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Decade? A Perspective From Social Media
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Abstract Global climate change has led to frequent and widespread flood disasters in China. Traditional
flood disaster investigations mainly focus on major flood events, and small-scale flood events are often
overlooked. This study utilized the Sina Weibo social media platform to detect flood events in 370 cities in
China from 2012 to 2023. We downloaded 73.52 million Weibo posts and developed a two-step flood detection
algorithm. In the first step, the algorithm initially identifies 956 flood events based on changes in posting
frequency. In the second step, an LDA topic model is used to detect topics for these flood events and
automatically filter out false events, resulting in 729 flood events. Verification of these events confirmed that
629 of the 729 were real flood events, achieving a detection accuracy of 86.28%. In the end, after excluding all
false flood events and reinstating the mistakenly removed real ones, we obtained a total of 674 verified flood
events. Among these 370 cities, 194 cities experienced flood disasters, accounting for 52.43% of the total.
Additionally, we compared our findings with online news reports, as well as the flood data sets from the
GDACS and EM-DAT. We found that our study had a high detection rate for urban waterlogging events.
However, there were cases of missed detection for flash floods and small watershed flood disasters.
Nevertheless, this study represents the most comprehensive publicly available detection of flood events in China
to date, which is of great significance for the government's flood management and decision-making.

Plain Language Summary Climate change has led to a significant increase in extreme precipitation
events in China, resulting in a rise in flood disasters across the country. However, our understanding of the
frequency and distribution of flood events in China remains limited due to the lack of an effective monitoring
and reporting mechanism. To address this gap, researchers from Central China Normal University analyzed data
from the Sina Weibo to detect flood events in 370 cities in China between 2012 and 2023. They identified a total
of 674 flood events from 73.52 million Weibo posts, indicating that over half of Chinese cities (52.43%) have
experienced flood events in the past decade. The majority of these cities are located in the eastern and central
regions of China, with 12 cities reporting 10 or more flood events. Specifically, Xi'an, Chengdu, Tianjin, and
Chongging have been the hardest hit, with the highest number of flood events. The northwest region of China,
which has lower precipitation and population density, has seen fewer flood events. This study provides valuable
insights into the current flood situation in Chinese cities, highlighting the need for effective monitoring and
reporting mechanisms to mitigate the impact of climate change on flood disasters.

1. Introduction

Global climate change has led to an increasing frequency of extreme precipitation events at regional and local
scales (Bloschl et al., 2019; Hirabayashi et al., 2013). Consequently, severe flood disasters have occurred
worldwide, posing a common public safety challenge for many countries (Tellman et al., 2021). On the occasion
of the 33rd International Day for Disaster Reduction on 13 October 2022, the Ministry of Emergency Man-
agement and the Ministry of Education (MEM & ME, 2022) of China, released the “2021 Global Natural Disaster
Assessment Report.” The report indicates that in comparison to the 30-year average from 1991 to 2020, the total
frequency of global natural disasters in 2021 exceeded by 13%, with floods being the most frequent, surpassing
historical records by 48%.

The “Sendai Framework for Disaster Risk Reduction 2015-2030,” adopted by the United Nations in 2015, aims to
significantly reduce disaster risks and losses and outlines seven global targets for reducing disaster losses
(UNDRR, 2015). At the national level, the collection of flood disaster data and the statistics of disaster losses
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become particularly crucial. Numerous natural disaster databases, including flood disasters, have been developed
for specific countries or globally (Kellermann et al., 2020). Examples include the Global Disaster Alert and
Coordination System (GDACS) by the United Nations and the European Union, the NatCatSERVICE Database
by Munich Reinsurance Company in Germany, and the Emergency Events Database (EM-DAT) by the Center for
Research on the Epidemiology of Disasters at KU Leuven in Belgium. China's Ministry of Emergency Man-
agement has also launched the Global Disaster Data Platform (GDDP).

These flood disaster databases have provided assistance and references for governments in conducting flood risk
emergency management. However, flood disaster investigations mainly focus on major flood events, while small-
scale flood events without casualties or significant property damage are often overlooked. These difficulties have
led to deficiencies in the reliability and completeness of flood disaster information in current global disaster
databases, particularly in terms of the inclusion of flood events in underdeveloped regions (Y. Wang et al., 2022).
Most flood data sets have relatively few flood events and are typically at the provincial scale (EM-DAT, 2024).
For example, we found that the Dartmouth Flood Observatory (DFO, 2024) data set includes only 45 flood events
in China from 2012 to 2021, and the EM-DAT (2024) only records disaster events that exceed local capacity and
require a request for external assistance at the national or international level. The scarcity of flood event data sets
that are highly detailed at the city-scale, capturing more events and at higher frequencies, remains a significant
challenge. Many current studies on flood impacts, including those on population exposure (Tellman et al., 2021)
and economic inequality (Linderson et al., 2023), often rely on global data sets like DFO or EM-DAT. However,
these data sets may lead to an underestimation of flood impacts due to their limited temporal and spatial reso-
lution, which might not fully capture the frequency and localized effects of urban flood events.

In situ monitoring of rainfall, water level, and flow (A. Islam et al., 2022), as well as optical and microwave
remote sensing observations (M. T. Islam & Meng, 2022; Zhang et al., 2021), can provide support for flood
disaster investigations and provide detailed data on flood extent and water depth (Olthof & Svacina, 2020).
However, in-situ monitoring is expensive and generally only sustained in large cities and important rivers, while
remote sensing observations are limited by the long revisit cycle of satellites and are therefore unable to capture
short-duration flood events lasting only a few days. For example, Tellman et al. (2021) used MODIS satellite data
to map global flood events. However, this process still required support from the DFO data set. Due to limitations
like cloud cover, only around 30% of flood events could have their inundation extents mapped effectively. This
highlights the challenges in achieving comprehensive flood monitoring using satellite data alone, as certain
environmental factors can significantly limit data coverage and accuracy.

The popularity of social media has provided a new perspective for the detection of flood events. When floods
occur, people often post related information on social media platforms, discussing the social impacts of floods and
sharing rescue information. Researchers have conducted numerous studies related to flood disasters using social
media data, including flood mapping (Kankanamge et al., 2020), topic detection (Wu et al., 2020), community
resilience (Kontokosta & Malik, 2018), and emergency response (Zhou et al., 2022). In particular, research on
flood detection based on Twitter has attracted the attention of many researchers and has yielded fruitful results.
Studies have been conducted in various regions, including the UK (Arthur et al., 2018), Japan (Shoyama
et al., 2021), the Philippines and Pakistan (Jongman et al., 2015), Italy (Rossi et al., 2018), and a global flood
event database has even been launched (de Bruijn et al., 2019).

To detect flood outbreaks (including location, start time, and end time), conducting topic classification on social
media posts is a feasible approach. For instance, Resch et al. (2018) utilized LDA model to detect the fluctuation
of flood disaster topics on Twitter, thereby capturing the footprint of flood disasters. In other studies, considering
that people extensively discuss flood events on social media when disasters occur, many researchers detect
disaster events by analyzing the temporal changes in social media data. These methods include Infinite State
Automata (Kleinberg, 2003), comparison of the number of keywords in continuous time windows (Guzman &
Poblete, 2013; X. Wang et al., 2013), Bayesian changepoint detection (Tartakovsky & Moustakides, 2010), and
detection of temporal changes in text posting intervals within time windows (de Bruijn et al., 2019; Riley, 2008).
Additionally, there are statistical methods specifically tailored for Twitter data such as E-divisive with Medians
(EDM, James et al., 2016), which many scholars have applied for flood event detection (Shoyama et al., 2021;
Theja Bhavaraju et al., 2019).

The above research on flood event detection is almost entirely based on Twitter. However, Twitter is difficult to
cover the Chinese region comprehensively because most social media users in China do not use Twitter but have
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their own Chinese community, which is Sina Weibo, the Chinese version of Twitter. Although not as globally
popular as Twitter, Sina Weibo has a huge user base in China, with a monthly active user count of 598 million as
of the end of 2023, which accounts for nearly half of China's population. Chinese researchers have conducted
many studies on flood disasters using Sina Weibo. However, natural language processing for the Chinese context
is not as mature as in English, and current research is mostly limited to topic classification and sentiment analysis
for specific flood events. There remains a gap in research on flood event detection. Despite the growing
perception among the public that flood disasters in China have become more severe in recent years, critical in-
formation such as the location, frequency, and impact of floods remains unclear. Furthermore, the flood disaster
data released by the Ministry of Emergency Management of China through the GDDP is significantly incomplete.
As a result, detailed, publicly accessible flood data sets for China are still largely absent.

This study aims to download Weibo posts related to heavy rainfall and flooding from 2012 to 2023 and develop a
comprehensive flood event detection algorithm to identify historical flood events across 370 cities in China over
the past 12 years. The key contributions of this research are as follows: (a) A city-scale flood event detection
algorithm specifically designed for Sina Weibo, which can support the collection of current and future flood
events in China; (b) A validated, ready-to-use flood event data set that will enrich global flood databases by
adding crucial data on flood events in China; (c) The data set will also aid in research on the economic and social
impacts of flood events in China, particularly contributing to the development of resilient cities and enhancing
flood emergency management. The structure of this study is as follows:

The second section is Data Collection, which explains how to download and preprocess Weibo posts from the
Sina Weibo platform. The third section is the Method, which focuses on disaster information extraction, flood
event detection, and the filtering of false flood events. The fourth section is Results and Analysis, which presents
the distribution of flood events and compares the results with other flood event data sets for validation, and
analyzes the impact of different conditions on flood event detection performance. The fifth section is Discussion
and Conclusion, which reflects on the limitations of this research and suggests potential directions for future
improvements.

2. Data Collection From Sina Weibo

Using the keywords “heavy rain” and “flood” to download flood-related text and image data from social media
platforms is a common practice (de Bruijn et al., 2019; Kharazi & Behzadan, 2021; Li et al., 2017; Tan &
Schultz, 2021). However, compared to English, Chinese vocabulary is more diverse, and people often use idioms,
proverbs, and short phrases to describe heavy rain and flood events. Therefore, using only the simple keywords
“heavy rain” and “flood” may result in missing a significant amount of data. Bhabaraju et al. (2019) also
recommend using keywords related to the consequences of natural disasters and emergency responses. The most
appropriate method is to extract related and similar words for “heavy rain”” and “flood” from social media sample
data of a major flood event.

This study selected the extremely heavy rain and flood event that occurred in Henan Province, China on 20 July
2021, as a sample. Many scholars have conducted research on this flood event (He et al., 2023; Manandhar
etal., 2023; Y. Yang et al., 2023). We used the API interface provided by Sina Weibo platform and a web crawler
program to download 83,025 Weibo posts by setting the keyword as “Zhengzhou heavy rain” from Sina Weibo.
Zhengzhou, the capital city of Henan Province, experienced the most severe flood damage compared to other
cities during this flood event.

Mining similar and related words from text corpora has become quite mature, and this study utilized the
Word2Vec model. Word2Vec is an efficient word embedding model proposed by Mikolov et al. (2013), widely
applied in flood-related research (Lin & Wu, 2022; T. Yang et al., 2018). In this study, Word2Vec was used to
learn from the downloaded 83,025 Weibo posts, extracting 24 similar words related to “heavy rain” and 20 related
words to “flood,” as shown in Table 1. We placed these Chinese keywords in the brackets in the table, and due to
the differences in expression between Chinese and English, there are cases where the English interpretations of
multiple Chinese keywords are the same.

We used these keywords to download a total of 73.52 million Weibo posts from the Sina Weibo platform in China
between 2012 and 2023. Figure 1 shows the monthly changes in the quantity of Weibo posts. It can be observed
from the figure that the number of Weibo posts from 2012 to 2017 was relatively lower. With the gradual
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Table 1

Heavy Rain and Flood Keywords Extraction

Heavy rain synonyms

Flood synonyms

rain (8, T’), heavy rain (BR), heavy rainfall (KF, X8R, BER, KES flood GER, #tK, KK), torrential downpour leads to flooding (B K), rain

), moderate rain (A /), storm (R’X /), gale (KXKX), Short-lived (JEAY), disaster (IR, MIK), torrent (GR57), wash away (F &), water flow (FKiFR),
Overcast (B X), Moderate to heavy rain (| A ), light rain (/NRF), rain river water (A 7K), flash flood (Il #E1# %), flood disaster (R), standing
stop (F3f%), lightning and thunder (EB[AE1S), getting heavier (B T# X), water (FR7K), landslide (GB3), collapse (3BF&, 3338, 387F5), water depth (7K

dripping G 0), rainy (2 /8), heavy precipitation (38P&7K), rainfall (P& R), waist-high (FFAE), waterlogging (F3%)
), rainfall amount (RS &, BEFIE), precipitation amount (F&K &)

1le6

popularization of smartphones, the quantity of downloaded Weibo posts significantly increased starting from
2018. From 2019 to 2023, more than 10 million Weibo posts were captured each year.

3. Method
3.1. Flood Damage Information Extraction From Weibo Posts

In the 73.52 million Weibo posts, the vast majority of the posts are actually not related to real flood events.
Researchers use various tools to classify the downloaded social media posts, filtering out the posts unrelated to
floods. Common text classification methods include direct keyword matching (Bhavaraju et al., 2019), machine
learning methods such as Naive Bayes, SVM, Random Forest, and LightGBM (Tan & Schultz, 2021), as well as
deep learning methods like BERT (de Bruijn et al., 2019). This study does not attempt to classify Weibo posts as
either flood-related or not flood-related, but instead focuses on identifying whether the posts contain flood
damage information. Flood events are detected based on the outbreak of such damage information, as this type of
information is more prevalent during flood disasters, such as people being stranded, buildings and roads
collapsing, and traffic congestion.

Classifying flood damage information from Weibo posts is much more complex than classifying flood infor-
mation because flood damage includes many aspects such as harm to people, damage to buildings, damage to
infrastructure, etc. As shown in Table 2, we constructed damage information classification indicators, which
include eight primary categories and 31 secondary categories. We did not use machine learning or deep learning
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Figure 1. Monthly distribution of 73.52 million Weibo posts related to heavy rain and flooding between 2012 and 2023.
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Table 2
Classification Indicators for Flood Damage Information
Level 1 indicators Level 2 indicators
Social impact (}t < People (A) Building (Z5R¥0) Basic necessities of life (K B{E1T)
=7
L 20)) Education, science, culture and health (3{®3X ) Overall impact (GREEM)
Business impact (Ml Shops (EI4§) Merchants (B F7)
£0m)
Infrastructure impact ~ Bridges and tunnels (¥F RF&3E) Roads (E}§)
(B Rng e S 0E)
Communication impact Communication carrier (BfSZ2E ) Communication base stations (GBS & ¥5) Communication signals GBI 5)
BEE N = Lk bl
(BEFW) Communication terminals (&5 4 i)
Electricity impact (B8 Electrical facilities (Ei% &) Electrical equipment (fftE8i% %) Electricity supply (B8 1 R1)
)
Water conservancy Rivers, lakes and reservoirs Gl 74 EE) Levees (3P L)
impact (K RIS 0E)
Industry impact (LMl Factories and workshops (L]~ ZE[8]) Industrial operations ({2 AZE)
£0a)
Traffic impact (3X3&  Trees () Drainage wells (BE7K ) Roads (B§)
= » Sy . 5 - . . =
2L Road traffic GE}&3IE) Air transportation (fi1Z21= i) Rail transportation (%% ¥&I= i)
Subway station (314k3k) Subway operation (#b£kiZE) Automobile passenger transport (5 FiZ)
Vehicle (ZE4) Vehicle accessories (FFHHEL )
Table 3
Example of Damage Information Keywords Extraction
Level 1 indicators Level 2 indicators Word pairing Keywords Scenarios
Traffic impact (3338 £ M) Road traffic (B 32 i8) n.+v.or  {Urban transportation (BT R
n. + adj &), Public transportation (2

HRE, /A%), Urban roads
(GHTIERR), Highway (20 8),
Road traffic GE#&),
Transportation system (3338
FR4t), Road GER), Order
(B ), Arterial roads (K3
BX), Traffic lights (f§ 54T),
Traffic order (3B

)} + {congested (3HH),
paralyzed (), obstructed
(32PBH), blocked (PEHT),
halted (f£#8), cascading (E
BiR BI), recover quickly (R
HRIRE), alarmed (&),

stopped (f£1E)}
Rail transportation (%% 1= i) n. + v.or {train (KZE), train station (K Z
n. + adj ), high-speed train (Z1%),

railway ($#k8%), high-speed
railway (75 4%), locomotive
(B1%F)} + {delayed (B2 ),
start-stop (FEZEZ{S), turn
back (3TiR), transfer (3%),
speed limit (BRIE), block off
(EH8H), wait for clearance (1%
&), suspended (f£12),
trapped (#H)}

e

4

]

B
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Accuracy Evaluation of Flood Damage Information Index Classification

classification problems. Firstly, it is limited by the number of samples, and
secondly, a Weibo post may contain various types of flood damage scenarios,

Indicators Precision Recall Fl-score

which can lead to confusion. Therefore, we adopted the keyword set matching
Social impact 82.28% 93.92% 87.71% method by constructing flood damage keywords to detect various damage
Business impact 92.96% 95.20% 94.07%  information from Weibo posts. We placed the Chinese words of each flood
Infrastructure impact 55.28% 97.51% 70.56% damage information indicator in brackets in Table 2.
Communication impact 84.93% 86.11% 85.51% This study used the Word2Vec to construct synonyms related to secondary
Electricity impact 90.51% 95.38% 92.88% indicators from the Weibo post data set of heavy rain in Henan Province, and
Water conservancy impact 75.00% 92.30% 82.75% then explored matching words related to the damage of these secondary in-
Industry impact 79.16% 73.07% 76.00% dicators, which are either verbs or adjectives. Table 3 shows examples of
TSt R 73.18% 39.06% 3327% keywords for the secondary indicators “Road traffic” and “Rail trans-

portation” in the category of transportation impact. From the keyword sets, it
can be seen that the first group of keywords consists of synonyms related to
“Road traffic” and “Rail transportation,” while the second group of keywords are modifiers indicating the flood
damage characteristics suffered by the first group of words. We use these {noun + verb} and {noun + adjective}
word pairs to search the Weibo post in order to identify whether the post contains damage information and
determine the type of damage.

To evaluate the classification accuracy of flood damage information, we used the Weibo data of heavy rain in
Henan Province to create a sample data set with 5,000 posts, and manually labeled the data set to mark the damage
information for each post. We categorize the Weibo posts into different level 1 indicator categories, as shown in
Table 2. Then, we used the established keywords to perform machine classification on the sample data. Unlike
manual classification, machine classification uses keywords to match the content of the post. Once a matching
keyword pair appears in the post, the Weibo post is classified into the corresponding level 1 indicator category.
The accuracy of the machine classification relative to the manual classification was evaluated using three in-
dicators: Precision, Recall, and F1-score, as shown in formulas 1-3. Many scholars use these three indicators to
conduct accuracy evaluations when using social media data to study flood disasters (Fu et al., 2022; Zhou
et al., 2022). In the formulas, TP (true positive) represents Weibo posts that are labeled as damage information by
both machine and manual classification, FP (false positive) represents Weibo posts that are labeled as damage
information by the machine but not by manual classification, and FN (false negative) represents Weibo posts that
are labeled as damage information manually but not detected by the machine. Table 4 shows the classification
evaluation results of damage information for the sample data. The classification accuracy of different damage
information is generally around 80%, which can meet the requirements for subsequent flood damage information
extraction from 73.52 million Weibo posts.

TP
Precision = ——— (1)
TP + FP
TP
Recall = ———— 2)
TP + FN
F1 — score =2 Precision * Recall 3)

O ¥ialhih ottt
Precision + Recall

Finally, this study used the constructed keyword set to classify flood damage information in 73.52 million Weibo
posts, and found that 5.78 million Weibo posts contained flood damage information, accounting for 7.86% of the
total number of Weibo posts. Figure 2 shows the monthly changes in the number of Weibo posts containing flood
damage information. In July 2021, the most damage information was recorded, reaching 300,000 posts. That year,
China experienced several major flood events, including the catastrophic rainstorm and flood disaster in Henan.
The least damage information was recorded in 2012, with only 60,000 posts. The significant difference is partly
due to the fact that Sina Weibo was launched in 2010 when there were fewer users and smartphones were not yet
widely popular. Since 2018, the number of flood damage information has been consistently above 500,000 each
year. The graph shows that flood damage information exhibits seasonal cyclic fluctuations, peaking during the
flood season in July each year and reaching a trough in non-rainy December.
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Figure 2. Monthly distribution of 5.78 million Weibo posts containing flood damage information between 2012 and 2023.

3.2. Categorize Flood Damage Information Into Different Cities

It is crucial to extract city information from the 5.78 million Weibo posts containing flood damage information.

Without city information, a Weibo post containing flood damage information is useless. We used the “Chinese
Province City Area mapper” (CPCA) library (DQinyuan, 2021), which is currently popular for resolving Chinese
location addresses, to parse the city information in the Weibo posts. The CPCA library automatically extracts all
city names from the Weibo posts and outputs the information in the format {province, city, county/district} as a
list. In this study, from the 5.78 million Weibo posts containing flood damage information, we identified 3.15
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million Weibo posts with city names. Figure 3a shows the change in the number of these 3.15 million Weibo posts
from 2012 to 2023.

For a Weibo post containing flood damage information, it may contain multiple types of flood damage infor-
mation (Level 1 indicators). For example, a Weibo post may not only describe the traffic congestion in a city but
also mention the impact on infrastructure such as road collapses. Therefore, the number of flood damage in-
formation recorded in these 3.15 million Weibo posts will far exceed 3.15 million. In this study, 7.3 million
instances of flood damage information were detected from these 3.15 million Weibo posts. Figure 3b illustrates
the change in the number of these 7.3 million flood damage information instances from 2012 to 2023.

Divide these flood damage information according to the Weibo posting time into each city, so that each city stores
a flood damage information list with a timestamp. The format of the list is { Weibo posting time, Weibo text, flood
damage information type}. When a Weibo post contains multiple flood damage information, it will be converted
into multiple records for the city, and the posting time in these records is the same. This can increase the frequency
of Weibo postings, helping to detect the outbreak of flood events based on changes in Weibo posting frequency
later on.

3.3. Correction of Flood Damage Information During Day/Night Intervals

The number of Weibo posts made by people at night is significantly smaller than during the day, resulting in
longer intervals between Weibo posts at night compared to during the day. In order to eliminate the periodic
fluctuations in the interval of flood damage information posts caused by day/night variations, it is necessary to
correct the interval of flood damage information posts. This study refers to the tweet interval correction method
proposed by de Bruijn et al. (2019) and corrects the interval between flood damage information posts. The specific
method is as follows:

First, calculate the average number of flood damage information posts in the city for each hour. As shown in
formula 4, sum the number of flood damage information posts for each hour, as well as the 2 hr before and after it,
totaling 5 hr, then calculate the mean to obtain the average number of flood damage information posts for the A-th
hour.

Np—p + My + Ny + Ny + Ny
5

n, =

4)

Secondly, calculate the correction factor for each hour. As shown in formula 5, the correction factor ¢, for the A-th
hour is equal to the average number of flood damage information posts for that hour 7;, multiplied by 24, then
divided by the sum of the average flood damage information posts for 24 hr in that day.
Cp = —p—# 24 (%)
h=1""%

Finally, the corrected time interval At between two adjacent flood damage information posts can be calculated
using formula 6. When the two records are in the same hour, ¢}, is the correction factor for the current time /; when
the two records do not belong to the same hour, the correction factor for the hour £ of the subsequent record is used
in the calculation.

At. = At* ¢y, 6)

The above correction factor ¢;, usually has a value greater than 1 during the day and less than 1 at night. Figure 4
shows the hourly variation of the correction factor c in Beijing on 10 July 2023. The correction factor ¢ drops to
below 0.25 between 1 and 4 a.m., starts to exceed 1 at 8 a.m., peaks at 10 a.m., and then falls below 1 starting at 9
p-m. This operation automatically compresses the time intervals of flood damage information during the night,
while appropriately stretching the time intervals during the day.
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Figure 4. Hourly correction factor ¢ in Beijing on 10 July 2023.

3.4. Detecting Flood Events by Monitoring Changes in Flood Damage Information Posting Frequency

Many scholars have attempted to use a fixed or variable time window moving along the timeline to real-time
monitor the number of social media posts within the time window (Guzman & Poblete, 2013; X. Wang
etal., 2013) or the changes in the time intervals between social media posts (de Bruijn et al., 2019; Riley, 2008) to
detect the outbreak of flood events based on sudden changes in quantity or time. As shown in Figure 5, this study
set a 24-hr time window to detect the outbreak of flood events by monitoring the changes in the time intervals of
flood damage information posts within the time window. The reason for choosing a 24-hr time window is that
regardless of the starting point in time, counting the flood damage information for the subsequent 24 hr covers
exactly 12 hr of daytime and 12 hr of nighttime, minimizing the impact of fewer Weibo posts being published at
night. The algorithm principle for detecting the outbreak of flood events is as follows:

First, to detect the sudden change in the time intervals of flood damage information posts, it is necessary to know
the average interval time 7 of flood damage information posts without any sudden changes. Based on the hourly
correction factor ¢, the corrected intervals between each pair of adjacent flood damage information posts are

A
Number of
flood
damage S'iart
information
Flood event

24-hour time window

Figure 5. Schematic diagram of flood event detection based on changes in damage information release frequency.
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Table 5
The Annual Start Threshold (4.5% X ty,,) and End Threshold (30% X 1y.,,) Settings for Flood Outbreak Detection in Beijing

Year fyeqr (min.) Start threshold (min., 4.5% X Zycy) End threshold (min., 30% X Zyc,,)

2012 132.61 5.96 39.78
2013 146.16 6.57 43.84
2014 87.48 3.93 26.24
2015 129.87 5.84 38.96
2016 199.32 8.96 59.79
2017 147.09 6.61 44.12
2018 42.45 1.91 12.73
2019 54.42 2.44 16.32
2020 35.40 1.59 10.62
2021 25.59 1.15 7.67
2022 23.71 1.06 7.11
2023 14.55 0.65 4.36

calculated. Considering that the frequency of discussions on heavy rain and flood topics during the rainy season
and non-rainy season is different, and the distribution of flood damage information varies, this study excludes data
from the rainy season (May—September) when calculating the average interval time 7, and only uses data from
January to April and October to December to calculate the average value. Additionally, as shown in Figure 3b,
there are significant differences in flood damage information across different years, so the annual average interval
time %, is calculated separately for each year. The formula is as follows:

—1 —1
_ 2oy Uty — til i) + Z_,r'l:] (It — tilx cjp1)
lyear = m+n @)

In the formula, m represents the number of flood damage information posts from January to April, n represents the
number of flood damage information posts from October to December, c;,; and c;, represent the correction
factors at the hours of the (i + 1) th and (j 4+ 1) th flood damage information posts, respectively.

Next, it is necessary to set the time interval threshold for the start and end of flood outbreaks. The start threshold
and end threshold for flood outbreak detection have a significant impact on the number and accuracy of detected
flood events. Therefore, it is necessary to set reasonable start and end thresholds. Instead of setting uniform start
and end thresholds for all cities, we set these thresholds separately for each city in different years. This ensures
that different cities use different start and end thresholds for detecting flood outbreaks in different years, thereby
better ensuring detection accuracy. It can be inferred that over 12 years, the start and end thresholds for 370 cities
amount to a total of 370 X 12 x 2 = 8,880. Fortunately, because the %, of each city in each year is different, we
simplify the problem by setting the start and end thresholds as percentages of 7. To this end, we define the
variable Percentageg,,, as the start threshold percentage and the variable Percentagey 4 as the end threshold
percentage. Ultimately, we obtain the relationship between the start and end thresholds and these two variables as
shown in formula 8. As can be seen from formula 8, the problem of setting the start and end thresholds is
transformed into how to set the start threshold percentage Percentageg,, and the end threshold percent-
age Percentageg, 4.

Start Thresholdyeyr = Zyeqr X Percentageg,,

®)

End Thresholdy, = e, X Percentageg,

This study attempts to set a unified start threshold percentage and end threshold percentage for all cities. In
Section 3.5, we will provide a detailed explanation of how to reasonably set the unified Percentageg,, and
Percentagey, 4 through sensitivity analysis and multi-objective optimization of flood detection in Beijing. In this
study, the start threshold for flood outbreak detection is ultimately set to 4.5% of the annual average interval time
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Table 6

List of 17 Real Flood Events in Beijing From 2012 to 2023 and Machine Detection Results (Percentages,,,, = 4.5%, Percentager,; = 30%)

Index Flood event Date Has the machine detected it? Detected start time Detected end time

1 Severe rainstorm in Beijing on July 21st 2012.07.21 Yes 2012.07.21 2012.08.07

2 Heavy rain in Beijing on July 16th 2014.07.16 Yes 2014.07.16 2014.07.17

3 Heavy rain in Beijing on July 17th 2015.07.17 Yes 2015.07.17 2015.07.18

4 Heavy rain in Beijing on July 20th 2016.07.20 Yes 2016.07.19 2016.07.26

5 Heavy rain in Beijing on July 20th 2017.07.20 Yes 2017.07.20 2017.07.21

6 Heavy rain in Beijing on August 2nd 2017.08.02 Yes 2017.08.02 2017.08.04

7 Heavy rain in Beijing on July 16th 2018.07.16 Yes 2018.07.15 2018.07.27

8 Heavy rain in Beijing on August 8th 2018.08.08 Yes 2018.08.10 2018.08.15

9 Heavy rain and hail in Beijing on May 17th 2019.05.17 Yes 2019.05.19 2019.05.21

10 Heavy rain in Beijing on August 12th 2020.08.12 Yes 2020.08.10 2020.08.14

11 July 2021 Beijing Heavy Rainfall 2021.07.11 Yes 2021.07.11 2021.07.31

12 Heavy rain in Beijing on August 16th 2021.08.16 Yes 2021.08.16 2021.08.20

13 Heavy rain in Beijing on July 31st 2023.07.31 Yes 2023.07.29 2023.08.08

14 Urban waterlogging in Beijing on 7 August 2015 2015.08.07 No

15 Heavy rain in Beijing on June 22nd 2017.06.22 No

16 Heavy rain in Beijing on July 6th 2017.07.06 No

17 Heavy rain in Beijing on August 5th 2019.08.05 No
fyear (Percentageg,,, = 4.5%), and the end threshold is set to 30% of the annual average interval time 7,
(Percentage,; = 30%). Taking Beijing as an example, Table 5 shows the start and end thresholds for flood
outbreak detection in Beijing from 2012 to 2023, with each city independently storing such a table. From the table,
it can be seen that as the frequency of users posting on Weibo increases, the annual average interval time %, of
flood damage information is also narrowing, indicating that the current data volume is much larger than in
previous years.
We utilize a 24-hr time window to traverse the city's flood damage information on an hourly basis. Assuming we
are currently traversing hour 4, the time window contains data for the 24 hr from A to i, + 23. We calculate the
average interval time 7 between flood damage information within the time window. If we find that the time 7 is less
than 4.5% of the annual average interval time iyear and the current flood event is not yet marked, we label it as the
start of a flood event. We continue to traverse the subsequent flood damage information on an hourly basis within
the time window until the average interval time 7 exceeds 30% of the annual average interval time #,, at which
point we label it as the end of the flood event. Thus, the detection of a flood event, including its start and end times,
is completed. Unlike previous methods that detect the abrupt change point of the time window after it occurs, we
have placed it beforehand. We mark the start and end of the flood using the leftmost point 4, of the time window,
rather than A, + 23 on the right. The advantage of this approach is that it allows for more sensitive detection of
flood initiation and earlier termination of flood events. This is because based on our observations, we have noticed
that even after a flood event has ended, there is still a significant amount of discussion about the flood for some
time, and social media tends to prolong the duration of flood events.
Finally, we remove flood events with a duration of 1 hr and merge flood events with intervals of less than 24 hr,
resulting in a data set of flood events for 370 cities in China.
3.5. Set the Start and End Thresholds for Flood Outbreak Detection
As Table 6 illustrates, we have collected a total of 17 flood events in Beijing from 2012 to 2023 through searching
online news reports. The reason for selecting Beijing as the reference is because it is the capital of China, and
flood events in Beijing are most likely to be reported by the news, making these reports the most credible. As
shown in formula 8, we can change the start and end thresholds for flood detection in Beijing for different years by
setting different Percentageg,, and Percentagey, . This allows us to analyze the sensitivity of flood event

SHEN ET AL. 11 of 27

85U8017 SUOWILIOD 3A1eR1D) 8|qedlidde 8Ly Aq peusenob ae sajoie YO ‘SN J0 Sa|ni o Akeiq1T8ulUO 8|1 UO (SUONIPUOD-PUR-SULBI 0D A3 1M AfRIq 1T UO//:SANY) SUOIIPUOD PUe SWie | 8y} 88S *[G202/70/62] Uo AriqiTauljuo AB|IM * PIY 80UspIng aUeIyo0D A8xin1 - ZIATIA unsing Aq §//¥0043¥202/620T 0T/10p/Liod A8 | im Areiq 1 puljuo'sqndnfe/sdiy wo.y pepeojumoq ‘v ‘S20e ‘2.2v82Ee



Ay
et Earth's Future 10.1029/2024EF004775
Table 7 detection to different start and end thresholds. Finally, through multi-

Accuracy Evaluation of Flood Event Detection in Beijing at Different End
Threshold Percentages (With the Percentages,,,, = 4.5%)

Percentageg, TP FP FN Precision Recall Fl-score
20.00% 13 3 4 0.8125 0.7647 0.7878
22.50% 13 2 4 0.8666 0.7647 0.8125
25.00% 13 1 4 0.9285 0.7647 0.8387
27.50% 13 1 4 0.9285 0.7647 0.8387
30.00% 13 0 4 1 0.7647 0.8666
32.50% 13 0 4 1 0.7647 0.8666
35.00% 13 0 4 1 0.7647 0.8666
37.50% 13 1 4 1 0.7647 0.8666
40.00% 13 1 4 1 0.7647 0.8666
detecting any false flood events.

Table 8

objective optimization, we evaluate the overall accuracy of Beijing's flood
detection results relative to actual flood events and ultimately determine the
appropriate Percentageg,,, and Percentageg, . These determined percentages
will then be used for flood event detection in other cities to maintain optimal
accuracy.

We can still use the three metrics, Precision, Recall, and F1-score from for-
mulas 1 to 3, to evaluate the accuracy of flood outbreak detection. Similar to
the accuracy evaluation of flood damage information classification, in these
formulas, TP (true positive) represents the number of flood events that
actually occurred and were also detected by the machine, FP (false positive)
represents the number of flood events that did not actually occur but were
detected by the machine, and FN (false negative) represents the number of
flood events that actually occurred but were not detected by the machine.

Setting the Percentageg,,, and the Percentageg , is a multi-objective opti-
mization problem, which has three optimization objectives. As shown in

formula 9, we hope to maximize the values of Precision, Recall, and F1-score, but it is difficult to achieve all of
these at the same time. This multi-objective optimization problem actually involves two independent variables:

the Percentageg,,, and the Percentageg,,. After multiple rounds of trials, we preliminarily set the range of the

Percentage,,, between 3% and 7%, and the range of the Percentagey,, between 20% and 40%. Flood detection

results outside these ranges are generally not satisfactory.

max F(1) = Precision

max F(2) = Recall
1 max F(3) = F1 — score ©)
3% < Percentageg,; < 7%

20% < Percentageg,q <40%

By fixing the Percentageg,,, and the Percentageg, 4 separately, we tested the flood event detection results under

different threshold percentages. As shown in Table 7, with the Percentageg,,, fixed at 4.5%, the Percentagep, 4 was

gradually increased from 20% to 40%. It can be seen from the table that the optimal Percentage, 4 was reached
when it was gradually increased to 30%, correctly detecting 13 flood events, missing four flood events, and not

Accuracy Evaluation of Flood Outbreak Detection in Beijing With Different
Start Threshold Percentages (With the Percentager,; = 30%)

As shown in Table 8, we fixed the Percentageg, to 30%, and gradually
increased the Percentageg,, from 3% to 7%. It was found that as the
Percentageg,,; increased, 14 flood events could ultimately be correctly
identified. However, too high a Percentageg,,,, would lead to false detections,
with the maximum false positives (FP) reaching four events. On the other
hand, when the Percentageg,,, was too low, it was difficult to initiate flood

Percentageg,, ~ TP FP  FN  Precision  Recall ~ Fl-score  outbreak detection, missing many flood events, with the maximum false
3.00% 10 0 7 1 0.5882 0.7407 negatives (FN) reaching seven events. This indicates that both too high and
3.50% 10 0 7 1 0.5882 0.7407 too l.on start thr.esholds for flood event detection can lead to significant errors,
and it is essential to set the start threshold reasonably.
4.00% 11 0 6 1 0.6470 0.7857
4.50% 13 0 4 1 0.7647 0.8666 From Tables 7 and 8, it is evident that the setting of the Percentageg,  is
5.00% 14 1 3 0.9333 0.8235 0.875 relatively simpler because it primarily affects the duration of flood events
5.50% 14 2 3 0.875 0.8235 0.8484 (either extending or shortening the end time). This contrasts with the
6.00% 14 3 3 0.8235 0.8235 0.8235 Percentageg,,;, Where variations 1n.1ts setting can 51gn1f1C2.tntl}./ alter the Fo-tal
number of flood events detected. Since flood event detection is not sensitive
6.50% 14 4 3 0.7777 0.8235 0.8 . . . . .
to the Percentageg,,, this study has simplified the solution to the multi-
7.00% 1 o E Ly DS = objective problem by uniformly setting the Percentagep,y to 30%. When
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Figure 6. Precision, Recall, F1-score, and the Euclidean distance from general values to ideal values under different start threshold percentages.

comparing the two different start threshold percentages, 4.5% and 5%, in Table 8, it can be seen that the Precision
is superior at a start threshold percentage of 4.5%, but the Recall and F1-score are better when the start threshold
percentage is at 5%.

To obtain the optimal solution for the Percentageg,,, this study employs the ideal point method (Yuan
et al., 2019) to solve the established multi-objective optimization model. For the objective functions F(1), F(2),
F(3), the ideal values {F", E5*, F;'} are first calculated. From Table 6, it is known that the ideal values for Precision,
Recall, and Fl-score are {1,0.8235,0.875}. Using different start threshold percentages, the general values for
these three indicators are calculated, and the Euclidean distance from the general values to the ideal values is
calculated, as shown in Equation 10:

3

X (F-EY

r=1

The solution that minimizes the value of E is considered the optimal solution for the Percentageg,, . Figure 6
displays the Precision, Recall, F1-score, and the Euclidean distance from the general values to the ideal values
under different start threshold percentages. When the start threshold percentage is 4.5%, the value of E reaches its
minimum, at 0.0594. Therefore, setting the start threshold percentage to 4.5% yields the most balanced result. As
shown in Table 6, when the start threshold percentage and the end threshold percentage are set to 4.5% and 30%,
respectively, the machine detects a total of 13 flood events, and all 13 detected events are among the 17 actual
flood events, resulting in a precision rate of 100%. Additionally, there are 4 flood events that were not detected,
giving a flood event detection rate of 76.47%.

3.6. Automatic Filtering of False Flood Events With the LDA Topic Model

To download Weibo data using 24 rainfall-related and 20 flood-related keywords, non-flood-related events may
sometimes be included. For instance, when the keyword “collapse” is used, Weibo posts related to a major bridge
collapse incident in a city might also be downloaded, making it challenging for the flood damage classification
process to filter out such unrelated information accurately. Additionally, because flood damage classification has
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inherent uncertainties, some damage information that appears frequently within a short period may create a false
peak, which the flood event detection algorithm might mistakenly identify as a flood event.

Since each flood event is tagged with start and end times, it's crucial to analyze the relevant Weibo posts during
that timeframe to understand what topics are being discussed. If these posts are not discussing heavy rainfall or
flooding, the detected flood event might be a false positive. To address this, we use the LDA topic model to
identify topics within the Weibo posts corresponding to each flood event, effectively filtering out false flood
events. LDA, an unsupervised machine learning algorithm, can reveal underlying themes within large document
sets or corpora and has been widely applied in social media research for tasks like topic detection and classifi-
cation (Du et al., 2023; Resch et al., 2018) and public opinion dissemination (W. Wang et al., 2024). The gensium
library (https://radimrehurek.com/gensim/), which includes the LDA module, is used in our algorithm and can be
directly invoked.

In this study, we configured the LDA model to analyze only one topic for each flood event's Weibo posts,
extracting the top 20 most frequently appearing words associated with that topic. By examining whether these 20
words include terms related to heavy rain and flooding, our algorithm can determine if a flood event is false. We
established a set of six Chinese detection keywords: [“rain (f§),” “flood (3),” “waterlogging (33%),” “inundated
(7&),” “flood stage (3]),” and “water pooling (FR7K)”]. After the algorithm performs topic detection for each flood
event, it automatically compares the 20 detected words with these six keywords. If none of the six keywords are
found in the 20 words, the detected flood event is flagged as false.

4. Result and Analysis
4.1. Flood Event Detection Results for 370 Cities

We conducted flood event detection in 370 cities based on the start threshold and end threshold of 4.5% and 30%
of the annual average interval time #,,, respectively, and initially detected a total of 956 flood events. Then, the
LDA topic model was applied to automatically filter these 956 flood events, ultimately removing 227 false flood
events and retaining 729 real flood events. However, we still cannot confirm that the remaining 729 flood events
are entirely accurate and that the 227 false flood events are 100% incorrect. The process of detecting and filtering
flood events, especially using automatic systems like LDA topic model, involves inherent uncertainty. While the
model may significantly reduce the number of false positives, there is always a possibility that some genuine flood
events might be incorrectly discarded, or some false positives may still remain.

Since LDA generates a topic consisting of 20 words for each flood event, we can easily identify what people are
talking about from these 20 words, such as whether they are discussing floods, earthquakes, or something else.
Most topics can be accurately identified, with only a few uncertain cases requiring verification of the corre-
sponding Weibo posts for the event. This judgment is also very simple; it's not necessary to read all the Weibo
posts corresponding to the event. Only a small number of posts are needed to make the determination. Ultimately,
after validation, we found that among the 729 flood events retained, 100 were actually false positives, while 45 of
the 227 discarded flood events were real. After applying the LDA topic model, the number of detected events
dropped to 729, with 629 confirmed as genuine, resulting in a significantly higher detection accuracy of 86.28%.
This demonstrates that the LDA model enhances the detection precision by effectively filtering out false flood
events. In the end, after excluding all false flood events and reinstating the mistakenly removed real ones, we
obtained a total of 674 verified flood events. The data set of validated 674 flood events can be downloaded from
Shen et al. (2024f).

Among the 370 cities in China, 194 cities experienced flood disasters, accounting for 52.43%, indicating that
nearly half of the cities in China are plagued by flood disasters. In terms of the number of flood events, 12 cities
experienced more than 10 flood events, among which Xi'an and Chengdu suffered the most frequent flood di-
sasters, with 24 and 15 flood events occurring over 12 years, respectively. Table 9 lists the top 20 cities in China
with the most flood events, most of which are China's first-tier and second-tier cities, with 14 cities being pro-
vincial capitals or municipalities directly under the central government. These major cities have a higher sus-
ceptibility to floods, especially serious problems with urban waterlogging.

Figure 7 is a distribution map of flood events in various cities in China from 2012 to 2023. From the figure, it can
be seen that flood disasters in China mainly occur in the central and southeastern parts. There are two main
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Table 9 distribution intervals: one is the southeastern coastal cities, including many
Top 20 Cities in China With the Highest Number of Flood Events cities in Guangdong Province, Fujian Province, Jiangsu Province, and Zhe-
Ranking Province City No. of flood events 11408 Pr.ovmce. Among t.he top 20 c1t1f:s. listed in Tables 9 and 8.c1t1es are
located in these four provinces. These cities are particularly susceptible to the
1 Shannxi Xi'an 24 impact of typhoons, for example, Shenzhen, Shanwei, and Quanzhou are
2 Sichuan Chengdu 15 almost annually affected by typhoons; the second is inland cities, mainly
3 Tianjin Tianjin 14 along Chengdu, Chongqging, Xi'an, and Zhengzhou. These cities are located at
4 Chongging Chongging 14 the dividing line between the north and south of China, where the climate
5 Zhejiang Ningbo 13 changes d.rast.lcally. Agdltlonally, in China's arid and §em1—ar1d regions such
as Qinghai, Tibet, Xinjiang, Gansu, and Inner Mongolia, the number of flood
6 Beijing Beijing 13 . .. . .
events is significantly less, almost negligible, mainly characterized by spo-
7 Hebei Shijiazhuang 12 radic flash floods
8 Henan Zhengzhou 12 o . L
9 ] S D As shown in Figure 8, this study statistically analyzed 674 flood events on a
PR enzhen yearly basis. The number of flood events in 2020 and 2021 was higher than in
e st Ltz o = other years, which were also the years with more extreme rainfall events in
11 Guangdong Shanwei 11 China. Due to the significantly lower volume of Weibo posts from 2012 to
12 Yunnan Kunming 10 2017 compared to 2018 to 2023, the detected flood events in these two periods
13 Guangdong Zhuhai 9 also vary greatly. For example, the annual detected flood events from 2012 to
. . 2015 were less than 10, while in 2023, the detected flood events reached 107,
14 Anhui Hefei 8
. indicating that the scarce volume of Weibo posts in the early years had a
15 Shandong Qingdao 8 L.
certain impact on the total number of detected flood events. On the other
= Cmerons Cranzaion e hand, we also found that online news reports on early flood events were less
17 Sichuan Mianyang 8 frequent, with significantly fewer reports on flood events from 2012 to 2017
18 Jiangsu Nanjing 7 compared to 2018 to 2023 (Table 8). Nonetheless, our analysis of the detected
19 Fujian Fuzhou 7 early flood events revealed that many of these floods were historically sig-
20 e S 7 nificant major flood disasters. Taking 2012 as an example, a total of three
flood events were detected in that year, including the severe rainstorm on 21
July 2012, in Beijing and Tianjin, where the rainfall in Beijing reached the
highest level since meteorological observations began in 1951. Another example is the severe rainstorm on July 9
in Shanggiu City, Henan Province, where the maximum local rainfall reached 540.8 mm, breaking the historical
record since meteorological records began in 1953. This rainstorm affected over 400,000 people.
No. of flood events 5 . e o
c e o @ @ 5001000 1500 2000 NI L
0 1-56-1011-2021-25 o ' ) Loy
Figure 7. Distribution map of flood event occurrences in Chinese cities (2012-2023).
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Figure 9. The disaster scene in Mentougou District, Beijing, after the heavy
rain event on 31 July 2023 (Image source: https://www.thepaper.cn/

newsDetail_forward_24054576).
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Figure 8. Distribution of annual flood event occurrences in Chinese cities from 2012 to 2023.

Although the 674 flood events were only pinpointed at the city scale, a more
detailed analysis of flood damage information for each event enables a finer-
grained assessment of flood severity in different urban areas. We conducted a
case study on an extreme rainstorm that occurred in Beijing on 31 July 2023
(Figure 9). From 8 p.m. on July 29 to 7 a.m. on August 2, the average rainfall
in Beijing reached 331 mm, with 60% of the annual average rainfall occurring
within 83 hr. The average rainfall in Mentougou District was 538.1 mm, and
in Fangshan District, it was 598.7 mm. The maximum rainfall occurred in
Wangjiayuan Reservoir in Changping District, reaching 744.8 mm, the
highest recorded rainfall in Beijing area since instrumental measurements
began 140 years ago. The maximum hourly precipitation intensity was
111.8 mm/hr at Qianling Mountain in Fengtai District (from 10 to 11 a.m. on
July 31). On August 1, the rain intensity in Beijing significantly weakened,
and the typhoon's impact was nearing its end. In the early morning of August
2, the thunderstorm clouds that affected Beijing weakened and moved out of
the city.

As shown in Figure 10, we recorded flood damage information associated
with “Beijing” and “Beijing districts” separately. Here, “Beijing districts”
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Figure 10. Daily variations in flood damage information in Beijing from 25 July 2023 to 25 August 2023.

refers to posts explicitly mentioning specific districts within Beijing, while “Beijing” refers to posts that could
only be located to the city level without specific district details. Reports of flood damage in Beijing began to
increase on July 29, surging dramatically with the heavy rainfall on July 31, resulting in 15,759 flood damage
records for the city. This reached a peak of 17,201 records on August 1. By August 2 and 3, the flood damage

damage information
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Figure 11. Statistics of flood damage information in various districts of Beijing during the heavy rainfall event on 31 July
2023.
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Table 10
Detection Rate of Flood Events in 20 Key Cities

No. of flood events No. of flood events detected by Detection rate  No. of flood events No. of flood events detected by Detection rate

Index City (2012-2023) machine (2012-2023) (2012-2023) (2018-2023) machine (2018-2023) (2018-2023)

1 Xi'an 25 20 80.00% 19 17 89.47%

2 Chengdu 14 13 92.85% 12 12 100%

3 Tianjin 11 10 90.9% 9 8 88.88%

4 Chongqing 28 12 42.85% 16 12 75%

5 Ningbo 13 11 84.61% 7 7 100%

6 Beijing 17 13 76.47% 8 7 87.5%

7 Shijiazhuang 14 11 78.57% 12 10 83.33%

8 Zhengzhou 8 8 100% 7 7 100%

9 Shenzhen 13 9 69.23% 9 9 100%

10 Haikou 15 10 66.66% 10 8 80%

11 Shanwei 22 11 50.00% 16 11 68.75%

12 Kunming 15 10 66.66% 12 9 75%

13 Zhuhai 6 3 50% 4 3 75%

14 Hefei 8 6 75% 6 100%

15 Qingdao 7 6 85.71% 5 83.33%

16 Guangzhou 14 8 57.14% 8 7 87.5%

17 Mianyang 12 8 66.66% 10 8 80%

18 Nanjing 10 6 60% 6 4 66.66%

19 Fuzhou 10 7 70% 7 6 85.71%

20 Quanzhou 7 5 71.42% 5 3 60%
records decreased to 10,091 and 7,270, respectively, and by August 18, the count dropped to 662, indicating that
the flood event had completely subsided and public attention was fading. Flood damage records in the districts
followed a similar trend, peaking on July 31 with 6,229 records and decreasing to 110 by August 18. Most remote
sensing-based flood disaster monitoring methods require a time lag of 48—72 hr (Resch et al., 2018) to obtain
flood disaster information. In contrast, social media platforms can almost monitor urban flood disasters in near
real-time by frequently downloading flood-related textual data. This capability is of significant importance for
disaster management.

Using the CPCA tool, flood damage information can be localized to various districts in Beijing, revealing the
location of flood. As shown in Figure 11, Fangshan and Mentougou districts recorded 8,850 and 9,641 pieces of
damage information, respectively, significantly higher than other districts, indicating that the majority of the
heavy rainfall and flood damage occurred in these two areas. In contrast, the damage information from Miyun,
Shunyi, Pinggu, Dongcheng, Xicheng, and Chaoyang districts was all below 200, suggesting these areas were
almost unaffected, which aligns with reports from the media.
Furthermore, the flood event data set obtained in this study is expected to be refined to a street-level scale in future
research. Many researchers have already started related work, such as using deep learning methods to detect all
flood inundation points from each flood event (Liu et al., 2021), or extracting flood depth information from Weibo
texts to create flood maps for urban waterlogging (Yan et al., 2024). This will provide a valuable supplement to
remote sensing flood mapping research.
4.2. Comparative Validation With Online News Reports
To validate the accuracy of the flood events detected in this study, we selected 20 key cities from Table 9 and
searched for news reports on flood disasters in these cities from 2012 to 2023 using the Baidu search engine. We
search for flood events on Baidu using city names and different year/month keyword combinations, such as
entering “Beijing Heavy Rain August 2023” or “Beijing Flood August 2023 to search for flood events in Beijing
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Table 11

The 20 Flood Events That Occurred in Different Cities in China From 2019 to 2023 Recorded in the GDACS Database

Index  Year Location of the flood occurrence Start time End time Has the machine detected it?
1 2023  Hong Kong, China 2023/9/07 0:00  2023/9/11 0:00 Yes
2 2023  Shenzhen, China 2023/9/07 0:00  2023/9/11 0:00 Yes
3 2023  Meizhou, China 2023/9/07 0:00  2023/9/11 0:00 No
4 2023  Xi'an, Shaanxi Province, China 2023/7/31 0:00  2023/8/15 0:00 Yes
5 2023  Hepu County, Beihai City, Guangxi Province, China 2023/6/01 0:00  2023/6/12 0:00 No
6 2023  Sanmenxia City, Henan Province, China 2023/1/23 0:00  2023/1/24 0:00 No
7 2022  Datong Hui and Tu Autonomous County, Longnan City, Gansu Province 2022/8/10 0:00  2022/8/19 0:00 No
8 2022  Xuwen County, Zhanjiang City, Guangdong Province 2022/8/9 0:00 2022/8/11 0:00 No
9 2022  Wudalianchi City, Daxing'anling Prefecture, Heilongjiang Province 2022/7/12 0:00  2022/7/13 0:00 No
10 2022  Gongshan Dulong and Nu Autonomous County, Nujiang Lisu Autonomous 2022/4/2 0:00 2022/4/3 0:00 No
Prefecture, Yunnan Province
11 2022  Lianping County, Heyuan City, Guangdong Province 2022/5/26 0:00  2022/6/14 0:00 Yes
12 2022  Shaoguan City, Guangdong Province 2022/6/20 0:00  2022/6/26 0:00 Yes
13 2021  Qixian County, Jinzhong City, Shanxi Province 2021/9/24 0:00  2021/10/7 0:00 Yes
14 2021  Hanzhong City, Shaanxi Province 2021/9/24 0:00  2021/10/7 0:00 Yes
15 2021  Taiyuan City, Shanxi Province 2021/6/20 0:00  2021/6/30 0:00 No
16 2021  Yixian County, Baoding City, Hebei Province 2021/7/16 0:00  2021/7/19 0:00 No
17 2021  Wautaishan City, Shanxi Province 2021/7/2 0:00 2021/7/12 0:00 No
18 2020  Danba County, Garze Tibetan Autonomous Prefecture, Sichuan Province 2020/6/16 0:00  2020/6/17 0:00 Yes
19 2019  Aba Tibetan and Qiang Autonomous Prefecture, Sichuan Province 2019/7/31 0:00  2019/8/20 0:00 Yes
20 2019  Harbin City, Heilongjiang Province 2019/7/30 0:00  2019/7/30 0:00 No
in August 2023. Table 10 shows the detection rates of flood events for these 20 cities, where the detection rate
refers to the proportion of flood events reported in online news that were also present in our flood data set. A
higher detection rate indicates better performance of the algorithm in detecting flood events in that city.
Considering the scarcity of Weibo posts from 2012 to 2017, this study adopted two statistical approaches: one
calculates the detection rates for each city from 2012 to 2023, and the other calculates the detection rates from
2018 to 2023.
As shown in Table 10, the detection rate from 2018 to 2023 is significantly higher than that from 2012 to 2023.
The median detection rate for the period 2012 to 2023 is 70%, while for 2018 to 2023, it is 83.33%. This indicates
that, with the gradual increase in the quantity of Weibo posts in recent years, the flood event detection algorithm
has become more efficient and accurate. Between 2012 and 2023, a total of 187 flood events occurred in these 20
cities, as identified through searching online news reports, with 159 of these events occurring between 2018 and
2023, accounting for 70.75%.
4.3. Comparative Validation With the Global Flood Disaster Database
Although there are many global natural disaster databases now, there is a serious problem of missing data in the
records of flood events in China. A large number of actual flood events are not included in the database, and many
flood events occur at the provincial level, making the location of the flood events relatively vague. In particular,
urban waterlogging disasters have almost no records in multiple databases. The government's grasp of flood data
is seriously inadequate, which hinders the management and decision-making of flood disasters.
1. GDACS Database. GDACS (2024) is a collaborative framework between the United Nations, the European
Commission, and global disaster management agencies, aimed at improving early warning, information ex-
change, and coordination in the aftermath of major emergencies. Flood event alerts for different countries and
regions can be directly accessed through the official GDACS website. The system has been recording flood
disaster information from China since 2019. We have queried all flood records in the Chinese region from
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Table 12

35 Flood Events Recorded in Different Cities in China From 2018 to 2023 in the EM-DAT Database

Index Year Location of the flood occurrence Start time End time Has the machine detected it?

1 2023 Shenzhen City, Guangdong Province, China 2023/9/03 0:00 2023/9/08 0:00 Yes

2 2023 Xi'an City, Shaanxi Province, China 2023/8/11 0:00 2023/8/16 0:00 Yes

3 2023 lJilin City, Jilin Province, China 2023/8/01 0:00 2023/8/07 0:00 Yes

4 2023 Beijing City, China 2023/8/01 0:00 2023/8/09 0:00 Yes

5 2023 Leshan City, Sichuan Province, China 2023/6/01 0:00 2023/6/05 0:00 Yes

6 2023 Yiliang County, Zhaotong City, Yunnan Province, China 2023/6/01 0:00 2023/6/05 0:00 No

7 2022 Xining City, Qinghai Province, China 2022/8/17 0:00 2022/8/19 0:00 Yes

8 2022 Chengdu City, Sichuan Province, China 2022/8/17 0:00 2022/8/19 0:00 Yes

9 2022 Zhanjiang City, Guangdong Province, China 2022/8/10 0:00 2022/8/10 0:00 No

10 2021 Xiangyang City, Hubei Province, China 2021/8/12 0:00 2021/8/13 0:00 Yes

11 2021 Suizhou City, Hubei Province, China 2021/8/12 0:00 2021/8/13 0:00 Yes

12 2021 Xiaogan City, Hubei Province, China 2021/8/12 0:00 2021/8/13 0:00 Yes

13 2021 Zhengzhou City, Henan Province, China 2021/6/01 0:00 2021/8/30 0:00 Yes

14 2021 Hebi City, Henan Province, China 2021/6/01 0:00 2021/8/30 0:00 Yes

15 2021 Anyang City, Henan Province, China 2021/6/01 0:00 2021/8/30 0:00 Yes

16 2021 Xinxiang City, Henan Province, China 2021/6/01 0:00 2021/8/30 0:00 Yes

17 2020 Chonggqing City, China 2020/5/21 0:00 2020/7/30 0:00 Yes

18 2020 Zunyi City, Guizhou Province, China 2020/6/22 0:00 2020/6/24 0:00 Yes

19 2020 Huishui County, Qiannan Buyei and Miao Autonomous Prefecture, Guizhou 2020/6/22 0:00 2020/6/24 0:00 No

Province, China

20 2020 Tongren City, Guizhou Province, China 2020/6/22 0:00 2020/6/24 0:00 No

21 2020 Qiandongnan Miao and Dong Autonomous Prefecture, Guizhou Province, China 2020/6/22 0:00 2020/6/24 0:00 No

22 2020 Shijiao Town, Qingcheng District, Qingyuan City, Guangdong Province, China 2020/6/22 0:00 2020/6/24 0:00 No

23 2020 Chonggqing City, China 2020/6/22 0:00 2020/6/24 0:00 Yes

24 2020 Mianning County, Liangshan Yi Autonomous Prefecture, Sichuan Province, China 2020/6/30 0:00 2020/7/05 0:00 Yes

25 2019 Enshi Tujia and Miao Autonomous Prefecture, Hubei Province, China 2019/8/04 0:00 2019/8/05 0:00 Yes

26 2019 Chongging City, China 2019/6/13 0:00 2019/7/01 0:00 Yes

27 2019 Shenzhen City, Guangdong Province, China 2019/4/11 0:00 2019/4/12 0:00 Yes

28 2018 Shanghai City, China 2018/8/15 0:00 2018/8/17 0:00 No

29 2018 Tianshui City, Gansu Province, China 2018/7/10 0:00 2018/7/11 0:00 Yes

30 2018 Zhangye City, Gansu Province, China 2018/7/10 0:00 2018/7/11 0:00 No

31 2018 Pingliang City, Gansu Province, China 2018/7/10 0:00 2018/7/11 0:00 No

32 2018 Deyang City, Sichuan Province, China 2018/7/07 0:00 2018/7/07 0:00 Yes

33 2018 Mianyang City, Sichuan Province, China 2018/7/07 0:00 2018/7/07 0:00 Yes

34 2018 Guangyuan City, Sichuan Province, China 2018/7/07 0:00 2018/7/07 0:00 Yes

35 2018 Chonggqing City, China 2018/5/05 0:00 2018/7/31 0:00 No
2019 to 2023, totaling 33 events. In these flood events, many of them are at the provincial level and do not
provide specific city information. As shown in Table 11, we have organized the descriptive information of
these flood events and identified 20 events that occurred in different cities. Among these 20 flood events, we
have detected nine of them, accounting for 45%. The undetected flood events often belong to mountainous
areas with debris flow disasters. For example, the 6th flood event was a debris flow disaster in Sanmenxia City,
resulting in the death of two villagers. Overall, the GDACS database has serious gaps in recording flood events
in China, especially those occurring in urban areas.
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Figure 12. Number of flood events with different start and end threshold percentages.

2. EM-DAT Database. In 1988, the World Health Organization and the Center for Research on the Epidemiology
of Disasters (CRED) jointly created the Emergency Events Database (EM-DAT, 2024), which is maintained
by CRED. As a global disaster database, EM-DAT provides a wealth of data on natural and man-made di-
sasters for international programs and scientific research, including data on major disaster events and their
impacts worldwide since 1900. The database is updated daily, and new data is made publicly available within a
month after verification. These data are compiled from various sources, including the United Nations, in-
ternational organizations, governments, non-governmental organizations, insurance companies, research in-
stitutions, and the media.

We downloaded data on flood disaster events that occurred in China between 2018 and 2023 from the EM-DAT
database. We excluded flood events that were only accurate to the provincial level and retained complete records
of those events that clearly indicated the cities where the floods occurred. We considered flood events occurring
within a 2-day interval as the same flood event. After data processing, we finally obtained information on 35 flood
events as shown in Table 12. These flood events have clearly identified cities, start times, and end times. By
comparing them with the flood event data we detected, we found that out of these 35 flood events, we detected 25
flood events, accounting for 71.42%.

By comparing Tables 11 and 12, it can be seen that both the GDACS database and the EM-DAT database
recorded three flood events simultaneously. These events are the flood in Shenzhen in September 2023, the flood
in Xi'an in August 2023, and the flood in Zhanjiang in August 2022. These global disaster databases generally
operate on a larger scale and typically only record flood events at the provincial level. Records of flood events at
the city level are severely incomplete. Additionally, different databases have different data standards, which leads
to a lack of consistency between databases. This inconsistency makes comparison and use of the databases quite
challenging.

4.4. Analysis of the Number of Flood Events With Different Threshold Settings

This study uses different start and end threshold percentages to conduct detection tests on flood events in China
and to count the number of flood event occurrences. The start threshold percentages are set at seven different
levels: [3%, 3.5%, 4%, 4.5%, 5%, 5.5%, 6%], and the end threshold percentages are set at nine different levels:
[20%, 22.5%, 25%, 27.5%, 30%, 32.5%, 35%, 37.5%, 40%]. With the different combinations of start and end
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Figure 13. Percentile distribution of flood events from 2012 to 2017.

threshold percentages, a total of 63 sets are formed. The results of the flood event occurrences are shown in
Figure 12.

In Figure 12, the red line represents the number of detected flood events with the start threshold percentage set at
4.5%, and the end threshold percentage gradually increasing from 20% to 40%. This number fluctuates between
946 and 992, indicating that the number of flood events is minimally affected by the end threshold. The lower
edge of the polygonal frame in the figure represents the setting of the start threshold percentage at 3%, while the
upper edge represents the setting of the start threshold percentage at 6%. When the start threshold percentage is set
at 3%, the number of detected flood events ranges between 539 and 581, whereas when the start threshold
percentage is set at 6%, the number of detected flood events ranges between 1,344 and 1,389. With a fixed end
threshold percentage, different settings of the start threshold percentage lead to significant variations in the
detected flood events. As the start threshold percentage increases from 3% to 6%, the number of flood events
grows from over 500 to more than 1,300. A lower start threshold percentage results in a higher authenticity of
detected flood events but may fail to detect many flood events. Conversely, a higher start threshold percentage,
while detecting as many potential real flood events as possible, may also lead to a higher number of false flood
events being detected. This becomes a burden for the LDA topic model, as the proportion of false flood events that
need to be filtered increases.

It is evident that the start threshold percentage needs to be carefully set. This study has generalized the multi-
objective optimization results of flood event detection in Beijing to 370 cities nationwide. A comparative
analysis with flood events reported in online news indicates that the accuracy of flood event detection in this study
is commendable. In subsequent work, this study will attempt to continue adding flood event information for
multiple cities. By increasing the number of flood occurrences and refining the multi-objective optimization
process, it aims to achieve more precise settings of the start threshold percentage and more accurately capture
flood events.

As shown in Table 5, in earlier years, due to the limited popularity of Weibo, the volume of Weibo data was
relatively small, and the intervals between Weibo posts were longer. With the widespread adoption of smart-
phones and the dramatic increase in the number of Weibo users, the volume of Weibo data has shown explosive
growth in recent years, leading to higher accuracy in flood detection. Nevertheless, we analyzed the results of
flood event detection from 2012 to 2023 and calculated the volume of damage information during each flood
event. We found that the difference in the volume of damage information during the duration of flood events
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Figure 14. The amount of damage information for each flood event from 2012 to 2023.
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between early years (2012-2017) and later years (2018-2023) was not significant. Since we have categorized the
damage information by city and organized it according to the release time, we can calculate the total volume of
damage information during a flood event in a particular city based on its start and end times. As illustrated in
Figure 13, this study ranked flood events according to the quantity of damage information and calculated the
percentile for each flood event. It was observed that the distribution of percentiles for flood events between 2012
and 2017 was relatively balanced, without a concentration at lower percentiles. Therefore, for early flood events,
as long as they could be detected, the volume of damage information was also substantial. For those missed flood
events, it is more likely that the event did not become a sufficiently popular topic on the Sina Weibo platform,
rather than a lack of detection capability in the algorithm.
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Figure 15. Changes in the number of different categories of false flood events before and after filtering with the LDA topic model: (a) 282 false flood events before
filtering; (b) 100 false flood events after filtering.
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Figure 14 shows the difference in the volume of damage information for each flood event from 2012 to 2023, with
the size of the circles representing the quantity of damage information contained in each flood event. Except for a
few extreme flood events in 2021 and 2023, the volume of damage information for most flood events is in the
hundreds. However, for nationally known major flood events, the volume of damage information in the early
years is far less than in recent years. For example, the rainstorm event in Beijing in July 2012 had a damage
information volume of 3,577, while nearly 10 years later, in 2021, the major rainstorm event in Henan Province,
with its provincial capital city of Zhengzhou, reached an astonishing volume of over 150,000 damage information
entries (indicated by the yellow circle).

4.5. Analysis of LDA Topic Model's Effectiveness in Automatically Filtering False Flood Events

Among the 956 flood events initially detected by the algorithm, 674 are real flood events, while the remaining 282
are false. As shown in Figure 15a, we classified the 282 false flood events into three categories: the first category
consists of flood events that were redundantly detected due to address parsing errors; the second category includes
various other emergency events; and the third category consists of events that are neither flood events nor other
emergencies and are unrelated to any incidents.

We found a total of 82 false flood events caused by city parsing errors. Due to the existence of some duplicate city
and district names in China, the CPCA library (DQinyuan, 2021) struggles to distinguish these cases, which can
result in Weibo posts being assigned to two different cities. A flood event detected in one city may create a “copy”
in another city. For example, when the post contains the characters “SABF TR IL,” the CPCA may parse out
“Z TR as a city, but it also concurrently identifies “B§ 4 as another city, which can interfere with the flood
detection algorithm. Additionally, we found that 126 false flood events were primarily other emergency incidents.
The most common type of event included various collapses, such as building collapses, ground subsidence, and
bridge failures, totaling 64 events. Other natural disasters, such as landslides, earthquakes, and strong winds, each
accounted for about 10 events. The third category is completely unrelated to any incidents and primarily consists
of false detections caused by frequent posts about various advertisements and celebrity concert announcements
that contain keywords matching “damage information.” In this study, only three false flood events were triggered
by flash flood and geological disaster warning messages, indicating that using damage information can effectively
mitigate the interference from various disaster warning messages.

As shown in Figure 15b, after automatically filtering with the LDA topic model, the three categories of false flood
events were reduced to varying extents. The filtering was most effective for “other emergency incidents,”
reducing their count from 126 to 13, as these events were easier to exclude due to the absence of actual heavy
rainfall on the day in question. Additionally, the model achieved a significant reduction in false alerts caused by
non-event-related bursts, decreasing from 74 to 28. However, the hardest to eliminate were false flood events
caused by address parsing errors, with a reduction from 82 to 59. Ultimately, after applying the LDA topic model,
59% of the 100 remaining false flood events were still due to address parsing errors.

5. Discussion and Conclusion
5.1. Limitations of the Study

Although the proposed algorithm demonstrates promising performance in detecting flood events using Sina
Weibo data, several limitations must be acknowledged. Firstly, the algorithm heavily relies on data from Weibo, a
social media platform predominantly used in China. This restricts its applicability to flood detection within China,
as the platform's user base, geographical coverage, and linguistic context are inherently tied to the region.
Consequently, the model's generalizability to other countries or regions is limited, as cultural, linguistic, and
social media usage patterns may differ significantly. For example, the keyword-matching strategy employed in
this study is tailored to Chinese language patterns, which may not be directly applicable to other languages such as
English, where syntactic structures and vocabulary usage differ substantially. This makes it challenging to
directly adapt the algorithm to platforms like Twitter or Facebook. Additionally, the algorithm's performance may
be influenced by biases inherent in Weibo data, including uneven geographical representation and platform-
specific user behavior. These factors could hinder the model's ability to accurately detect flood events in areas
with limited Weibo activity or where alternative social media platforms dominate. Future work could explore
adapting the algorithm to other platforms and languages, potentially leveraging multilingual natural language
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processing techniques to enhance its global applicability. Addressing these limitations would further strengthen
the model's robustness and broaden its potential impact.

5.2. Potential Improvements to the Methodology

The flood event detection method proposed in this study still has substantial room for improvement, particularly
in reducing the detection of false flood events. Possible solutions include:

1. Use large language models for place names and address parsing. The CPCA lacks sufficient analysis and
understanding of text context, which is a common limitation of all non-large language models. When the
CPCA performs city name resolution, it functions more like keyword matching and does not effectively
comprehend what the text is describing. Advanced large language models, such as ChatGPT and ChatGLM3
(2024), can enhance the accuracy of place name and address parsing by reading contextual information within
the text. Utilizing large language models for place name and address parsing should effectively eliminate this
type of false flood event.

2. Incorporate city weather information into the flood event detection algorithm for filtering false flood events.
We observed that those non-flood-related emergency incidents, as well as various non-disaster-related noise
detected in the data, are mostly unrelated to rainfall and can be effectively filtered using city weather infor-
mation to assist the flood detection algorithm. For example, once an event is detected, we can immediately
check whether there was any rainfall in the city during the week prior to the event date. If there was no rainfall,
the flood event can be directly eliminated.

These enhancements could significantly improve the accuracy and reliability of the flood event detection method.

5.3. Future Research Directions

Due to the fact that social media data is mainly used to detect floods through changes in the number of Weibo
posts, some errors are still difficult to avoid. In future work, it is necessary to combine other data sources to further
improve the accuracy of flood event detection. For example, combining satellite precipitation data to correct flood
detection results through rainstorm movement, or using SAR and other satellite remote sensing data for cross-
validation, can help filter out some erroneous detection results. Additionally, with the rapid development of
Al large models such as DeepSeek, ChatGPT, Janus, and other multimodal large models, there is significant
potential to leverage these advanced technologies to enhance flood event detection capabilities. Specifically,
future research could explore using Al large models to extract flood-related scenarios from social media texts and
images, thereby improving the utilization of social media data and enhancing the perception of flood events.
These models could provide deeper insights into flood dynamics by analyzing both textual and visual content,
offering a more comprehensive understanding of flood impacts.

In summary, this research achievement allows us to examine flood disasters in China from another perspective
and gain a deeper understanding of the problems faced by various cities in dealing with flood disasters. How to
improve urban resilience and coexist with floods is a challenge that every city needs to face.

Data Availability Statement

The annual Sina Weibo data is publicly accessible. Weibo posts on heavy rain and floods from 2012 to 2023 can
be found in Shen et al. (2024a). Additionally, the Weibo data for the Henan flood event can be accessed in Shen
et al. (2024b). The flood damage information keywords can be accessed in Shen et al. (2024¢). The flood event
detection results at different thresholds can be found in Shen et al. (2024d). The flood event detection code is
available in Shen et al. (2024e). The data set of detected and validated 674 flood events can be downloaded from
Shen et al. (2024f). The GDACS flood event data are available in GDACS (2024). The EM-DAT flood event data
are available in EM-DAT (2024). The CPCA library can be found in DQinyuan (2021).
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