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Abstract: With the prevalence and evolution of social media platforms, social media data have emerged as a
crucial source for obtaining spatio-temporal information about various urban events. Providing accurate
spatio-temporal information of these events enhances the capacities of urban management and emergency
response. However, existing research mostly focuses on the textual content while mining this spatio-temporal
information, often neglecting data from other modalities like images and videos.To address this, our study
introduces a novel method for extracting spatio-temporal information from multi-modal social media data
(MIST-SMMD), serving as a valuable supplement to current urban event monitoring methods. Leveraging
deep learning and Geographic Information System (GIS) technologies, we extract spatio-temporal information
from large-scale, multi-modal Weibo data about urban waterlogging events at both coarse and fine
granularities.Through an in-depth experimental evaluation of the “July 20 Zhengzhou extreme rainstorm”
event, the results show that in coarse-grained spatial information extraction solely using textual data, our
method achieves a Spatial Precision of 87.54% within a 60m range and 100% Spatial Precision within a 201m
range. In the fine-grained spatial information extraction, by incorporating other modalities such as images and
videos, the Spatial Error saw a significant improvement, with MAEse increasing by 95.53% and RMSEst by
93.62%.These outcomes illustrate the capability of the MIST-SMMD method in extracting spatio-temporal
information of urban events at both coarse and fine granularities. They also confirm the notable advantage of
multi-modal data in enhancing the accuracy of spatial information extraction.

Keywords: multimodal data; social media; spatio-temporal information extraction; inundation

1. Introduction

Spatio-temporal information extraction is a subfield of spatio-temporal data analysis and data
mining. The richness of data sources is a critical prerequisite in practical applications. With the rapid
development of internet technology, social media platforms have become the main channels for
people to acquire and share information[1]. As of December 2022, the number of monthly active users
on Weibo increased by 13 million year-on-year, reaching 586 million, a historic high[2]. Along with
the prevalence of social media, numerous events with latent spatio-temporal information are widely
disseminated, these pieces of information have substantial value in urban management and incident
response. For instance, traffic planning, disaster management sentiment spatial analysis, and disaster
analysis based on geographic tags[3-6], timely and accurate acquisition and analysis of spatio-
temporal information are crucial for urban management departments to formulate scientifically
reasonable response measures.

Due to the convenience of text information processing, existing research often focuses on
utilizing unimodal data (especially text data) for spatio-temporal information extraction, including
rule-based methods and Named Entity Recognition (NER) methods. Rule-based methods rely on
manually defined rules and patterns to extract information, usually requiring domain knowledge
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and linguistic resources[7]. These methods, which require no significant annotated data or complex
computational resources and have the advantage of rapidly implementing system prototypes, are
widely adopted by many studies[8,9]. However, the diversity, informality, and ambiguity of social
media texts make it challenging for rule-based methods to cover all possible scenarios. These methods
also require substantial human involvement and maintenance, making them unsuitable for the rapid
changes, frequent updates, and vast volume of social media text. Methods based on NER extract
spatio-temporal information by detecting spatio-temporal entities in text data. In recent years, thanks
to the rapid development of natural language processing theory and application in the field of
machine learning[10,11], many studies have begun to use this method for spatio-temporal
information extraction[12,13]. The advantage of this method is that it can automatically recognize
entities in the text, thereby reducing human involvement and maintenance. However, entity
ambiguity, diversity of expression, and nested entities in the text may affect its extraction effect.

While using only unimodal data can effectively extract latent spatio-temporal information to
some extent, existing research rarely focuses on the potential of other modal data such as images and
videos. Images and video data carry latent spatial information[14], and the multimodal data formed
in combination with text data can provide more accurate spatial information, which helps to further
improve the accuracy and comprehensiveness of spatio-temporal information extraction. Existing
studies have carried out information mining and classification based on social media multimodal
data[15,16], but research on spatio-temporal information extraction from multimodal data in social
media is relatively scarce. Moreover, extracting spatio-temporal information from multimodal social
media data is not easy, as social media data involving public participation often exhibit noise,
heterogeneity, and sparsity[17,18].

In the past twenty years, the frequency and intensity of flood disasters in major cities worldwide
have increased, posing a serious threat to economic development and social stability[19]. Against this
backdrop, researching how to effectively extract the spatio-temporal information of flood disasters
has become an important subject. In recent years, predicting areas of potential urban flooding in the
future through the spatio-temporal information monitoring of urban flood disasters has become an
important means of managing urban waterlogging[20]. At present, Internet of Things (IoT) sensing
technology and remote sensing technology are commonly used for urban flood disaster
monitoring[21-23]. At a smaller spatial scale, IoT sensors can more accurately and quicklyrespond to
urban waterlogging issues, enabling real-time warning and monitoring[24]. At larger spatial scales,
although optical and radar satellite remote sensing can provide more effective continuous coverage
of weather and waterlogging events compared to IoT sensing[25], flood disasters have a short impact
time on cities and the surface water coverage is small and concentrated. Furthermore, due to the
influence of clouds, vegetation canopies, and other factors, microwave remote sensing is subject to
total reflection effects and cannot monitor and extract surface water information, further extending
the original visit cycle[26]. Therefore, there are still many shortcomings in the current methods of
extracting spatio-temporal information of flood disasters, and the above methods are unable to meet
the high spatio-temporal resolution requirements for urban flood disaster monitoring. However,
when flood disasters occur, people often share information on social media, which may contain the
time, location, degree, impact range, and duration of the disaster[27]. This information is of great
significance for urban waterlogging management and prediction. Therefore, the extraction of spatio-
temporal information has become an important means to help the government understand disaster
dynamics, formulate reasonable and effective response measures, and reduce disaster losses[28].

The goal of this study is to further explore the potential of other modal data (such as images and
videos) for high-precision correction of extracted spatial information, based on the ability to
accurately extract spatio-temporal information from social media text. To this end, we propose a
general MIST-SMMD method, which seeks to provide strong support for the early warning and
management of urban events and disasters by studying and addressing challenges such as
multimodal data fusion and heterogeneity processing. Moreover, to evaluate and verify this method,
we use urban flood waterlogging events as an example for evaluation. We make publicly available
the code, models, and datasets used in this study for researchers to reproduce and conduct further
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research. These are located at: https://github.com/orgs/MIST-SMMD)/repositories (accessed on 19
May 2023).
The main contributions of MIST-SMMD are as follows:

e In terms of data preprocessing, we utilized a text classification model to filter relevant
information compared to previous studies and removed similar posts on the same day, which
helps to clean up the noise in social media data and standardize the dataset as much as possible.

¢ Interms of coarse-grained spatio-temporal extraction, we proposed a set of strict rules for spatio-
temporal information normalization, allowing for the maximum degree of structured potential
spatio-temporal information.

e In terms of fine-grained spatial extraction, we proposed the LSGL method, which utilizes
cascading computer vision models to further improve the precision of spatial information based
on coarse-grained extraction, while increasing the utilization of social media image and video
modal data.

2. Methods

2.1. Technical Process

We propose a method to extract spatio-temporal information from multimodal data in social
media, called MIST-SMMD (Method of Identifying Spatio-temporal Information of Social Media
Multimodal Data). MIST-SMMD consists of three steps: social media data crawling and
preprocessing, coarse-grained spatio-temporal information extraction, and fine-grained spatial
information extraction. This method utilizes the complementarity of multimodal data and the
flexibility and generalization of model cascading [29,30], sequentially processing the text and images
of social media. The overall process structure is illustrated in Figure 1.
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Figure 1. The overall structure of MIST-SMMD process.

2.2. Data Craw and Pre-Process

To acquire Weibo data, we use the public interface of Sina Weibo, setting a time range and
relevant city event keywords to crawl Weibo multimodal data using the Python programming
language. These data include Weibo creation time, text content, images (if any), videos (if any), and
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IP province (starting from August 1, 2022). For videos, we extract stable frame images using optical
flow method.

To process the text data efficiently, it is necessary first to clean noise data. Character-level
cleaning includes removing topic tags, zero-width spaces (ZWSP), @ other users, Emoji symbols,
HTML tags, etc. However, not all Weibos containing event-related keywords are related to the event.
Therefore, a model can be trained to classify text related to specified city events. As an event is usually
reported by multiple media, overly similar posts will cause data redundancy. Therefore, using a day
as the time range, the textis vectorized and highly similar Weibos are removed using cosine similarity
matrix.

After these three steps of data preprocessing, a city event Weibo dataset with overall low noise
and relevant to the required events can be obtained. An example of a processed dataset is shown in
Table 1.

Table 1. Normative City Event Weibo Dataset Example.

Blog post Blog Information Blog Information Values
..... n
e Created time 2021/7/19 14:28:17
-
IP Location Nodata
7 H 19 F, 10 7ER I 4 15 R0 B P DU 3F—
NEARI, SREBMEE FFUKEE, M
Is relevant True

BN EIEAL 12 BIBUKH, IR RERR

AR, TERROULE B AN AR K BRI ARk

FERIPRATHE, Wi Bole s T4 S MifE ke, H

HNZ —BUK IS AE RS, BUCH BOA & B

KA, 3K B BB K O T bt ™ 52 DT Mid 4660679711922369
AHKAENL? TR 2038 R HC B2 R 8RE

(5GHUZILH: . HED
* Mid:Unique identification code for each Weibo post.

2.3. Coarse-Grained Spatio-Temporal Information Extraction

Given that the narration of social media information has a high degree of randomness and
diversity, lacking a unified text format, we have designed a set of rigorous spatio-temporal
information standardization rules to efficiently extract key spatio-temporal information from a large
amount of Weibo data and lay the foundation for subsequent detailed research. These rules aim to
ensure that different levels of potential spatio-temporal information are maximally utilized during
the standardization process.

Before standardizing spatio-temporal information, it is necessary first to extract spatio-temporal
information from the text. For the preprocessed and standardized city event dataset, we use NER
technology to identify entities related to spatio-temporal information. To improve the efficiency of
subsequent spatio-temporal information standardization, we merge similar tags. Specifically, we
combine the DATE and TIME tags into the TIME category, as they can both serve as materials for
time standardization; we make the GPE tag a separate category without changing its name, as it
provides a basis for spatial standardization with administrative divisions; we combine the LOC and
FAC tags into the FAC category, as they both can identify specific facilities or locations, which can
serve as specific place names for spatial standardization. Table 2 shows the built-in tags of concern
for spatio-temporal information extraction and reclassified tag categories.
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Table 2. Description of spaCy named entity labels and label classes classified in the present study.

Label type Named entity labels Description
TIME DATE Absolute or relative dates or periods
TIME Times smaller than a day
GPE GPE Geopolitical entity, i.e. countries, cities, states.
LOC Non-GPE locations, mountain ranges, bodies of water
FAC FAC Buildings, airports, highways, bridges, etc.

For spatio-temporal standardization, particular attention needs to be paid to time and space.
Therefore, we chose the JioNLP library, which offers the best open-source time parsing tool and a
convenient location parsing tool [31]. In terms of time standardization, we standardize the Weibo
posting time to the "Year-Month-Day" format, omitting the specific "Hour:Minute:Second". This is
because it is challenging to accurately pinpoint the time of an event such as a flood down to the "hour"
level based solely on the Weibo posting time and the implicit time information in the text. Therefore,
the lowest unit of time is retained only to the "day", rather than the specific details of the Weibo
posting time. For spatial standardization, we transform the potential spatial information in Weibo
into the "Province-City-District (County)-Specific Geographical Location" format to facilitate the
understanding of subsequent geographic coding and accurately convert it to the WGS1984 latitude
and longitude coordinates of the address.

For this research, it is crucial to further refine the spatial information. Therefore, it is first
necessary to remove data that do not contain FAC entities to ensure the subsequent research progress.
On this basis, for time standardization, it is necessary to determine whether there are TIME class tags
in the text. If not, the Weibo posting date is directly used as the final standardized time; if there is,
through forward screening of some keywords, such as: "today", "yesterday", "day" etc. We use the
time parsing function provided by the JioNLP library based on the Weibo posting time, identify
entities with the named entity type as TIME, and use them as revision times for time standardization.
Finally, only meaningful time point types are retained; if none, the Weibo posting date is used as the
final time.

In the process of spatial information standardization, more situations need to be dealt with. First,
determine whether there are GPE tags in the text. Similar to time standardization, address
standardization also needs a benchmark. Therefore, the GPE tag is crucial. Notably, starting from
August 1, 2022, the National Internet Information Office requires internet information service
providers to display user IP address ownership information, providing new possibilities for texts that
only have FAC tags but no GPE tags. However, cases involving foreign countries or regions outside
China need to be excluded. In successful cases with GPE tags or IP address ownership and FAC tags,
the address recognition function provided by JioNLP is used to standardize the content of the GPE
tag to the "District (County)" unit.

The different standardized result states returned by the above spatio-temporal standardization
are classified, mainly into three categories: 0, 1, and 2. Among them, 0 represents the failure of
standardized parsing, 1 represents incomplete standardized parsing, and 2 represents successful
standardized parsing. According to the different types of standardization parsing, we only convert
the spatial information after standardization of categories 1 and 2 into Wgs1984 coordinates using
the Baidu Maps geocoding APL

Through these steps, we have achieved effective extraction of coarse-grained spatio-temporal
information, laying the foundation for further research. Our overall approach to standardizing
spatio-temporal information in Weibo text is visualized in Figure 2, showing the program's response
to different standardization return types. Also, three common standardization rule examples are
shown in Figure 3.


https://doi.org/10.20944/preprints202305.1205.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 May 2023 doi:10.20944/preprints202305.1205.v1

Spatial Standardization

Is Existed
AC Label?

A

Status 0: Invalid Parse Extracting
Return: Created Time Useful Label

Is existed Is Existed

Created Time Parse Time

Is parse
uccessful?,

Status 1: Incomplete Parse
Return: GPE (IP Location) +FAC

Status 1: Not Time Point
Return: Created Time

Status 2: Success Parse
Return: Parsed Space

Fine-Grained Extraction

Figure 2. The flowchart of Spatio-temporal standardization.

Status2: Success Parse
Return: Parsed Time

616 H LLIFREE AR, X BF/NF JORK, KEATRLEZFAIIEK, BE— B HIIIRUKEEER,
| | | I
DATE GPE FAC

I Spatio-temporal information
Spatial Standardization
Time Information: 20205065188

Temporal Standardization
Space Information: L|FE&IEHHEEXIZK/NF (110.01°, 35.03°)

Message Created Date
|

20202063188 19:40 Scenario 1

[EIEM S ERAEIEREBRIVKMRR, HHBHEEEEET, BRIT..
l | l

GPE FAC
|_ I Spatio-temporal information
Spatial S lardization

Time Information: 20225075058
Space Information: FEE&EE JHEEREEASE (118.10°, 24.58°)

Temporal Standardization

Message Created Date

20224E078050 14:45 Scenario 2

B4R, RNEFES HIKEBATE!
A
| Spatio-temporal information

Spatial Standardization
Temporal Standardization :— Time Information: 202242095088
| Space Information: [ RE NHBEBXEE % (113.38°, 22.93°)
IP Location Message Created Date
|

|
BT I'E 202270980801 20:44

Scenario 3



https://doi.org/10.20944/preprints202305.1205.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 May 2023 doi:10.20944/preprints202305.1205.v1

Figure 3. Three common examples of standardization.

3.4. Fine-Grained Extraction of Spatial Information

To extract fine-grained spatial information from social media images, a series of image
processing techniques are needed to compare them with street view images containing spatial
information, screening for the best match to realize information transfer. The degree of match
between the social media image and the street view image determines the reliability of the fine-
grained spatial information. To maximize the credibility of this process, we designed a cascading
model based on match-extract-evaluate, named LSGL (LoFTR-Seg Geo-Localization).

In social media data, users often express location and orientation based on their perception or
understanding of the geographical environment. Hence, the spatial coordinates extracted at a coarse
grain could be a representative building or location, whereas specific orientation descriptions (e.g.,
"nearby," "around the corner,” "next to") are difficult to define. To address this issue, we divide the
standardized addresses into road and non-road types based on the classification after Baidu Map
geocoding. For the road type standardized addresses, we generate street view sampling points at 5m
intervals on the corresponding name's OSM vector road network. For non-road type standardized
addresses, we create a buffer zone with a radius of 200 centered on it, clip the OSM vector road
network within it, and generate street view sampling points at 5m intervals as well.

Due to the randomness of social media, most user-uploaded images are somewhat blurry,
significantly affecting the selection of feature points. To solve this problem, the LSGL model adopts
the Local Feature Transformer (LoFTR)[32] feature matching method in the matching stage. This
method can not only effectively extract feature points from blurred textures but also maintain a
certain relative positional relationship between feature point pairs with the help of a self-attention
mechanism, significantly improving the performance level of street view image matching.

For an ideal street view image matching task, the feature matching degree between buildings
often represents the similarity of the shooting locations of the two scenes. However, in actual
operation, the matching task is often affected by the sky, roads, vegetation, and other features with
strong similarity information, leading to a large number of feature points in the image that lack
reference significance. To reduce the impact of irrelevant information on the matching task, LSGL
adopts the DETR model[33], which can efficiently segment images and label them at a relatively low
performance overhead level, thereby extracting reference feature points with practical significance

nn "o

for further evaluation.

To select the best matching street view image from all matching results and extract its
coordinates, a quantitative indicator for evaluating the degree of image matching needs to be
established. With this goal in mind, we use the reference feature points of each scene image to design
this indicator from the two dimensions of feature vector matching degree and spatial position
difference of feature points.

First, we consider the feature vector matching degree of feature points. For the LoFTR feature
matching method, it can output the coordinates of the feature points and the corresponding
confidence level. We first screen out feature points that do not belong to the target category based on
their coordinates. Then, we use a traversal statistical method to calculate the number of remaining
feature points. Next, we multiply the confidence level of each feature point and sum them, then take
the average of the accumulated results to represent the credibility of all feature points in this image.
This can be expressed mathematically as:

n
R = i=_OCi, 1)
n

In the formula,R represents the feature vector matching degree of the feature point,n represents
the number of feature points, and C; signifies the confidence of feature points.

Second, we consider the spatial position difference of feature points. As user images come from
Weibo and are influenced by user devices, shooting level, etc., the features and objects in their images
may be slightly offset compared to street view images. However, the spatial relationship between
feature points should remain similar. Therefore, based on the coordinates of each pair of feature
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points in their respective images, we calculate their Euclidean distance and Euclidean direction as

follows:
Eq =+ (x —x0)? + (¥ — ¥0)? )
_1(Y — Yo
a = tan™ (T - 3)

In equations (2) and (3), Eq and E, respectively denote the Euclidean distance and direction of
the feature points in the user image and the reference image. x,y represent the coordinates of the
feature points in the user image,while x,,y, signify the coordinates of the feature points in the
reference image.

In order to assess the impact of changes in Euclidean distance and direction on the spatial
position of feature points, we calculated the root mean square error for these two indices separately,
resulting in RMSED and RMSEA. Multiplying these two values yields the spatial position
discrepancy of the feature points, as shown in equation:

SM = RMSE,; x RMSE,, 4)

Standardizing the indicators can more intuitively reflect the relative advantages of the
evaluation results. Therefore, it is necessary to process the results of individual evaluations and
round evaluations. The main methods are as follows:

R
StanR = —, )
Rmax - Rmin

StanSM SM (6)
an. = )
SRmax - SRmin

In these equations, R and SM represent the matching degree and spatial position discrepancy
of the feature vector in a single match, respectively. R, and R, are the optimal and worst
feature vector matching degrees in a single round of matching, respectively.SRy,q, and SRy, are
the optimal and worst spatial position discrepancies in a single round of matching, respectively.

Given the differing impacts of these two factors on the results of feature point matching, we have
constructed the following final scoring method:

_ StanR
~ StanSM’

The more reliable the result of feature matching is, the higher the feature vector matching degree
and the lower the spatial position matching degree.

Finally, we select the image with the optimal M value from all matching results and obtain its
specific coordinates. We return this as the fine-grained spatial information. Through this series of

@)

processes, we have established a cascaded model that can better extract fine-grained spatio-temporal
information. Figure 4 shows the impact of each level in this model on the image matching result.
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Figure 4. Effect of each level of model on matching results.
4. Experiments and Results

4.1. Research Area Dataset

The paper selected the "July 20 Heavy Rainstorm in Zhengzhou" as a case study to validate the
effectiveness of the MIST-SMMD method. This event caused severe damage to the local area and
sparked extensive discussion on social media, therefore it has rich potential for exploration. We
employed 11 keywords highly related to urban waterlogging, such as "inundation", "water
accumulation”, "flooding", "water invasion", "water rise", "water disaster", "sweeping away",
"drainage", "wading", "water intake", and carried out web scraping and preprocessing of Weibo data
from July 18 to July 20, 2021. After data preprocessing, we obtained a normalized dataset of the
Zhengzhou heavy rain and waterlogging event. Table 3 shows the statistics of Weibo data

preprocessed during these three days.

Table 3. Statistics of the Pre-processed Dataset for the July 20 Heavy Rainstorm in Zhengzhou.

Type Only text Text + Images (Video) Total
Origin 12338 14222 26560
Text classify 6750 7886 14636
Data clean 1096 1951 3047
Space Filter 623 942 1565

As per Table 3, Weibo data related to waterlogging events was preprocessed from the original
26,560 entries to 3,047 normalized data entries. At the same time, it can be seen that data with both
text and pictures (videos) are more common than data with text only. This further confirms the
richness of multimodal data in social media. However, since Weibo, this social media platform,
targets users across China and even worldwide, in order to filter the data to the scope of Zhengzhou
city, it is necessary to carry out coarse-grained spatio-temporal information extraction and further
spatial screening. Figure 5 displays the spatial distribution of the waterlogging event points extracted
at a coarse-grained level across China (a) and within the boundaries of Zhengzhou city (b,c,d) over
the three days.
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Figure 5. Spatial distribution of inundation events during the period from July 18 to July 20. (a)Coarse-
grained inundation event points extracted from China during the period from July 18 to July 20.
(b)Spatial distribution of inundation event points in Zhengzhou on July 18.(c) Spatial distribution of
inundation event points in Zhengzhou on July 19.(d) Spatial distribution of inundation event points
in Zhengzhou on July 20.

When extracting fine-grained spatial information from the normalized data, we found that over
half of the Weibo posts had pictures or video data. However, due to the randomness of social media
data, the pictures in the same post often have no direct connection with the text. This implies that
even if a spatial information is mentioned in a post, the picture may not necessarily be related to the
spatial information mentioned in the post. Such situations are common. In addition, the quality of
pictures or videos uploaded by users varies greatly, and in reality, there are not many clear, high-
quality street view pictures with potential spatial information available. In order to further explore
multimodal data, we used a semi-manual method to determine whether each user-uploaded image
was a street view photo based on street view semantic segmentation, followed by manual screening.
We selected Weibo posts with high-quality related images and established a connection with the
standardized addresses obtained during coarse-grained extraction. In this way, we screened out 23
pairs of high-quality Weibo text and image data, categorizing them as "Positive", while the coarse-
grained standardized address points without high-quality, relevant pictures were labeled "Negative".
Figure 6 shows the Positive and Negative points in Zhengzhou city area from July 18 to July 20, 2021,
along with several typical Positive and Negative corresponding images.

N Erqi Road, Zhengxin Road, Dongfeng Road,
A - :
N ) Zhengzhou City Zhengzhou City
W e
Positive i 1
e '._ R e : No potential Non-Street View Non-Street View
B geographic information (Unrelated content) {Warning Tips)
g : i

Figure 6. Spatial Distribution of Positive and Negative Points in Zhengzhou City and Corresponding
Typical Images during July 18-20, 2021.
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Next, in section 4.2, we will introduce how to ensure that the waterlogging event points extracted
by the MIST-SMMD method accurately reflect the spatio-temporal information of urban
waterlogging.

4.2. Evaluation Metrics

To comprehensively evaluate the accuracy of the extracted event point spatial information and
verify the advantages of multimodal data, this study designed two methods for evaluation.

The accuracy of the standardized spatial information extracted at the coarse-grained level is
based on the spatial distribution of flood inundation in the Zhengzhou city heavy rain and flood
disaster as the benchmark dataset. When the spatial information exists in a submerged area within a
specified nearby range, the spatial information is considered accurate. It should be noted that
ourmethod serves mainly as a supplement to traditional methods, so here we only evaluate the
precision metric and do not involve recall.

The calculation formula for spatial precision is:

TP
TP+FP’

Spacial Precision =

8)

where TP represents the number of coarse-grained flood points where there is a submerged area
within a specified nearby range, and FP represents the number of coarse-grained flood points where
there is no submerged area within a specified nearby range.

For the 23 coarse-grained spatial information points that have been fine-tuned in this case study,
due to the limited number of samples, we use Space Error as an evaluation metric to unify different
methods. Moreover, we have extended two different metrics: the error between the spatial
coordinates after fine-grained correction and the real coordinates under the evaluation of limited
samples, and the superiority of the spatial information introduced by the image modality compared
to the spatial information using only the text single modality.

n
1
MAEg; = —Z Space Error, )
ne
1 n
RMSEg, = ;z(Space Error)?, (10)
i=1

In this case,Space Error is the geodesic distance between the real spatial coordinates and the
fine-grained predicted spatial coordinates, where n is the number of samples.

4.3. Result

Figure 7 shows the spatial information extraction at the coarse-grained level within different
distance ranges. Table 4 shows the spatial errors of different combinations of three steps in the
extraction of fine-grained spatial information, including Feature Matching (FM), Semantic
Segmentation (SS), and Quantitative Indicators for Feature Matching (QIFM). Finally, Table 5 shows
the comparison of spatial errors between extracting coarse-grained spatial information using only
text single modality and correcting coarse-grained spatial information by combining image modality
data.
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Spatial Precision of Coarse-grained Spatial Information Extraction within Different Buffer Ranges
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Figure 7. Spatial Precision of Coarse-grained Spatial Information Extraction within Different Buffer
Ranges.
Table 4. Comparison of Spatial Error between Coarse-grained Spatial Information Extraction with
Text Modality Only and Multi-modal Data Integration for Refining Coarse-grained Spatial
Information Extraction with Image Modality.
Space Error Only Text Text + Images Improvement
MAEse 1491.13 66.63 95.53%
RMSEse 2068.43 131.88 93.62%
Table 5. Spatial Error of Fine-grained Spatial Information Extraction with Different Combinations of
Quantitative Indicators for Feature Matching, Semantic Segmentation, and Feature Matching Degree.
Space Error FM FM+SS FM+QIFM FM+SS+QIFM
MAEse 124.30 66.63 110.33 100.74
RMSEse 227.35 131.88 179.42 181.16

* FM:Feature Matching; SS:Semantic Segmentation; QIFM:Quantitative Indicators for Feature Matching.
5. Analysis and Discussio

5.1. Effectiveness Analysis of the Method

This study conducted thorough experiments and evaluations on the "July 20 Heavy rainstorm
in Zhengzhou" incident. In the coarse-grained extraction of spatial information (as shown in Figure
7), we found that as the defined nearby range increased, the Spacial Precision of the extracted
waterlogging event points also increased correspondingly. Notably, we discovered two Gradient
Points (referring to local maxima of the Spacial Precision curve, representing points where Spacial
Precision grows rapidly within a certain range). When the range expanded to 53m, the Spacial
Precision reached 65.94%, and when the range further expanded to 60m, Spacial Precision increased
to 87.54%. Ultimately, within a range of 201m, Spacial Precision reached a peak of 100%. This suggests
that our coarse-grained spatial information extraction method can cover most of the inundated areas
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within a relatively small range (such as 53m and 60m), demonstrating the effectiveness of coarse-
grained spatial information extraction.

After performing fine-grained spatial information extraction on 23 pairs of high-quality image-
text data, we found that, compared to the coarse-grained extraction method based solely on text, fine-
grained extraction could significantly reduce spatial errors (as shown in Figure 8). The overall
MAESE and RMSESE increased by 95.53% and 93.62%, respectively (as shown in Table 4). This result
validates that the use of multimodal data, such as images and videos, in the process of event point
spatial information extraction can effectively compensate for the spatial accuracy deficiencies of
single modalities, thereby improving the accuracy of spatial information. Although the number of
image-text data points for these 23 pairs is relatively small, it does not mean that our method is
without value. Due to the spontaneous nature of social media data, the data points providing high-
quality images are relatively scarce, but with the popularity of social media and the development of
the internet, we expect this situation will improve. Additionally, by training a multimodal fusion
classification model with high-quality social media data, large-scale collection can be implemented
on social media, thus reducing misselections and omissions caused by manual screening of high-

quality data.
Comparison of Coarse and Fine Grained Extraction
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Figure 8. Comparison of Coarse and Fine Grained Extraction.
Ablation Experiments for Fine-grained Extraction
800 —8— [FM]Fine-grained Extraction of Space Error
~®— [FM+SS]Fine-grained Extraction of Space Error
—8— [FM+QIIM]Fine-grained Extraction of Space Error
700 —8— [FM+SS+QIIM]Fine-grained Extraction of Space Error
600
500
£
S
= 400
w
[
o
©
& 300
200
100
0

0 s 10 15 20
Record Index


https://doi.org/10.20944/preprints202305.1205.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 May 2023 doi:10.20944/preprints202305.1205.v1

14
Figure 9. Ablation Experiments for Fine-grained Extraction.

Furthermore, we observed that the inclusion of SS and QIFM can significantly improve the
performance of LSGL in practice. This is mainly because SS effectively filters out irrelevant
background information, while QIFM provides a more intuitive and accurate spatial distance
measurement. The combination of these two methods allows LSGL to more accurately locate
waterlogging event points, thereby improving overall spatial accuracy. However, there are instances
where the inclusion of QIFM actually deteriorates the results. This is mainly due to the limited
performance of the semantic segmentation model used for masking, resulting in imprecise generated
masks. In such cases, the masks may introduce noise and interfere with the calculation of Euclidean
metrics. Additionally, as shown in the case of record index 14 in Figure 7, the inclusion of QIFM
worsens the results, while the coarse-grained spatial error is low, leading to a decrease in Space Error
after further fine-grained extraction. This indicates that although SS and QIFM can improve the
results in most cases, we need to be aware of their potential limitations and challenges. Finally, we
also encountered situations where the performance of all methods was unsatisfactory. This usually
occurs when distant buildings are affected by fog, making it difficult to extract distinct feature points.
This highlights the challenges of fine-grained spatial information extraction in adverse conditions.

5.2. Potential Impact Analysis of Each Step

The MAESE and RMSESE of the fine-grained spatial information extraction in this study are
both greater than 50, mainly due to the influence of some large error points. However, in reality, the
space error for the majority of data points is only around 20. This level of error is already sufficient
to meet the needs of many practical applications, such as guiding rescue and disaster relief efforts in
response to sudden urban disasters or events like floods or earthquakes. In this context, social media
data provides a real-time, low-cost, and wide-ranging data source that can effectively complement
traditional monitoring systems. Although the accuracy of the MIST-SMMD method in extracting
spatio-temporal information related to urban flooding has been validated and evaluated, limitations
still exist in each step of the method.

In the data preprocessing stage, cleaning and filtering noisy data are crucial for improving the
effectiveness of the method. We ensure the quality and relevance of the dataset to the target events
through character cleaning, classification models, and removal of similar articles. These
preprocessing steps lay a solid foundation for subsequent spatio-temporal information extraction.
However, there may be cases of misclassification or missed classification in the data preprocessing
process, leading to the loss of potential spatio-temporal information events.

In the coarse-grained spatio-temporal information extraction stage, we use NER technology to
extract spatio-temporal information from text data. When processing text data, including text
classification and NER, we choose the pre-trained Bert-base-chinese model implemented by the
spaCy library. This model not only provides the required functions for text classification and named
entity recognition but also has the highest efficiency among commonly used NLP tools [33], meeting
the needs of processing a large amount of Weibo data. Although this model and technology can
efficiently accomplish the task, they may still be limited by the uncertainties inherent in the model
and technology itself, such as deviations in the extraction results for text containing ambiguity or
vague expressions.

In the fine-grained spatial information extraction stage, we design the LSGL model to match and
analyze the images uploaded by users on social media with the corresponding street view dataset
around the location, further improving the accuracy of spatial information. From a data perspective,
street view only covers fixed routes, and not all places have street view images. Additionally, factors
such as the quality and shooting angle of the user-uploaded images may also affect the extraction
results. The accuracy of image matching analysis may be limited by the training data of the model
and the generalization capability of the model itself. It is worth noting that when dealing with
multimodal data, although our method has classified the text, we still need to address the problem


https://doi.org/10.20944/preprints202305.1205.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 May 2023 doi:10.20944/preprints202305.1205.v1

15

of determining whether the images are relevant to the standardized addresses. This may result in a
large number of irrelevant images being matched with text, indirectly increasing the time cost.

Finally, it should be emphasized that our method should be considered as a supplementary
approach. As mentioned earlier, there is a limited amount of multimodal data in social media that
can simultaneously achieve spatio-temporal standardization parsing and accurate image matching.
Therefore, the spatio-temporal information extracted from social media data can only serve as an
effective supplement to traditional urban event monitoring methods and cannot completely replace
them.

6. Conclusions

In this study, we have proposed an innovative method, the MIST-SMMD method, which can
extract spatio-temporal information of urban events from coarse-grained to fine-grained levels
through layered processing. Leveraging the advantages of multimodal data, our research has
revealed the tremendous potential of social media data, especially Weibo, as a source for obtaining
dynamic and high-precision information about urban events.

Our method is not only widely applicable in the field of urban disaster management but also
holds potential in other areas that require real-time and accurate spatial information. For example, in
the monitoring and management of traffic congestion and traffic accidents, as not all road sections
are equipped with surveillance devices, our method can provide on-site spatio-temporal information
about traffic congestion or real-time conditions based on real-time information on social media. This
can assist traffic management departments in timely adjusting traffic signal settings or dispatching
rescue vehicles, among other actions. Additionally, the images and videos on social media have
potential value, such as extracting the severity of events or archiving and tracking the evolution of
the same event at different time points for further in-depth analysis and time-series-based
investigations.

Future research can explore additional potential directions and improvement strategies,
including the adoption of more advanced models to enhance the accuracy of urban event
classification and named entity extraction, more comprehensive integration of untapped information
within social media, and the incorporation of other types of data sources to enhance the robustness
of data extraction and analysis. Furthermore, we believe that the real-time extraction and processing
of event information using multimodal social media data holds significant potential for urban
emergency systems, contributing to more efficient and timely urban management, command, and
disaster mitigation efforts.
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