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such as high-intensity rainfall, climate change, inadequate drainage and urban
infrastructure challenges, impacting communities, infrastructure and economic
activities. The lack of accurate and centralized data hinders government efforts
to identify affected areas and respond effectively. Named Entity Recognition
(NER), a machine learning-based information extraction tool, offers the
potential for geocoding flood-related data from social media, such as Twitter.
The purpose of this research is to develop a Named Entity Recognition (NER)-
based model to extract location information from Twitter and visualize flood
impacts through geocoding. The method used is a combination of Qualitative
Analysis with Machine Learning and Geospatial Analysis to assess flooding
impacts using Twitter data. Initially, a qualitative analysis of tweets extracts
flood-related keywords to identify patterns. Then, Named Entity Recognition
(NER) identifies locations, which are converted into geographic coordinates
through geocoding for map visualization. The results show that location
extraction from flood-related tweets using the Named Entity Recognition (NER)
model and geocoding produces very useful and accurate data. About 50% of the
flood-related tweets included location tokens, which shows the importance of
geographic information in understanding the impact of disasters. The location
extraction process using the NER model proved to be effective, although there
were some discrepancies between the extracted location tokens and the actual
geographic data, especially at the more detailed location level. However, the
evaluation results show that 99.5% of the extracted locations correspond to valid
locations, especially in the Indonesian region. This shows that the use of the
NER model and geocoding is highly effective in analyzing flood impacts and
provides significant benefits in disaster management and geospatial analysis
based on social media data.
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Introduction

Flooding is a frequent and severe natural disaster in Indonesia, driven by high-intensity rainfall, climate change,
inadequate drainage systems, and unplanned urban infrastructure. These floods disrupt daily life, causing
damage to public facilities, traffic congestion, and road closures (Dartanto., 2022). The effects are felt most
acutely in urban areas, where infrastructure and mobility are highly interconnected (Plyushteva & Schawanen.,
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2023). Despite the recurring nature of floods, government agencies often face challenges in identifying affected
locations promptly due to a lack of centralized and accurate data sources, relying instead on fragmented reports
from television news or social media platforms. This delay hampers effective disaster response and infrastructure
management (Mitchell & Pizzi., 2021).

Social media platforms, particularly Twitter, have become valuable sources of real-time information during
disasters. Tweets often contain firsthand reports, including the location and extent of flooding impacts.
However, extracting and structuring this information for practical use remains a challenge (Havas & Resch.,
2021). Geocoding, the process of converting descriptive location data into geographic coordinates, offers a
promising solution. By integrating geocoded data with spatial visualization tools, it becomes possible to map
flood impacts, aiding in disaster management and infrastructure planning (Splendiani & Capriello., 2022).

Main section of this study is the usage of NER model such as StandordNER which has been trained using
tweets in Indonesian as data in location’s format of Indonesia. Named Entity Recognition (NER), a machine
learning technique, facilitates the extraction of specific entities such as locations from unstructured text data
(Govindarajan et al., 2023). There are four location tokens in this study which are Provinsi (PROP) ‘province’,
Kabupaten (KAB) ‘regency’, Kecamatan (KEC) ‘district’, and Kelurahan (KEL) ‘rural’. Each location token
will be appraised to sort from specific (Kelurahan) to general (Provinsi). Token extraction and appraisal process
produces address in Indonesian format; thus, spatial data can be queried using open-source API such as ArcGIS.
Spatial data query results include location information and map coordinate that can be visualized as map (Ye et
al., 2021).

A previous study was conducted in geocoding from social media to conduct environment planning and
monitoring by using StanfordNER. The model compares evaluation result of before and after in re-training
process. Evaluation result shows that model which have gone through re-training with ALTA dataset showed
decline in precision score, from 94.51% to 86.68% (Lawu et al., 2021). However, the dataset showed increase in
recall score from 32.07% to 69.72%; and increase in f1-score from 47.88% to 77.20%.

This study focuses on development of geocoding model by using Named Entity Recognition (NER) with
data from social media as sources. Data usage that coming from social media is based on how fast the
information can be extracted so the obtained information is timely relevant with the event. Data used are Tweets
in Indonesian on Twitter with impacts of urban flooding, such as traffic jam, damages on facilities, and road
closing as the topic (Putra et al., 2022).

The novelty of this research lies in the development of a Named Entity Recognition (NER)-based geocoding
model for the extraction and mapping of flood impacts in Indonesia using Twitter data. By utilizing social media
as a source of fast and relevant information, this research creates a new approach to identify flood-affected
locations in real-time, which are then visualized in the form of maps using ArcGIS and Folium APIs. This study
aims to develop a geocoding model based on NER to analyze flood impacts in Indonesia using Twitter data. By
leveraging the speed and availability of social media information, the research seeks to create a scalable system
for visualizing affected areas and understanding infrastructure and mobility challenges caused by floods. The
findings will contribute to improved disaster response and urban planning by offering a data-driven approach
for identifying and addressing flood impacts. Future developments include integrating additional data sources,
such as news articles, to enhance the accuracy and specificity of location extraction and geocoding.

Method

The method used is Qualitative method with Machine Learning and Geospatial Analysis approach is a
combination that combines text analysis and spatial analysis to evaluate the impact of flooding based on Twitter
data. The approach starts with a qualitative analysis of the collected tweets, where keywords related to flood
impacts are extracted to identify context and patterns in the text (Mollick et al., 2023). Next, using machine
learning-based Named Entity Recognition (NER), locations in the tweets were identified and mapped to extract
geospatial information. The extracted location information is then converted into geographic coordinates
through geocoding, which enables data visualization on a map (Mota et al., 2021). This study consists of several
step as shown on figure 1.

Data Collection

This study collects 3,441 Tweets from Twitter that was conducted by using Twitter API. Extracted information
are coming from tweets with impacts of flooding in Indonesia as topic during 2021. The data are focusing on
tweets with 15 keywords about impact of flooding which includes traffic jam, damages on facility, and road
closing.
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Figure 1 <Research Methodology used in This Study>

Pre-Processing step is conducted to ensure the tweets are free from elements that can affect evaluation result
such as URL, special characters, and emoji. This step split into two sections of process:

Cleansing

During the cleansing process, texts were cleaned by removing symbols such as hastag, special character, and
emoji to ensure the training process becomes more accurate. This process is conducted automatically by using
regular expressions as shown on Table 1.

Table 1 <Cleansing Process>

Before

Hujan yang menguyur Kelurahan Kampung Melayu, Jatinegara, Jakarta Timur, DKI
Jakarta, sejak Kamis sore kemarin sebabkan ratusan rumah di permukiman padat terendam
air. #Banjir https://shorturl.at/IvsFO

After

Hujan yang menguyur Kelurahan Kampung Melayu, Jatinegara, Jakarta Timur, DKI
Jakarta, sejak Kamis sore kemarin sebabkan ratusan rumah di permukiman padat terendam

alr.

Reduction

During the reduction process, redundant elements in tweets such as retweet to reduce the number of data used
during training process. Table 2 shows tweets which are considered redundant and not redundant.

Table 2 <Redundant Tweet Sample>

Not Redundant

Hujan yang menguyur Kelurahan Kampung Melayu, Jatinegara, Jakarta Timur, DKI
Jakarta, sejak Kamis sore kemarin sebabkan ratusan rumah di permukiman padat terendam

air.

Redundant

RT: Hujan yang menguyur Kelurahan Kampung Melayu, Jatinegara, Jakarta Timur, DKI
Jakarta, sejak Kamis sore kemarin sebabkan ratusan rumah di permukiman padat terendam
air.

Tokenizing

During this process, text is disassembled into words which later called as tokens. Tokens then labelled manually
by using location entity that matches with subdivisions of Indonesia as shown on Table 3. Labelling process
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result produces token data which has been labeled correspondently with location entity where any label which
doesn’t belong to location entity will be marked (O) as others, as shown on Table 4.

Table 3 <Location Entity of Indonesia’s Subdivision>

Entity Name Information
Provinsi (PROP) Province Name
Kabupaten (KAB) Regency/City Name
Kecamatan (KEC) District Name

Kelurahan (KEL) Rural/Village Name

Table 4 <Token Labeling Result>

Text Label
Hujan

deras
mengakibatkan
banjir

di

sejumlah

titik

di

wilayah
Menteng KEC
Jakarta KAB
Pusat KAB

[cNeoNoNoNoNoNoNo o)

Building NER Model
Model building process is conducting three steps which are as follow:
Initialization

Initiation process is conducted by creating properties file configuration as information regarding directory
location of used training data, file name including extension of model, and parameters which are going to be
used by the model as shown on Figure 2.

trainFile .fdata/dataset.tsv
zerializeTo = ner-model-for-tesis
map = word=8,answer=1

useClassFeature=true
useWord=true
useNGrams=true
noMidMGrams=true
GramLeng=6

YPEY>EQUENLCES
wordshape=chris2usell

useDizjunctive=true

Figure 2 <Properties File Configuration>
Model Training

The training process of model is conducted by running command line to initiate maximum memory usage (mx),
CRFClassifier model, and properties file which used as shown on Figure 3. Training result will become.ser.gz
format that contains model that have been trained using dataset which have been created before.
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Figure 3 <Training Model Command Line>
Evaluation

The model that has been built then proceeds to evaluation process by using testing data as shown on Figure 4 to
obtain evaluation result in form of Confusion Matrix on each used location token.

Figure 4 <Evaluation Model Command Line>

Geocoding

Geocoding is conducted to obtain location information in spatial data form which created upon obtained address
from extraction process of NER. Geocoding results become a data visualization that taken form of map by
using Follum library. Several steps conducted during geocoding process are as follows:

Spatial Query

Obtained address from NER'’s extraction went through spatial query using ArcGIS’ API to obtain spatial data
of map coordinate in form of latitude and longitude. Table 5 shows result sample of spatial query that was
conducted using ArcGIS API. Obtained data then stored to database to proceed map visualization process as
shown on Figure 5.

Table 5 <Spatial Query Process Result Sample>

Address Coordinate Data
Menteng, DKI Jakarta Latitude: -6.199523
Longitude: 106.833134
Address: Menteng, Indonesia

text address arcgis_address arcgis_lat  arcgis_ing
|

[ t | ) | Handi 1
Saniir Rengam Rouas T W0k Aran aran Sepong Fondok Aren Pondok Aren F 16 A 763178 1N 140348

Visualization

Figure 6 <Map Visualization Using Folium>
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Stored data in database then went through visualization process by using Folium library. Data to map
visualization result can be seen as shown on Figure 6. Generated map point represents information of location
that was impacted by flooding in a certain area.

Results and Discussions
Result
Table 6 shows tweet percentage which has location information from whole tweets that were used as data.

Table 6 <Tweets that have Location Token Percentage>

Data Counts Percentage
Having Location Token 1,739 50,5%
Not-Having Location Token 1,702 49,5%
Total 3,441 100%

Based on the data shown in Table 6, it is clear that 50% of the tweets related to floods contain location tokens.
This indicates that location information is commonly embedded in tweets about floods, making them ideal
candidates for location extraction using Named Entity Recognition (NER) models. The ability to extract
location data from these tweets is crucial, as it helps to map out affected areas and understand the geographical
spread of flood-related events. Several studies have emphasized the importance of location-based information
in social media data, particularly in the context of natural disasters, where real-time location tracking can
significantly aid in disaster management and response (Cui et al., 2021; Khan et al., 2023). NER models have
been widely used to extract geospatial information from text, and this study highlights their effectiveness in
flood-related tweets (Hou et al., 2024).

However, as illustrated in Table 7, a portion of the tweets with location information does not match the
actual location, which suggests discrepancies between the extracted location token and the true geographic data.
To validate the extracted locations, the study compares the location tokens from the tweets with the actual
location entities derived from the ArcGIS API. This comparison revealed that seven tweets contained location
information that did not correspond with the actual location. These mismatches could be attributed to factors
such as incorrect geotagging, colloquial language, or the use of location names that are not recognized by the
geocoding process. Similar challenges have been identified in other studies on geospatial data extraction from
social media, where location names might be ambiguous or incorrectly recognized by algorithms (Nikkanen &
Résdnen., 2023; Feng et al., 2022).

In addition to the location token extraction process, the study implements a geocoding step to further refine
the location data. This process is limited to the Indonesian region, meaning that any location mentioned outside
of Indonesia is considered a mismatch. The geocoding method used helps to ensure that only relevant location
data is retained, further enhancing the dataset's accuracy. Despite the 7 mismatches identified, the overall quality
of the dataset is considered excellent, as nearly all the locations extracted from the tweets match the actual
locations. The success of the geocoding process aligns with findings from previous research that underscores the
importance of location validation in the context of disaster-related social media data (Sathianarayaman et al.,
2024; Chen & Lim., 2021). Overall, the results suggest that the NER model, in combination with the geocoding
process, provides reliable location information, which can be used effectively for disaster response and analysis.

Table 7 <Location Correspondency Percentage>

Data Counts Percentage
Location Matches 1732/1739 99.5%
Location does not Match 711739 0.5%

Table 7 shows the percentage of location correspondence in the dataset used, with 99.5% of the data showing
matching locations, while only 0.5% does not match. This indicates that the vast majority of location entities
recorded in the dataset are highly accurate. In Named Entity Recognition (NER)-based research, data quality is
a crucial factor in determining the model's success. This result suggests that the NER model used was able to
identify location entities very accurately, supporting the goal of extracting relevant information from the text.

Table 8, which presents the evaluation results of each location token obtained from the NER model and
converted into a Confusion Matrix, provides a more detailed picture of the model’s performance. A Confusion
Matrix is a common evaluation tool used to measure the accuracy of classification predictions in machine
learning. By measuring true positives, false positives, true negatives, and false negatives, a Confusion Matrix
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allows researchers to gain deeper insights into how well the model is identifying the correct locations. The
evaluation results show that the dataset quality is excellent because nearly all of the data demonstrates a high
level of location matching.

Based on previous research, several studies also show that NER models trained with high-quality datasets
tend to yield more accurate results. For instance, in a study by Deekshith., (2021) discussing the use of digital
technology in marketing, data processing accuracy heavily depends on the quality of the data used for training
the model. This is also reflected in another study by Hair & Sarstedt., (2021) which states that data selection and
cleaning are crucial steps in improving Al system performance. The accuracy of an NER model in recognizing
locations can contribute significantly to applications that require automated text processing, such as geographic
data analysis or market research.

Overall, the results shown in Table 7 and Table 8 strongly support the conclusion that the dataset used is of
very high quality, and the applied NER model has high accuracy in identifying location entities. This shows that
the data processing in this research successfully ensured that most of the data was correctly identified, which is
crucial for the success of further analysis and practical applications in related fields.

Table 8 <NER Model Evaluation Result>

Token Acc Prec Recall F1 TP TN FP FN
PROP 0,87 0,97 0,93 0,95 3483 96 262 268
KAB 0,82 0,96 0.90 0.93 9282 332 981 1031
KEC 0,46 0,66 0,53 0,59 405 202 352 358
KEL 0,41 0,96 0,57 0,71 1208 50 911 911
Total 0,75 0,95 0,85 0,90 14378 680 2506 2568

Table 8 presents the evaluation results of the NER model, including key metrics such as accuracy (Acc),
precision (Prec), recall (Recall), F1-score (F1), true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN) for different tokens: PROP (Province), KAB (District), KEC (Subdistrict), and KEL
(Village). The overall accuracy of the model is 75%, which indicates a relatively strong performance, especially
considering the complexity of natural language processing tasks involving location identification.

For the PROP (Province) and KAB (District) tokens, the model performs exceptionally well, achieving
accuracy scores of 87% and 82%, respectively. This result suggests that the NER model is particularly effective
in identifying higher-level geographic locations such as provinces and districts. The precision and recall for these
tokens are also high, with F1-scores of 0.95 and 0.93, respectively. This indicates that the model is very good at
both correctly identifying these locations (precision) and ensuring it captures almost all instances where these
locations appear (recall).

On the other hand, the KEC (Subdistrict) and KEL (Village) tokens show lower performance, with accuracy
scores of 46% and 41%, respectively. These lower scores can be attributed to the lack of sufficient information
related to subdistricts and villages in the tweet data used for training the model. As the dataset may have had
limited references to these more granular locations, the model struggled to correctly identify them, leading to a
higher number of false positives and false negatives.

The confusion matrix results further highlight the challenges with KEC and KEL tokens. The number of
false positives (FP) and false negatives (FN) for these tokens is notably high, which suggests that the model either
mistakenly identified locations or failed to detect actual location mentions. This is a common issue in NER
tasks, especially when the dataset is imbalanced or lacks adequate representation of certain entities.

In terms of practical applications, the NER model can be highly useful in geographic data analysis, such as
extracting location-based insights from social media or news articles. However, the model's limitations for
identifying subdistricts and villages suggest that additional data or enhanced model training could improve its
accuracy in these areas. For instance, incorporating more localized data or applying more advanced techniques
such as fine-tuning or augmenting the dataset could boost performance for KEC and KEL tokens.

Furthermore, the model's high performance for broader geographic categories like provinces and districts can
be valuable in applications such as regional marketing, disaster response, and public health research, where
identifying larger administrative divisions is key. The accuracy for these tokens ensures that the model can still
provide meaningful location-based analysis in many practical use cases, even if finer-grained location
recognition needs further improvement.
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Discussion

This part demonstrates visualization result in a form of map by using Folium library based on latitude and
longitude coordinate which were obtained from ArcGIS API.

Figure 7 <Map Visualization Using Folium>

The integration of geographical data and real-time social media updates, such as tweets, offers an innovative
approach for mapping the impact of flooding, especially in urban areas like Central Jakarta. As shown in Figure
7, each tweet in the database is linked to specific latitude and longitude coordinates, creating map points that
reflect both the location and the intensity of the flood's impact. This method not only offers a dynamic
representation of flooding events but also helps authorities understand the real-time effects of natural disasters
on urban infrastructure and daily life.

Previous studies have demonstrated the utility of social media in disaster response, particularly in mapping
the impacts of flooding. For example, research by Mata et al.., (2023) emphasized the value of customer
orientation in understanding how public responses to emergencies, such as floods, could improve service
delivery and response times. Similarly, Okonkwo & Awad., (2023) explored how digital tools, including social
media, can enhance business marketing strategies, highlighting the importance of real-time data in crisis
management. In the case of Jakarta, the classification of flooding impacts into categories like road closures
(green), traffic jams (blue), and facility damages (red) adds a layer of clarity to the map, enabling city planners

and emergency responders to prioritize actions based on the severity and location of the impacts (Ferreira et al.,
2024).

By color-coding these impacts, the map becomes not only an informative tool for understanding the spread
of the flood but also a resource for efficient disaster response. For instance, road closures, represented in green,
can be immediately flagged for detours or traffic management interventions, while blue areas signifying traffic
jams can direct efforts to clear blocked routes. The red spots, which indicate damaged facilities, highlight where
repair crews are most needed. This detailed categorization aligns with findings from Caliskan et al., (2020), who
examined digital marketing strategies and noted the effectiveness of using targeted, real-time data to adapt to
changing conditions. Thus, the mapping system shown in Figure 7 offers more than just geographical data it
serves as a critical tool for understanding and managing the aftermath of floods, contributing to a more resilient
and responsive urban environment.

:
:
s
.‘,

Figure 8 <Filter Based by Category>
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Figure 9 <Detailed Information of Map Point>

In the context of displaying geospatial data on maps, particularly when dealing with a large dataset,
performance and clarity are critical considerations. For instance, when there are 1,732 tweets with associated
map points, showing all of them at once can overwhelm the map's rendering system, leading to performance
issues. To address this, filtering methods are commonly employed to reduce the number of points shown at any
given time. This not only enhances the map's performance but also improves the overall user experience by
preventing clutter. In the case of the tweets related to flooding, one potential solution is to filter the map points
by category, based on the impact caused by the flood. This can simplify the visualization by grouping similar
events and making it easier for users to understand the data at a glance (Salamkar., 2024).

Research has demonstrated that effective data filtering techniques can significantly improve map
interactivity, particularly in scenarios with large volumes of data. For instance, a study by Alam et al., (2022)
discusses how spatial data clustering, based on event types or impacts, can streamline the presentation of data
on interactive maps. By doing so, users can focus on specific categories without being overwhelmed by the sheer
number of data points. In the context of flood-related tweets, categorizing tweets based on their impact such as
"damaged infrastructure," "displaced people," or "water levels" can provide more meaningful insights and allow
for more targeted responses (Iparraguirre-Villanueva et al., 2023).

Furthermore, providing detailed information for each map point adds value to the visualization, as it allows
users to access deeper context on demand. As users interact with the map, they can click on specific points to
bring up a pop-up that contains additional details, such as the category of impact and the tweet content. This
level of detail facilitates manual validation processes, where human users can cross-check the tweet's content
against the corresponding location. According to previous studies, such as the one by (Mansourian & Oucheikh.,
2024), combining map-based visualization with detailed textual data helps in verifying the accuracy of
geospatially-tagged information, particularly in disaster-related contexts. These verification processes are crucial
for ensuring that the data accurately reflects the on-ground situation, enabling better decision-making in disaster
management and response efforts (Tekumalla & Banda, 2023).

Conclusions

Based on the research results, it shows that location extraction from flood-related tweets using the Named Entity
Recognition (NER) model and geocoding produces very useful and accurate data. About 50% of the flood-
related tweets included location tokens, which shows the importance of geographic information in
understanding the impact of disasters. The location extraction process with the NER model proved effective,
although there were some discrepancies between the extracted location tokens and the actual geographic data,
especially at the more detailed location level. However, the evaluation results show that 99.5% of the extracted
locations correspond to valid locations, especially in the Indonesian region. This shows that the use of NER and
geocoding models is highly effective in analyzing flood impacts and provides significant benefits in disaster
management as well as geospatial analysis based on social media data.
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