual sources and geolocating it. The workflow
proceeds in three stages:

o  Firstly, the workflow identifies entities of DRI and toponyms within the text,

e geocodes the identified toponyms,

e and finally relates geolocation entities with DRI entities derived from the text.
The results comprise a set of point vector data containing the enriched DRI information at a specific location. Figure 3 provides
an overview of the complete processing chain with the individual modular processing steps. We focus on automation of the
pipeline to process large amounts of data. The individual modules draw on methodological approaches of various complexity,
which we chose based on their empirical performance properties and the need for scalability, transferability, and transparency.
For our special focus on extracting natural catastrophe information using NLP, we start with a rule-based approach that
guarantees both validation and interpretability. Although recent studies report higher accuracies for ML models in related
tasks, their transferability to disaster-specific settings is limited by domain-specific constraints and sparse training data (Leitner
et al., 2020). Consequently, we adopt a dictionary-based method for extracting DRI, a strategy that has been shown to be
efficient previously (Reveilhac and Morselli, 2022). For the processes of toponym detection and geocoding, we apply a proven
state-of-the-art ML model and a geocoding service for our tasks (Akbik et al., 2019; Hu et al., 2024). Finally, we align
toponyms to DRI using a rule-based linking scheme.

3.1 Identification of DRI within text data

News articles on a disaster event can contain valuable and diverse information of potential interest, such as people affected,
information on damaged infrastructure, mitigation measures, and many more. Therefore, we apply a categorization system for
DRI, reflecting the processes and sequence of the disaster cycle, starting from the initial phase, through the response phase, up
to mitigation and adaptation measures (Bosher et al., 2021). We identify flood-related keywords and structure them into a
dictionary comprising nine classes. These classes reflect the disaster cycle and the progression of a natural catastrophe as well
as relevant information for each phase (Table 1). The identification of relevant keywords in the crisis management context is
common practice (Reveilhac and Morselli, 2022; Senaratne et al., 2023a). Examples of our classification system are shown in
Table 1. Our dictionary creation process identifies relevant keywords by applying a Term Frequency-Inverse Document
Frequency (TF-IDF) approach (Senaratne et al., 2023a) to a curated corpus of flood-related reports and documents and
complementing it by manually adding keywords based on our knowledge of the disaster domain. As our database consists of
documents in German, there is a need to accommodate suffix variations of words based on the gender, case, and singular or
plural (Kharis et al., 2021). Specifically, adding a certain word to the dictionary implies adding all of its possible variations to

the dictionary. To keep the original text, we use an approach where we add variations of the keywords from their lemma rather
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170 than lemmatizing all words and all text to compare the data with (Table 1). Our preset keyword list in a single language limits
the number of potential DRI words that can be linked within the text, but this approach serves as a baseline in this proof-of-

concept study.
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Figure 3: Schematic presentation of the workflow with (a) data preprocessing to derive the plain text from websites,
175 disaster-relevant keyword extraction and classification, (b) toponym identification and geocoding and (c) linking of
DRI to toponyms
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Disaster cycle phase (class) Number of words | Keyword examples Suffix variation examples
per category

Flood-Synonyms 36 Hochwasser Hochwassers

Disaster 75 Uberflutung Uberflutungen

Prediction 80 Hochwassergefahr Hochwassergefahren

Impact / Human loss 78 Hochwasseropfer Hochwasseropfers,
Hochwasseropfern

Impact Damage 251 Briickenschaden Briickenschaden

Infrastructure

Reconstruction 50 Aufbauhilfe Aufbauhilfen

Emergency Management 151 Bergungsmalinahme Bergungsmalinahmen

(Measurement)

Emergency Management 121 Polizei Polizistin, Polizist, Polizisten.

(Person/ Organization)

Mitigation 61 Hochwasserschutzanpassung | Hochwasserschutzanpassungen

Table 1: Dictionary disaster classes (according to disaster cycle) and example keywords in the context of flood

In order to identify web news texts in which a flooding event plays a central role, we integrate a two-stage filtering process for
the text content based on our dictionary. First, we filter for documents containing keywords from the category ‘disaster' and
‘flood-synonyms’. Second, we include keywords from the remaining phases of the disaster cycle. Only if both filtering steps
are positive in the document, we consider this document as a relevant source for our analysis.

The objective of this approach is to extract fine-grained DRI, here seen as entities, from individual documents (see Figure 3(a)),
rather than simply assigning a single topic at the document level. To this end, we employ a curated dictionary that enumerates
key terms associated with the various phases of the disaster cycle. Each dictionary entry is matched against the full text
retrieved from the target websites and the exact positions of each match within the text are recorded. This dictionary-based
entity-recognition step thus provides the foundational, position-aware extraction upon which subsequent linkage and analysis

can be built.

3.2 Identification and geocoding of toponyms

As stated previously, a large potential for enriching DRI lies in linking it with its geographic context via its geolocation.
Therefore, we integrate a geoparsing procedure to identify and geocode toponyms (Hu et al., 2024) in the text around the DRI,
as precisely as possible, including information on the hierarchical levels of administrative units (Figure 3(b)). We adopt the
workflow introduced by Serere et al. (2023), where we apply a machine learning NER model for the toponym identification
and a geocoding method to infer the location. We use the FlairNER model, which has already been shown to successfully
integrate toponym identification in German texts (Akbik et al., 2019). In our use case, we apply it to identify the location,
which is described as toponym entity.

The next important step is adding the latitude and longitude information to the identified places and thus the related DRI within

the text. For the geocoding, the process of converting locations as text into latitude and longitude coordinates, we use a
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combination of gazetteer matching and the use of geocoding models (Hu et al., 2024). A sequence of queries is made from
different publicly available geospatial databases (here used as gazetteers) in order to maximize spatial coverage and obtain
accurate location information. At first, the toponyms are being matched with the point database from local authorities GN250.
Geographical names of municipalities, parts of municipalities, landscapes, mountains, hills, islands, rivers, canals, lakes and
seas, etc. of Germany are stored in this layer (© GeoBasis-DE / BKG, 2024). Non-matched toponyms with the first database
are passed to the second step, where two publicly available databases with global coverage of places in German are used for
matching (GADM Project, 2025; naturalearthdam, 2025). The remaining non-matching toponyms are passed to a fine-grained
geocoder, named Nominatim (OpenStreetMap contributors, 2025), to return coordinates with a parameter-limiting focus on
our study area.

The geospatial precision of information within a text can vary. Some toponyms might refer to exact point locations while
others refer to different levels of administrative units like counties, states, or countries. While all can be represented as point
locations (usually via the centroid of the region or of its bounding box), it is difficult to compare different levels of
administrative units as well to as represent them in the geocoding process at the same time. Therefore, we assign the respective
administrative hierarchy information to each toponym in our focus study area using polygon vector files of the administrative
boundaries of Germany. The hierarchy of German administrative levels thus represented ranges from national level to
municipality level (Admin level 1-5: Country, state, districts, administrative associations and municipalities) (© GeoBasis-DE
/ BKG 2025).

3.3 Disaster-relevant information (DRI) extraction and entity toponym linking

Once the toponym entities and DRI entities are identified within a given text, corresponding toponyms and DRI are linked
(Figure 3(c)). We apply a rule-based decision process to define a relational pair of toponym and DRI. If such a DRI occurs
either within the very same sentence, in the sentence before or after a toponym, it is linked to this particular toponym (Figure
4(a)). This rule is based on the position distribution of toponym and DRI entities of the reference labels. Additionally, we
implement two further rules to investigate post-processing steps to improve the precision of the entity linking approach (Figure
4(b)). Besides the initial entity linking rule (t1), two further rules are applied:

e (t2) The second, pruning rule removes relation pairs in the sentence positioned before and after, when there is
already a descriptor linked with a toponym.

e (t3) According to the third rule, only those descriptor-toponym links are accepted that occur within the same
sentence.
It has to be mentioned that the process is computed for each toponym independently. Therefore, it is possible that more than

one toponym can occur in a sentence. In this case, our approach accepts inter-sentence linking of all potential combinations of

toponyms and DRI.
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(a) Linking: Toponym — Disaster-relevant Information (DRI)

Connection of toponym-DRI entities

Sentence before (sentence position-1) Start sentence (sentence position 0) Sentence after (sentence position 1)

Toponym with Lat / Lon + Attributes
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e
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Sentence before (sentence position-1) Start sentence (sentence position 0) Sentence after (sentence position 1)

Figure 4: (a) Presentation of toponym and DRI linking process in the workflow and (b) integration of post processing
rule of the output

To evaluate the validity of our workflow and its outputs, we constructed a manually annotated reference dataset by randomly
sampling documents from the corpus. In order to ensure the coverage of all classes in the reference corpus, we used a stratified
random sampling method (Thompson, 2012). Altogether, 122 documents were thus randomly selected and then manually
labelled, which resulted in 5,087 toponym-DRI pairs. The resulting reference corpus includes relation pairs with a correct
identification of the toponym, DRI, and the related disaster-cycle class and correct connection between toponym and DRI.
This evaluation, focussing on the entity pairs, is similar to the approach presented in Schiersch et al. (2020).

To validate the workflow output quantitatively, the statistical measures of precision, recall and F1 score are computed (Warto
etal., 2024). For recall, false negatives are considered missing labelled toponyms and their missing links to DRI. The emphasis
of the evaluation is put on the correct identification of toponyms and its related DRI, which is also categorized into the nine
predefined disaster-cycle classes. Errors or biases from the early steps (Toponym identification, toponym geocoding and DRI

identification) are in this case not individually evaluated.

4 Experimental results

In this chapter, we first present the statistical validation of the outputs from the three system components. The best-performing
rule is used for the data generation. Subsequently, we evaluate the potential of the DRI-extraction process using the finalized
workflow output for the 2021 Western Germany flooding event. Finally, we present the potential and granularity of the

information that can be obtained through this process.

10
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4.1 Statistical validation of the process pipeline

To validate our approach, we used the labelled reference dataset to assess its plausibility with statistical measures. We analyze
the output of the three post-processing conditions after testing the entity link rules described above (ti, tz, t3). For each
document, we examine whether the toponym-DRI relation labelled in the reference document is also present in the results from
our workflow. To do this, we calculate precision, recall and the F1 score of all three output variations (Figure 5).

With respect to absolute numbers of relation pairs the two postprocessing steps lead to a notable reduction in the absolute
numbers of relation pairs. The total number of relation pairs for the original workflow is 12,699, with the integrated rule on
adjacent sentences there are 9,418, and within the same sentence there are only 4,949 relations. In comparison, the reference
corpus contains 5,087 relations distributed across the 122 documents. Precision, recall and F1 score are calculated per
document for the number of matching relations compared to the reference corpus, in order to provide statistical information
on the performance of the approaches. On a document level for all of the 122 documents, the precision is with 24.4% lower in
the basic output that only uses one linking rule (t1) compared to the other two outputs. This is attributable to the high number
of relations. The highest precision values of 43% are found in the output with relations only in the same sentence (t3). This
elevated precision can be partly attributed to the distribution of relation distances in the reference corpus, as the vast majority
of toponym-DRI associations are restricted in the same sentence. The recall value is higher in the original (t1) and adjacency
rule (t2) output. Consequently, fewer relevant DRI items are omitted when the adjacency rule is applied, compared with the
stricter intra-sentence filter. In terms of F1 score, the output with the same sentence rule(ts) shows an average F1 score of
42.6%, followed by the adjacency rule output (t2) at 38.7%, and lastly the original output (t1) at 33.4%. We decided to use the
adjacency rule applied output (t2) for subsequent geospatial analysis, since it shows robust and balanced performance in all

evaluated metrics.

(a) Precision of documents (b) Recall of documents (c) F1 score of documents
1.0 1.0 4 - - - 1.0 4
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Figure 5: Boxplots for the three different workflow outputs in order to evaluate the entity linking process. The tested
metrics are (a) precision, (b), recall and (c) F1 score of the results for each document tested against the reference corpus.
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4.2 Information content of the geolocated DRI

After validating the processing chain and the decision criteria for the final output dataset, we present the results that
demonstrate the workflow’s potential. In particular, we show that vector points enriched with DRI attributes can be reliably
extracted from web text within a specific disaster context.

The initial starting point is 3,890 website links gathered from the GDELT database and after the preprocessing 3,874 website
texts are suitable for the analysis. Web text data derived from news webpages can contain various text structures, as the text
length varies from a minimum of 6 words to a maximum of 13,826 words. Depending on the text length the websites contain
one to several toponyms and related DRIs. We extract a total number of 379,599 such relations. The extracted information is
differentiated in its thematic content and specific DRI, the website publication date and the geolocation and its related
administrative unit. Therefore, the overall DRI derived from the descriptors is analyzed in the dimensions of time, space and
theme. Each point information itself contains a specific disaster-relevant keyword, its thematic classification as well as the

toponym information and document origin (Figure 6).

Date of Url: 17.07.2021
Url: https:/iwww..

Toponym: Bad Neuenahr-
Ahrweiler

Lat: 50,54521779137849
Lon: 7,1204567384711845
Admin Level:
Deutschland — Rheinland-
Pfalz — Ahrweiler — Bad
Neuenahr-Ahrweiler
Disaster Info: Feuerwehr
(fire fighters)
Disaster-cycle-class:
Emergency Management
(Persons/ Organizations)

@ Toponym with disaster relevant information
from text

0 250 500 m ZKI Ahrtal flood affected extent 16.07.2021
A_—'—ﬁ : Data © Op op and others, © DLR/EOC
ZKI. https. Zki dir T152/, last accessed 23.06.2025

Figure 6: Example representation of the workflow output at the single point level

Beyond analyzing individual points, we summarize the spatial, temporal, and thematic distribution of all extracted information.
Figure 7 shows the temporal evolution of all thematic classes in absolute numbers over the course of the disaster phase (dark
grey), here defined as the dates of the precipitation and flooding impact and the following after event phase including intensive
emergency and mitigation measures (light grey). Our after-event phase is set to 1 % months after the event, up to the 1% of
September 2021, due to the involvement of major emergency measurements at that time (Gesamtverband der Deutschen

Versicherungswirtschaft e. V. (GDV), 2021). The disaster phase exhibits a sharp concentration of events, followed by a steep
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decline. The flood-related class, which aggregates flood synonyms, disaster, human loss, and infrastructure damage, is most
frequently identified within the dataset, while the response class, which comprises emergency-management and people-related
terms, accounts for the second-largest share. To examine inter- and intra-class dynamics, the daily proportional distribution of
the classes over time can be useful (Appendix Al). These patterns illustrate the flow of information and provide a baseline for

future, more detailed comparative analyses, e.g., of the periods of use of emergency management measures, which are beyond
the scope of this paper.

Absolute counts of classes per recording date
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Figure 7: Distribution of DRI information, with the 9 disaster-cycle classes aggregated to five classes over time

4.3 Spatial dissemination of information

By attaching geographic coordinates to DRI extracted from text, we can explore both spatial and thematic patterns of disaster
events. Table 2 shows that, within our analyzed documents, our workflow identifies toponym-DRI entities across several
countries. This shows, that DRI of a specific and local event also includes DRI connections to toponyms with a global
distribution and relevance. Figure 8 highlights that toponyms in texts connected to a disaster with DRI are returned at a variety
of administrative levels, which should be taken into consideration when analyzing the disaster, as all levels provide DRI
information. Looking at DRI information for the Waldporzheim district, we find direct mentions of this district. In the DRI

results, we also have information on the higher administrative levels in which Waldprozheim is located. This includes the
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municipality of Bad Neuenahr-Ahrweiler, which in turn is located in the district of Ahrweiler in the federal state of Rhineland-
310 Palatinate in Germany. Within our study area, we defined a hierarchical set of administrative units (country, state, county, and
municipality) and also incorporated locations that could not be assigned to any of the administrative category. For the latter
we can see examples of the tunnel named “Engelsley-Tunnel” and the river Ahr (Figure 8c). Due to the spatial allocation of
the toponyms, we have the possibility to aggregate the information spatially. A thematic comparison across these levels reveals
that, at the state and county levels, human-loss and injury information is most prominent, whereas at the municipal level
315 infrastructure damage dominates (See Appendix A2). Altogether, these results underscore the value of geocoded DRI for

multi-scale disaster analysis and highlight the importance of incorporating all administrative tiers when aggregating

information.
Country of occurrence Absolute number of mentions
Germany 270,068
Belgium 4,218
Austria 3,019
Netherlands 1,928
Switzerland 1,070
Others (99 countries) 6,142 (all together)

Table 2: Global coverage of toponym identification
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320 Figure 8: DRI given at different administrative levels. (a) Shows representative administrative units for the
municipality Bad Neuenahr-Ahrweiler to the county Ahrweiler, state of Rhineland-Palatinate and the country of
Germany. Total number of DRI mentions for the administrative unit are shown in b). (c) Shows examples of the fine-
grained toponyms.
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Beyond the analysis at individual administrative levels, we examined the spatial distribution of data points across disaster-cycle
classes and individual DRI at the inter-unit level. We illustrate the spatial, thematic, and temporal distribution of two of our
disaster-cycle classes. These can also be summarised or aggregated. In this way, we aim to demonstrate initial possibilities for
spatial analysis and further utilisation of this data. Figure9 shows the thematic patterns for the disaster phase and the
subsequent after event phase at the municipal level, revealing that hotspots differ by disaster-cycle class and mention
frequencies. These spatial patterns highlight regions of heightened relevance during the disaster phase and in the days that
followed. These temporal shifts are highlighted by the change in the geographic centre of gravity of the respective DRI (black
cross in Figure 9) which moves southeast over time. This shift of the geographic centre point between the two temporal
snapshots underscores a progressive focus toward the Ahr Valley across all displayed thematic classes. In absolute terms, the
disaster phase hotspots are centred on Erftstadt and Bad Neuenahr-Ahrweiler, a finding that holds consistently across all of
our defined thematic classes.

In addition to the thematic classes relating to the disaster cycle, the geospatial metadata produced by our approach also allows
to analyze the distribution of individual DRI words from the dictionary. As an example, we show in figure 10 the spatial
distribution of the connected DRI-toponym pairs of volunteers, which we extracted from the text. We extracted a subset of our
entity pairs with all German variations of the word volunteer in our dictionary. Mentions of volunteers can be found in texts
about many different administrative units. Specific subsections of towns like “Waldporzheim” in “Bad Neuenahr-Ahrweiler”
show an information connection to volunteers. Additionally, we can allocate locations like “Niirburgring” to the term

volunteer, outside of areas of interest from the CEMS layer are displayed also in a higher frequency.
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Figure 9: Thematic, spatial, and temporal distribution of two example disaster-cycle classes for municipalities (left:
Impact, right: Reconstruction) aggregated for the disaster event period (top) and after event period phase (bottom).
The bigger the point size, the more absolute DRI are linked to a toponym. To analyze the spatial distribution and
change of focus area over time, the geographic centre of gravity (black symbols) and its change over two periods (dashed
line) are shown.
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Figure 10: DRI information of volunteer aggregated over time and mapped at the different administrative levels of the
linked toponyms

4.4 Linking web text data with other geospatial datasets of the event

The extracted DRI show a different spatial distribution at different administrative levels, as well as an accumulation of
information about a specific event. This spatial distribution of the text data allows for joint analysis with additional spatial
information about the event. To demonstrate this potential for our case study, we compare the findings from our text data
analysis with other available geospatial datasets on building damage and flooding extent.

As an example, figure 11 relates the distributions of toponyms associated with the thematic class "damaged infrastructure"
aggregated at the municipality level with building damage reported in the CEMS activation areas on a fine-grained building
level. Both datasets show regions of relevance due to the frequency of mentions within an area. A spatial comparison at the
municipality level reveals an added information layer to the datasets. Some municipalities like Erftstadt (1) and Bad Neuenahr-
Ahrweiler (2) show a high relevance in both datasets. On the other hand, there are municipalities which show a higher relevance
in either of the datasets (Schleiden (3) and Kall (4) for the CEMS layer and Cologne (5) and Blankenheim (6) for the text
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output). Overall, the matching municipalities from both data sources are within the counties that announced the state of
emergency. In the CEMS layer dark red spots relate to a high concentration of damaged buildings, whereas blue areas mark
365 identified damaged buildings but of low intensity. This layer also shows the spatial limitation through the data acquisition
measures. On the other hand, the results of our text analysis workflow provide us with more comprehensive spatial information
over a longer period of time. The comprehensive mentions from the text data reveals a far greater extent of the event. The
CEMS layer shows us the location of a damaged and destroyed buildings. On the other hand, the output of the text data includes
damage information of various building descriptions in our classification but furthermore also includes bridges, and other
370 damaged infrastructure components. For a deeper analysis, a bivariate comparison at the municipality level, normalized per
1,000 inhabitants, is provided in Appendix A3. This map highlights the spatial similarities in the relevance of the above-

mentioned municipalities.

Building damage information output from text analysis
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Figure 11: Comparison of disaster damage information from text data (text output in green) and from satellite imagery
375 derived building damage information (CEMS heatmap layer). The numbers 1-6 refer to counties in the text above.
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We use various examples to show how we can obtain DRI from text data at different levels of administrative detail, ranging
from nation to state level to counties, cities, and even more specific locations. Based on our disaster cycle -based DRI
classification, spatial and temporal distributions and differences of DRI are extracted and highlighted. A comparison of the
results from the text data with other spatial damage information shows similarities in their spatial distribution. Furthermore,

our pipeline can obtain additional information, including its spatial distribution.

5 Discussion and Outlook
5.1 Methodological approach

A key goal of this study is to identify how disaster management can benefit from georeferenced DRI extraction from text. Our
findings show that, through the development of a workflow to connect toponyms and DRI within the texts, we generate results
including geospatial, temporal, and thematic information. This information is essential for the analysis of disaster incidences.
The information extracted from the text shows spatial and thematic patterns, which can be determined using both quantitative
analysis and visual interpretation. This enables a wide range of formats that are suitable for different types of analysis. Once
geolocated, information can be aggregated at different spatial units, such as administrative units at different levels, making it
possible to compare with other geospatial datasets. This flexibility, provided by spatial joining, is a key benefit enabled by
geocoding the text information. With our approach, we can demonstrate how to extract disaster relevant information efficient
and scalable.

To evaluate the accuracy, we applied a quantitative evaluation process in which we compared precision, recall and F1 score
against manually labelled data. The best overall performance was demonstrated by the workflow output of toponym-DRI
relationship pairs that included an integrated pruning post-processing rule. Along the modular workflow, several processing
steps contribute individually to uncertainties, and their errors are propagated to subsequent steps. Naturally, our dictionary-
based method is dependent on how comprehensive the dictionary is with respect to the disaster context. If a word variation is
not in the list, it is not identified in the text. Similar words, synonyms, or other relevant information, that are not included in
the dictionary are also missed (Reveilhac and Morselli, 2022), and cannot subsequently be linked to locations by the rule-based
approach. Additionally, it is to mention that negations in the sentence structure are currently not identified. Large Language
Model (LLM)-based approaches might be more robust when retrieving information from unstructured data and with less expert
involvement. For this case study using news data, which is comparatively systematic and formal, our approach of using
dictionaries and rule sets is suitable and excels at transparency and speed. However, the evaluation of the dictionary is limited
because, to our knowledge, no complete dictionary of disaster-related terms exists.

Concerning the geoparsing, it is clear that toponyms can be missed and words can be incorrectly recognized as toponyms
(Gritta et al., 2018b; Hu et al., 2024). 1356 unique toponyms could not be identified in the geoparsing process we used and
without further post-processing steps and are therefore not included in our output dataset and results. These include, toponyms

identified by the NER model for which there is a description of the surrounding area "GrofRraum Ahrweiler”, a suffix
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"Eifeldorfs" or a fine-grained geolocalization that is not located in our study area, such as "Felberntauerstrae”. Words
incorrectly identified as toponyms can therefore be passed to the geocoder, resulting in false or none coordinate allocations.
Geocoders contain errors and biases in geographic coverage, and a single toponym can refer to many locations, which may
lead to incorrect ambiguity resolution (Gritta et al., 2018a). Our approach first matches toponyms with an official geographic
database and then passes unmatched toponyms to the Nominatim geocoding service, using high-quality local public reference
information for places that can be matched to this database (Acheson et al., 2017). Out of the final output total of 2,303 unique
DRI linked toponyms, 329 could not be geocoded by our first database match. Out those, 114 remained unmatched after the
second international database. A short overview of the geocoding results of the databases independently, shows with an
exemplary random sample of 230 toponyms (10% of the unique toponyms) different numbers per database are matched. Within
the national local database alone, 35 places are not found, with the global open-source datasets "populated places" and GADM,
208 and 88 respectively are not found. Using Nominatim, with a parameter set to a study area focus, 8 toponyms cannot be
found. However, it commits some notably erroneous allocations, for example, the toponym Qatar is located at the site of the
Qatar embassy in Bonn. Our combination of all the databases and their successive matching allows us to match all of the 230
sample toponyms. Based on the known inaccuracies in the geocoding we furthermore acknowledge the subsequent bias in the
allocation of administrative units to the toponyms. Incorrectly assigned coordinates are transferred there in our spatial matching
of administrative levels.

In our last methodological step, the linking of the toponyms and DRI, the rule-based entity linking process shows limitations
based on our evaluation metric values. We therefore use the statistical distribution of sentence distances between toponym and
DRI, derived from our reference data, as a proxy to define our matching. We acknowledge a high false positive rate and low
precision values in this method. Furthermore, the relationships among multiple toponyms and multiple DRI within a single
sentence are currently not considered, which could lead to false allocation of DRI to toponyms. However, we achieve a
straightforward, simple, and fast way to contextualise information that requires specific requirements from linking toponyms
and DRI.

5.2 Data source quality and fake information

The substantial data volume generated by aggregating news content from the web presents significant challenges for systematic
organization and quality assurance. The GDELT Project serves as a major aggregator of global news data, however, its data
processing methods are not fully disclosed, putting constraints on the interpretability of derived analyses in research contexts
(Hoffmann et al., 2022). In our study, we applied thematic pre-filtering during data collection and then extracted the text
content of the websites. Therefore, we use the GDELT GKG database as a starting point for creating a list of websites, to
which we then apply a processing pipeline that was fine-tuned for the context of the case study. To accomplish this, we also
download the text content of the web pages independently. Another discussion point concerns the date linked to the output.
We currently focus only on the date that is taken from the GDELT metadata for each of the websites. Specific date and time

information in the text that relates directly to the toponym and DRI is currently not integrated in our approach. Accordingly,
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we can use the time information in this analysis to show when the website with the text content was registered in the database,
at the document level. However, this does not currently allow us to link the individual extracted DRI to an exact point in time
but provides potential for further integration of NLP date extraction methods.

Given the documented risk of misinformation in online content (Abraham et al., 2025; Lemoine-Rodriguez et al., 2024), we
recognize potential challenges in data reliability. This analysis focuses on analysing the full range of available text data to find
out where, when and for which disaster cycle class information is available.

Currently, our data analysis is validated based on the labelling of toponym-DRI relations by experts and a comparison of the
output to published geospatial datasets. In the future, more sophisticated data analysis of the web texts could be performed by
comparing the data with various other event-related datasets, e.g. in-situ data with physio-geographical information (Madruga
de Brito et al., 2025).

5.3 Results of workflow output and DRI-toponym information

While the analysis is constrained in its potential depth by the limitations of the data source and the discussed above dictionary-
based DRI information extraction and classification, the case study reveals notable similarities between the geographic
relevance inferred from the textual data, the officially declared states of emergency, and the spatial extents captured by
ancillary geographic data products. This suggests that the approach, despite the methodological constraints, captures
meaningful spatial patterns that are useful for disaster management applications.

Frequent mentions of emergency organizations, which are also found in the text data, especially during the disaster phase,
align with findings from checking specific event reports. For example, the German Armed Forces, police, THW, BBK, and
police officers are mentioned (BMI, 2021), which can be extracted as emergency organizations from our workflow. Moreover,
a pronounced cluster of volunteers near the Nirburgring aligns with the known assembly point for helpers and emergency
services (Fekete et al., 2022). These two examples illustrate the possibilities and variety of specific details that we can extract
from a disaster and enable us to localize them spatially.

The results indicate a promising avenue for future work: automated detection of assembly points and emergency-service
locations, which can then be leveraged in subsequent accessibility or network analyses to support operational decision-making
in disaster scenarios. In addition, the observation of further events like the monitoring of slowly building events using this
method could be considered. Beyond the spatial extraction performed here, the underlying text contains rich semantic
structures that could be mined using advanced NLP techniques, such as sentiment analysis (Hanny et al., 2025). However,

investigating these deeper semantic relationships lies outside the scope of the present study and is reserved for future research.

5.4 Outlook and future scope of study

For our analysis and its objectives, we methodically relied on rule-based and machine learning models that do not require a
great deal of training to perform a proof-of-concept analysis. In this study, we outline how we can obtain further disaster-

relevant information from texts in addition to the existing data products for an event and place this information in a spatial
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context. Sophisticated NLP methods should be further developed for flood-related information extraction (Navalkar et al.,
2025). Our results suggest substantial potential for text extraction with a focus on DRI and its georeferencing. Based on
successful NER models in other domains (Fu et al., 2022; Leitner et al., 2019) and the demonstration of the benefits of text
data in disaster analyses (Madruga de Brito et al., 2025), pursuing this approach with more automated methods could be
beneficial. The labelled reference corpus of toponym-DRI pairs for the validation could therefore serve as the basis for training
such models or could be integrated into an active learning process (Agarwal et al., 2024).

In the context of disasters, the automatic spatial localization of relevant information can be highly beneficial for understanding
the complexity of the event. For this task, LLMs are already used to localize disaster-related social media posts (Yin et al.,
2025). The extraction of relationships using LLM prompting and without fine-tuning for fine-grained toponym recognition has
already been tested by Chen et al., (2022). As mentioned earlier, however, these models require a good base of training and
validation data.

This case study focused on text data in German. This language restriction leads to the exclusion of data that could potential ly
be useful for the analysis, as flooding events occur worldwide and information is also published on websites in different
languages. Our dictionary, and therefore our analysis, are however, only designed for German text. Future research could
explore the use of multilingual LLM models (Yin et al., 2025) in approaches such as the one demonstrated in this study. This
could enable the identification and linking of DRI and toponyms across a much wider range of languages and, therefore,

enlarge and diversify the data base for disaster analyses.

6 Conclusion

This research demonstrates a systematic approach for extracting and geolocating relevant information about a flooding event
from web text data. It identifies and structures this information in a detailed flood disaster-cycle-phase classification and
geolocates it with fine-grained geolocations. Our methodological combination of rules, a dictionary, and a ML-model shows
great potential for extracting specific disaster indicators from text and the potential of linking it to toponyms across a variety
of administrative units. With improvements in the entity extraction and linking models, limitations can be mitigated in the
future and new applications can build upon this study. In our case study on the 2021 floods in West Germany, it became evident
that text data can complement existing geospatial data sources with additional detail, such as information on involved
emergency organizations, emergency response measures, and mitigation measures. The gathered data can be used as an
additional data layer for disaster management and response. This supports the collection and improvement of knowledge and

preparedness for future events and related disaster situations.
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Figure A3: Bivariate comparison of CEMS building damage information and the building damage information output
from the text analysis. The data is normalized per 1000 citizens per municipality.
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