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Abstract: With the proliferation and development of social media platforms, social media data has
become an important source for acquiring spatio-temporal information on various urban events.
Providing accurate spatio-temporal information for events contributes to enhancing the capabilities
of urban management and emergency response. However, existing research on mining spatio-
temporal information of events often focuses solely on textual content, neglecting data from other
modalities such as images and videos. Therefore, this study proposes an innovative spatio-temporal
information extraction method for multi-modal social media data (MIST-SMMD), which extracts
the spatio-temporal information of events from multi-modal data on Weibo at coarse and fine-
grained hierarchical levels, serving as a beneficial supplement to existing urban event monitoring
methods. This paper takes the "July 20th Zhengzhou Heavy Rainfall" incident as an example, to
evaluate and analyze the effectiveness of the proposed method. The results indicate that in the
coarse-grained spatial information extraction using only textual data, our method achieves a Spatial
Precision of 87.54% within a 60m range, and reaches 100% Spatial Precision for ranges beyond 200m.
For fine-grained spatial information extraction, the introduction of other modal data such as images
and videos results in a significant improvement in Spatial Error. These results demonstrate the
ability of the MIST-SMMD method to extract spatio-temporal information from urban events at both
coarse and fine levels, and confirms the significant advantages of multi-modal data in enhancing
the precision of spatial information extraction.

Keywords: multi-modal; social media; spatio-temporal information extraction; inundation

1. Introduction

Precise spatiotemporal localization plays a pivotal role in understanding and forecasting urban
events. Spatiotemporal information extraction, a subfield of spatiotemporal data analysis and data
mining, operationalizes this crucial function. Urban event spatial pattern recognition, urban planning
and management, and urban science research all rely on accurate spatial information and effective
spatiotemporal information extraction. In practice, the diversity of data sources is a key prerequisite.
With the rapid development of Internet technology, social media platforms have become the primary
channel for people to obtain and share information[1]. In December 2022, the number of monthly
active Weibo users increased by 13 million year-on-year, reaching 586 million, setting a historical
record[2]. With the popularity of social media, a large number of events with potential
spatiotemporal information are widely spread, and this information has high application value in
urban management and event response. For example, transportation planning, disaster management
public opinion spatial analysis, and disaster analysis based on geographical tags[3-6] etc., timely and
accurate acquisition and analysis of spatiotemporal information are of great significance for urban
event spatial pattern recognition, urban planning and management, and urban science research[7,8].
Therefore, extracting precise spatiotemporal information can not only improve the efficiency and
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timeliness of urban management, command and disaster reduction work, but also contribute to
understanding the inherent laws of the city and promoting the development of urban science.

Due to the convenience of text information processing, current research often focuses on using
single-modal data (especially text data) for spatiotemporal 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
and language resources[9]. These methods, due to not requiring a large amount of annotated data or
complex computing resources, have the advantage of quickly and efficiently implementing system
prototypes and are therefore widely used by many researchers[10,11]. However, the diversity,
informality, and ambiguity of social media text make it difficult for rule-based methods to cover all
possible situations. It also requires a large amount of manual participation and maintenance, making
it difficult to adapt to the rapid changes, frequent updates, and huge data volume of social media
text. Methods based on Named Entity Recognition (NER) extract spatiotemporal information by
detecting spatiotemporal-related entities in text data. In recent years, thanks to the rapid
development of theory and application research in natural language processing in the field of
machine learning[12,13], many studies have begun to use this method to extract spatiotemporal
information[14,15]. The advantage of this method is that it can automatically recognize entities in the
text, thereby reducing manual participation and maintenance. However, issues such as entity
ambiguity, expression diversity, and nested entities in the text may affect its extraction effect.

Despite the fact that utilizing single-modal data can effectively extract potential spatiotemporal
information to a certain degree, existing research has paid insufficient attention to the potential of
other modes of data such as images and videos. Images and videos carry potential spatial
information[16], and multi-modal data formed in conjunction with text data can provide more precise
spatial information, thus helping to further enhance the accuracy and comprehensiveness of
spatiotemporal information extraction. Previous studies have performed information mining and
classification based on multi-modal social media data[17,18], but research on spatiotemporal
information extraction from multi-modal data in social media is relatively scarce. Simultaneously,
extracting spatiotemporal information from multi-modal social media data poses significant
challenges due to issues such as noise, heterogeneity, and sparsity that commonly exist in publicly
participated social media data[19,20].

In the past twenty years, the frequency and intensity of flood disasters in major cities worldwide
have increased, posing serious threats to economic development and social stability[21]. In this
context, investigating how to effectively extract spatiotemporal information of urban flood disasters
has become an important subject. Predicting areas where urban inundation might occur in the future
through the spatiotemporal information monitoring of urban flood disasters has become a critical
means of managing urban inundation[22]. Currently, Internet of Things (IoT) sensing technology and
remote sensing technology are commonly used for monitoring and analyzing urban flood
disasters[23-25]. At a smaller spatial scale, IoT sensors can more accurately and swiftly respond to
urban inundation issues, providing real-time warnings and monitoring[26]. On a larger spatial scale,
although optical and radar satellite remote sensing can provide more effective continuous coverage
of weather and inundation events compared to IoT sensing[27], flood disasters have short impacts
on cities and the surface water coverage is small and concentrated. Due to influences such as cloud
layers and vegetation canopy, microwave remote sensing is subject to the total reflection effect and
cannot monitor or extract surface water information, causing the original access cycle to become even
longer[28]. Therefore, the current methods still have numerous shortcomings in extracting
spatiotemporal information from flood disasters, and they struggle to meet the high spatiotemporal
resolution requirements of urban flood disaster monitoring. However, when flood disasters occur,
people often share information on social media, which may include the time, location, degree, impact
range, and duration of the disaster[29]. This information is significant for urban inundation
management and prediction[30].

The objective of this research 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
capability to extract spatiotemporal information from social media text. To this end, we propose a
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MIST-SMMD method to address challenges such as multi-modal data fusion and heterogeneity
processing, hoping to provide strong support for the early warning and management of urban events
and disasters. At the same time, to evaluate and verify this method, we take urban floodwater
accumulation 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 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, compared with predecessors, we use a text classification model
to filter related information and remove similar blog posts within the same day. This is beneficial
for cleansing the noise in social media data and standardizing the dataset as much as possible.

e For the extraction of coarse-grained spatiotemporal information, we propose a set of strict
standardization rules for spatiotemporal information, allowing the maximum structuring of
potential spatiotemporal information.

e  For the extraction of fine-grained spatial information, we propose an LSGL method. This
leverages cascading computer vision models to further improve the accuracy of spatial
information extracted from coarse-grained data, thus enhancing the utilization of image and
video modal data from social media.

The structure of this paper is as follows: Section 2 introduces our innovative multi-modal social
media data spatiotemporal information extraction method (MIST-SMMD); Section 3 uses the urban
inundation event of the "July 20 Zhengzhou Torrential Rain" as an experiment to evaluate and verify
this method; Section 4 discusses and analyzes the effectiveness of the method based on Section 3;
Section 5 summarizes the entire research and proposes prospects.

2. Methods

2.1. Technical process

We introduce a method for extracting spatio-temporal information from multi-modal social
media data, known as MIST-SMMD (Method of Identifying Spatio-temporal Information of Social
Media Multimodal Data). The MIST-SMMD process comprises three steps:

Step One: Crawling and pre-processing of social media data.

Step Two: Coarse-grained extraction of spatio-temporal information.

Step Three: Fine-grained extraction of spatial information.

The Normative Dataset for Step Two is derived from the crawling and Pre-Processing of social
media data performed in Step One. The Street View Image Dataset refers to all street view data
from Baidu Maps. However, as Step Two only involves coarse-grained spatio-temporal extraction
from microblog text, image data (including segmented video images) is not required. This data is
instead used in Step Three for the fine-grained extraction of spatial information.

MIST-SMMD leverages the complementarity of multi-modal data and the flexibility and
generalizability of model cascading, sequentially processing the text and images from social media.
The overall flow of the method is shown in Figure 1.
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Figure 1. The overall structure of MIST-SMMD process

2.2. Data craw and Pre-Process

To obtain Weibo data, we utilize the public interface of Sina Weibo. The Weibo multi-modal data
is crawled using Python programming language, by setting the time range and keywords related to
city events. This data includes Weibo creation time, text content, images (if any), videos (if any), IP
owned provinces (starting from August 1, 2022), etc. For videos, we extract stable frame images using
the optical flow method.

Despite initial keyword filtering, not all Weibo posts containing event-related keywords are
actually related to the event. Therefore, a text classification model can be used to classify the relevant
text for the specified city event. Subsequently, to efficiently process text data, we need to clean the
noise in the data. Character-level cleaning includes removing topic tags, zero-width spaces (ZWSP),
@other users, emoji, HTML tags, etc. However, as an event often receives coverage from multiple
media sources, overly similar report posts may lead to data redundancy. Therefore, we vectorize all
text and use an efficient cosine similarity matrix to calculate the similarity of each text with all other
texts, eventually removing highly similar Weibo posts (similarity>=0.9).

After the above three steps of data preprocessing, we obtain a normative city event Weibo
dataset that is largely noise-free and relevant to the required event. 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
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* Mid:Unique identification code for each Weibo post.

2.3 Coarse-grained spatio-temporal information extraction

Due to the high degree of spontaneity and diversity in social media narratives and the lack of a
unified text format, we 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 a
foundation for subsequent detailed research. These rules aim to ensure that during the
standardization process of spatio-temporal narratives, different levels of potential spatio-temporal
information are maximally utilized.

Before the standardization of spatio-temporal information, we first need to extract spatio-
temporal information from the text. For the normative city event dataset processed by data
preprocessing, we use NER (Named Entity Recognition) technology to identify entities related to
spatio-temporal information. To improve the efficiency of subsequent spatio-temporal information
standardization, we merge similar labels. Specifically, we combine DATE and TIME labels into the
TIME category, as they can both be used as materials for time standardization. The GPE label is kept
as a separate category, as it provides the basis for administrative divisions for spatial standardization.
We integrate LOC and FAC labels into the FAC category because they can identify specific facilities
or locations, which can serve as specific place names for spatial standardization. Table 2 shows the
built-in labels required for extracting spatio-temporal information and the reclassified label types.

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
FAC water
FAC Buildings, airports, highways, bridges, etc.

In terms of temporal-spatial standardization, specific attention is given to both temporal and
spatial aspects. Hence, we utilized the JioNLP library, which currently provides the highest quality
open-source temporal parsing tools and convenient location parsing tools [31]. In terms of temporal
standardization, Weibo publication times are standardized to the format "Year-Month-Day", omitting
the specific "Hour:Minute:Second". This is because events typically occur spontaneously and it is
difficult to determine the exact time of the event based solely on the Weibo publication time and the
implied time information in the text. Consequently, the lowest unit of time is retained only up to
"Day", rather than the specific Weibo publication time or the detailed specifics implied in the text.
With regard to spatial standardization, we transform the potential spatial information in Weibo posts
into a "Province-City-District (County)-Specific Geographic Location” pattern for ease of
comprehension during subsequent geocoding, and accurately convert it into the WG51984 latitude
and longitude coordinates for that address.

In this study, further precise handling of spatial information is of paramount importance. Firstly,
data that does not include FAC entities must be excluded to ensure the progress of subsequent
research. Building upon this, for temporal standardization, it is necessary to ascertain whether there
are TIME class labels in the text. If not, the Weibo publication date is directly used as the final
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standardized time. If there are, some keywords are selected through forward screening, such as:
"today", "yesterday", "day", etc. Utilizing the temporal parsing function provided by the JioNLP
library and taking the Weibo publication time as a reference, entities with a named entity type of
TIME are identified and used as correction times for temporal standardization. In the end, only
meaningful point-in-time types are retained. If there are none, the Weibo publication date is selected
as the final time.

During the process of spatial information standardization, a larger number of scenarios need to
be handled. Firstly, it needs to be determined whether there are GPE labels in the text. Similar to
temporal standardization, address standardization also requires a reference point, making the GPE
labels critically important. Notably, as of August 1, 2022, the Office of the National Internet
Information Office required internet information service providers to display user IP address
ownership information, providing a new possibility for texts with only FAC labels and no GPE labels.
However, cases involving overseas countries or regions must be excluded. Upon successfully
obtaining a GPE label or IP address ownership location and FAC label, the address recognition
function provided by JioNLP is used to standardize the content of the GPE label to the "district
(county)" unit.

Different statuses of standardization results returned by the above temporal-spatial
standardization are categorized, mainly into three types: 0, 1, and 2. Here, 0 represents a failure of
standardization parsing, 1 represents incomplete standardization parsing, and 2 signifies successful
standardization parsing. Based on the different types of standardization parsing, we only geocode
the spatial information after standardization of types 1 and 2 using the Baidu Maps Geocoding AP]I,
converting the standardized addresses into Wgs1984 coordinates.

Through these series of steps, we effectively extract coarse-grained temporal-spatial information,
laying a foundation for further research. The overall approach for the standardization of temporal-
spatial information in Weibo text is visualized in Figure 2, demonstrating the program's assignment
of different status types based on different standardization results. Additionally, three common
examples of standardization rules are shown in Figure 3.
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While coarse-grained spatial and temporal information has been effectively extracted via the
steps described above, in social media data, users often express location and orientation based on
their personal perception and cognition of the geographical environment. Thus, the spatial
coordinates extracted through coarse-grained extraction may only reflect a representative building
next to," etc., are

"non "non

or place, while specific orientation descriptions, such as "nearby," "at the corner,
often somewhat vague. One solution to this issue is to categorize the standardized addresses into two
main classes, namely roads and non-roads, by referring to the categorization after Baidu Map
geocoding. For standardized addresses of road type, streetscape sampling points are generated at 5-
meter intervals along the road network vector in the Open Street Map (OSM) that corresponds to the
road name. For non-road type standardized addresses, a buffer zone with a radius of 200 meters is
created around the address, and streetscape sampling points are similarly generated at 5-meter
intervals along the road network vector in the OSM that has been clipped within this zone.
However, the randomness of social media data raises another issue: in the same microblog post,
the image may not be directly related to the text content. This implies that even if a space information
is mentioned in the post, the image may not necessarily be related to this information. Additionally,
given the varied quality of user-uploaded images or videos, there are not many clear, high-quality
streetscape images that contain potential spatial information. To further explore these multimodal
data, a semi-manual method can be adopted. First, based on the semantic segmentation of
streetscapes, a simple algorithm determines whether each user-uploaded image is a streetscape
image; that is, an image should contain at least three types of image semantics: road, sky, buildings,
and poles. Then, through manual screening, high-quality, relevant images are selected from the
microblogs and associated with the addresses standardized during the coarse-grained extraction
phase. In this way, high-quality microblog image-text data can be screened out and categorized as
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"Positive," while those coarse-grained standardized address points without high-quality, relevant
images are categorized as "Negative."

2.4 Fine-grained extraction of spatial information

To extract fine-grained spatial information from the high-quality microblog image-text data
above, a series of image processing techniques are required to compare it with streetscape images
that already contain spatial information, thereby screening out the best match for spatial information
migration. In this process, the matching degree between the social media images and streetscape
images determines the reliability of the fine-grained spatial information. To maximize the reliability
of this process as much as possible, we designed a cascade model LSGL(LoFTR-Seg Geo-Localization)
based on match-extraction-evaluation.

Given the randomness of social media, most user-uploaded images are blurry, which greatly
affects the selection of feature points. To solve this problem, the LSGL model adopts the LoFTR (Local
Feature Transformer) [32] feature matching method in the matching stage. This method can not only
extract feature points from blurry textures effectively but also maintain a certain relative positional
relationship between feature point pairs through a self-attention mechanism, significantly improving
the performance of streetscape image matching.

For the ideal streetscape image matching task, the feature matching degree between buildings
generally represents the similarity of the shooting locations of the two scenes. However, in practical
operations, the matching task is often affected by sky, road, vegetation, and other strong similarity
feature information, resulting in a large number of feature points in the image that do not carry
significant reference information. To reduce the influence 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 practical reference feature points from
the images for further evaluation.

To select the best-matched streetscape image from all the matching results and extract its
coordinates, a quantifiable indicator is required to assess the degree of image matching. With this
goal in mind, we rely on the reference feature points of each scene to design this indicator from two
dimensions: feature point feature vector matching degree and feature point spatial position
difference.

Firstly, we consider the feature point feature vector matching degree. For the LoFTR feature
matching method, it can output the feature point coordinates and the corresponding confidence. We
first filter out feature points not within the target category based on their coordinates. Then, we use
an exhaustive statistical method to calculate the number of remaining feature points. Subsequently,
the confidence of each feature point is multiplied and added, and the average of the cumulative result
is taken as the confidence of all feature points in the image. In mathematical terms, it is represented
as:

n
R =20l (M)
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
points in their respective images, we calculate their Euclidean distance and Euclidean direction as
follows:

Eq =~ (x —x0)% + (¥ — ¥0)?, &)
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In equations (2) and (3), E; 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,, )

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
SM

StanSM = , (6)
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 Ry, are the optimal and worst
feature vector matching degrees in a single round of matching, respectively.SR 4, 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.
3. Experiments Setup

3.1 Research Event

This study has selected the "July 20 Heavy rainstorm in Zhengzhou" as the experimental event
to validate the effectiveness of the MIST-SMMD method and conduct accuracy assessment. This event
had a widespread impact, resulting in severe disaster losses and attracting significant societal
attention. Between 2020 and 2023, this event had the highest volume of related urban inundation
posts on Weibo, offering rich research value (see Figure 5).
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Figure 5. Distribution of Weibo Posts Related to Inundation Events (2020-2023).
Figure 6 displays the officially announced inundation points for this experimental event, along

with the inundation spatial distribution (including water systems) extracted by the GF-3 radar
satellite.
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Figure 6. Officially Reported Inundation Points and Inundation Areas Spatial Distribution.

To address urban inundation, we selected 11 keywords highly related to the inundation event,
including "inundation, water accumulation, flooding, water immersion, water invasion, water rise,
water disaster, wash away, drainage, wading, water ingress," and scraped and preprocessed Weibo
data from July 18 to July 20, 2021. After undergoing preprocessing steps such as character cleaning,
applying classification models, and removing similar articles, the quality and relevance of the dataset
to the target event were enhanced. We thus obtained a regularized dataset regarding the "July 20
Heavy rainstorm in Zhengzhou" event, laying a solid foundation for our subsequent coarse-grained
and fine-grained spatio-temporal information extraction. Table 3 shows the statistical results of
preprocessed Weibo data scraped during these three days.

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

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

From Table 3, we can see that the original inundation-related Weibo data has been preprocessed
from 26,560 items to 3,047 regularized data entries. Additionally, it can be observed that data
containing both text and images (or videos) always exceeds data with text only, further proving the
richness of other modal data in social media. However, as Weibo is a social media platform facing all
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of China and even globally, we first need to carry out coarse-grained spatio-temporal information
extraction and then further filter spatially to the scope of Zhengzhou city. Figure 7 presents the spatial
distribution of inundation event points extracted with coarse granularity during these three days
across all of China (a), and within the range of Zhengzhou city (b, ¢, d) on a daily basis.
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Figure 7. 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.

Subsequently, we have selected 23 pairs of high-quality Weibo image-text data, i.e., "Positive,"
from Weibo posts with coarse-grained spatial information extraction. The normalized address points
with coarse-grained information but without high-quality, relevant images were deemed "Negative."
Figure 8 illustrates the Positive and Negative points during the three-day period from July 18 to July
20, 2021, in the urban area of Zhengzhou city, along with several exemplary images corresponding
to the Positive and Negative points.

— }N\ Erqgi Road, Zhengxin Road, Dongfeng Road,
\ V. Zhengzhou City Zhengzhou City Zhengzhou City
Positive § !
._ o s A No potential Non-Street View Non-Street View
il / geographic information (Unrelated content) (Warning Tips)
Negative

Figure 8. Spatial Distribution of Positive and Negative Points in Zhengzhou City and
Corresponding Typical Images during July 18-20, 2021.

3.2 Experiments environment

The evaluation testing environment for MIST-SMMD runs on the deep learning frameworks of
PyTorch 1.10.0 and TensorFlow 2.6, and performance assessment was completed on a Windows
Server 2016 workstation equipped with a Tesla P40 GPU, a dual-route E5 2680 V2 CPU, and 64GB
RAM.



Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 June 2023

3.3 Evaluation Metrics

To comprehensively evaluate the accuracy of the extracted event point spatial information and
verify the advantages of multi-modal 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 our
method 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)

Herein, TP denotes the number of inundation areas present within the designated proximity of
each coarse-grained inundation point extracted, while FP represents the number of cases in which
no inundation areas exist within the specified proximity of each coarse-grained inundation point.

For the 23 coarse-grained spatial data points refined by fine-grained correction extracted in this
case, we use the Space Error as an evaluation index to standardize different methods, due to the
limited sample size. Furthermore, we extended two different indicators: the error between the spatial
coordinates after fine-grained correction and the actual coordinates under limited sample evaluation,
and the superiority of spatial information incorporating image modality compared to using textual
unimodal spatial information alone.

Space Error = /(Lon,,, —Lon,,)* +(Lat,,, — Lat ;)" » ©)
1 n
MAEg; = —z Space Error, (10)
ne
1 n
RMSEq; = EZ(Space Error)?, (11)
i=1

In this, (Lon,,,,Lat

inundation points corresponding to the content of the Weibo posts mentioned above,

) N refers to the longitude and latitude coordinates of the official

true

(Loty,,Lat,,) represents the longitude and latitude coordinates extracted by fine-grained

methods, and n stands for the sample size.
4. Experimental Results and Analysis

4.1 Effectiveness Analysis

In the coarse-grained extraction stage of spatio-temporal information, we found that with the
increase of the defined "nearby" range, the Spacial Precision of the extracted inundation event points
also correspondingly improved (as shown in Figure 9). Particularly, we observed two Gradient Points
(local maxima of the Spacial Precision curve, indicating rapid increases in Spacial Precision within a
certain range). When the range expanded to 52m, the Spacial Precision reached 65.88%, and when it
further expanded to 60m, the Spacial Precision rose to 87.54%. Ultimately, within a range of 201m,
the Spacial Precision peaked at 100%. This signifies that our coarse-grained spatial information
extraction method can cover most inundation areas within a relatively small range (for instance, 52m
and 60m), demonstrating the effectiveness of coarse-grained spatial information extraction.
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Additionally, during this stage of extraction, we employed a pre-trained Bert-base-Chinese model
implemented by the spaCy library for Named Entity Recognition (NER). This model not only
possesses the functionality required by our study (including event classification during the data
preprocessing stage), but it also ranks first in terms of efficiency among common NLP tools[33],
meeting our need to process massive amounts of Weibo data. Despite the efficiency of this model and
technique, they may still be limited by inherent uncertainties, such as possible bias in extraction
results for ambiguous or vaguely expressed text.

SR «  Gradient Points e =

BO%

Spacial Precision

0% A"

100
Buffer Range

Figure 9. Spatial Precision of Coarse-grained Spatial Information Extraction within Different Buffer
Ranges.

After conducting finer-grained spatial information extraction on 23 pairs of high-quality text and
image data, it can be observed in Table 4 that MAEse and RMSEse remain above 50, even in multi-
modal scenarios (Text + Images). This is primarily influenced by a few instances of large error points.
However, in actuality, it can be discerned from Figure 10 that the Space Error for the majority of the
data points remains fairly low, around 20. This level of error is sufficient to meet the needs of many
practical applications, such as in dealing with sudden urban disasters or events (such as floods,
earthquakes, etc.), where real-time and precise spatial information is needed to guide rescue and
disaster relief work. Against this backdrop, social media data provides a low-cost, wide-coverage
data source that can effectively supplement traditional monitoring systems. Moreover, we also found
that fine-grained extraction can significantly reduce spatial error compared to coarse-grained
extraction methods based solely on text, improving the overall MAEse and RMSEse by 95.53% and
93.62%, respectively, as shown in Table 4 (see Figure 10). These results validate that in the process of
event point spatial information extraction, the use of images, videos, and other multi-modal data can
effectively compensate for the spatial accuracy deficiency of a single modality, thereby enhancing the
precision of spatial information. Although the number of text and image data pairs is relatively small,
this does not imply that our method lacks value. Due to the spontaneity of social media data, the data
points providing high-quality images are relatively few, but with the spread of social media and the
development of the internet, we expect this situation to improve. Additionally, it is possible to reduce
errors and omissions in manually filtering high-quality data by training a multi-modal fusion
classification model for high-quality social media data and conducting large-scale collection on social
media. However, there is still significant room for reducing the time cost of fine-grained spatial
information extraction. Due to the significant variability in road lengths, the standardization of
coarse-grained road types has led to considerable fluctuation in the number of street view sampling
points, which further impacts the stability of the time cost. Conversely, for non-road type coarse-
grained standardization addresses, setting a 200-meter buffer zone and generating sampling points
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every 5 meters results in an average of 635 sets of street view images per event point, totaling 2540
images. The total time to obtain and match each image averages 2.55 seconds, and thus, the total time
averages 1 hour and 48 minutes. Furthermore, due to the API request restrictions of street view image
data, the time to obtain images may increase if the model is used outside mainland China. It's worth
noting that when dealing with multi-modal data, even though our method has categorized the text,
there still remains the issue of determining whether the image is related to the standardized address.
This could result in numerous irrelevant images being ineffectively matched with text, indirectly
increasing the time cost. Additionally, from the data perspective, street view only covers fixed routes
and not all places have street views. Meanwhile, the quality and shooting angle of user-uploaded
images could also impact extraction results. Furthermore, during image matching analysis, accuracy
might also be limited by the model's training data and its generalization capabilities.

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
MAESse 1491.13 66.63 95.53%
RMSEse 2068.43 131.88 93.62%
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Figure 10. Comparison of Coarse and Fine Grained Extraction.

It must be emphasized that our method should serve as a supplementary measure. As
previously stated, in the multi-modal data of social media, the volume of data that can
simultaneously realize spatio-temporal standardization parsing and accurate image matching is not
substantial. Therefore, the spatio-temporal information extracted from social media data can only
serve as an effective supplement to traditional urban event monitoring and cannot fully replace
conventional methods.

4.2 Analysis of Fine-grained extraction

Furthermore, during the fine-grained extraction, we conducted ablation experiments to compare
the advantages of the LSGL model that introduced masks and matching algorithms when extracting
fine-grained spatial information. Overall, as seen in Table 5, whether it's the MAEse or RMSEst metrics,
FM+SS performs the best, and the performance using only FM is the worst. This is not entirely
consistent with our initial expectation that FM+SS5+QIFM would be optimal. Although the MAEse of



Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 June 2023

FM+SS+QIFM is higher than FM+QIFM, its RMSEse is lower. This suggests that among our 23 pairs
of high-quality text and image data, FM+SS has the strongest overall performance, while
FM+SS+QIFM's precision can only rank second, and its robustness third.

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 M FM+SS FM+QIFM  FM+SS5+QIFM
MAESse 124.30 66.63 110.33 100.74
RMSEsk 227.35 131.88 179.42 181.16

* FM:Feature Matching; SS:Semantic Segmentation; QIFM:Quantitative Indicators for Feature
Matching

As shown in Figure 11, we noticed that in some instances, the results of the four ablation
experiment methods are consistent, and the Space Error is relatively low. This often occurs when the
image resolution uploaded by social media users is high, and the images have a large number of
semantic feature points, such as buildings, which are recognizable. This consistency reflects our
method's dependency on high-quality images. Specifically, as shown in Figurel2(a), user-uploaded
high-quality images provide clearer, more detailed visual information and features such as buildings,
which aids the LSGL in more accurately identifying and extracting event point spatial information.
However, this also implies that in cases where the image quality is too low or lacks key facade feature
information of buildings (such as Figurel2(b)), this method may face challenges.
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Figure 11. Ablation Experiments for Fine-grained Extraction.
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Figure 12. Matching results of LSGL for images with different levels of recognizability

We found that introducing SS and QIFM can significantly enhance the performance of LSGL in
practice. This is mainly because SS can effectively filter out irrelevant background information, and
QIFM can provide more intuitive and precise spatial distance metrics. The combination of these two
methods enables LSGL to more accurately locate inundation event points, thereby enhancing overall
spatial precision. However, sometimes we also observe that introducing QIFM makes the results
worse. This is mainly due to the limited performance of the semantic segmentation model used for
masking, leading to less accurate masks. In this situation, an imprecise mask may not completely
eliminate features like cars and pedestrians that impact street view matching (such as in Figurel3).
The matching results of these noise points usually bring abnormal Euclidean distance and Euclidean
direction, interfering with the computation of spatial location difference.
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LSGL Matching Results without Noise Point

Figure 13. The effect of noise points on LSGL matching results

Also, the situation with a record index of 14 in Figure 11 is somewhat unique, and it is for the
above reasons that introducing QIFM makes the result worse. Simultaneously, the coarse-grained
spatial error is relatively low, making further fine-grained extraction decrease the Space Error. This
indicates that while SS and QIFM can improve results in most cases, we also need to be aware of their
possible limitations and challenges.

Finally, we also encountered situations where the performance of all methods was not
satisfactory. This usually occurs when distant buildings are affected by fog, and distinct feature
points cannot be extracted. In fact, the previously mentioned lack of high-quality coarse-grained
standardized addresses is why this study needs to semi-automatically screen high-quality coarse-
grained standardized addresses. This situation highlights the challenges of LSGL fine-grained spatial
information extraction when dealing with non-high-quality coarse-grained standardized addresses.

5. Conclusions

This study presents an innovative method - the MIST-SMMD method, which can extract spatio-
temporal information of urban events from coarse to fine-grained through hierarchical processing.
Leveraging the advantages of multi-modal data, our research reveals the enormous potential of social
media data (especially Weibo) as a source for acquiring dynamic, high-precision information on
urban events.

Our method can be broadly applied to the field of urban disaster management, and it also has
potential in other areas where real-time and precise spatial information is required. For example, in
the monitoring and management of traffic congestion and accidents, since not all road sections are
equipped with monitoring equipment, our method can provide on-site spatio-tempinal information
about traffic congestion or real-time situations based on real-time information on social media. This
could help traffic management departments adjust signal light settings in a timely manner or dispatch
rescue vehicles promptly. Moreover, picture and video data on social media have potential utility
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value, for example, to extract the severity of events, or for data archiving, temporal tracking, and
further in-depth analysis of the same event at different time points.

Future research could explore more potential directions and improvement strategies, including
adopting more advanced models to enhance the accuracy of urban event classification and named
entity extraction, more comprehensively integrating unutilized information in social media, and
introducing more 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
from multi-modal social media data has significant potential for urban emergency systems. It could
contribute to more efficient and timely urban management, command, and disaster reduction work.
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