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Abstract: Typhoon is one of the most destructive natural disasters in the world. Real-time information
on the process of typhoon events serves as important reference for disaster emergency. In the era
of big data, microblog text has been gradual applied to the prevention, preparation, response, and
recovery of disaster management. However, previous studies mostly focused on the acquisition
of different disaster information in microblog text, while ignoring the structural integration of this
fragmented information, and thus cannot reflect the dynamic process of typhoon events. In this
paper, a typhoon event information model (TEIM) considering the multi-granularity and dynamic
characteristics of information is constructed from the spatio-temporal perspective. On the basis
of extracting the information elements of typhoon events from microblog text, a process-oriented
information aggregation method (TEPIA) is proposed to provide an ordered information resource for
detecting the evolution process of typhoon events. Based on the case study of typhoon “Lekima”
event using Sina Weibo, the results show that the method proposed in this paper can comprehensively
detect the information of different objects on any spatio-temporal node during the process of typhoon
events, which is beneficial to mining disaster emergencies in small scale from microblog text.

Keywords: process of typhoon events; information detection; multi-level information modeling;
process information aggregation; microblog text

1. Introduction

Typhoon is a tropical cyclone phenomenon occurring in the Northwest Pacific, which
has a serious impact on natural ecology, social economy, and human sustainable develop-
ment [1]. A typhoon event specifically refers to a certain typhoon and a series of activities
and consequences caused by it. The complicated evolution process of a typhoon event will
bring great uncertainty to disaster emergency response. Therefore, it is necessary to detect
the information of the process of typhoon events, including timely collection and sorting of
related information resources. It can not only help people understand the development
trend of typhoon events, but also provide support for formulating disaster prevention and
mitigation measures [2]. Observation data, field investigation and resident interviews are
the three widely used methods for obtaining disaster information [3]. The observation
data come from automatic stations, meteorological radar, satellite remote sensing, and
other sensor equipment. The monitoring results are continuous and mainly used to detect
changes in natural geographic features [4,5]. Nevertheless, the results are difficult to reflect
the influence of disasters on the social environment. Field investigation and resident
interviews can reveal the disaster situation in details, but the timeliness and regional range
of obtaining disaster information are limited.
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Social media such as Twitter, Facebook, and Sina Weibo have become main platforms
for people to create and share information, and they area breaking down the time and
space barriers of information dissemination [6,7]. The fields of disaster, geography, and
information science have used big data and spatio-temporal analysis methods to analyze
the spatial distribution of disaster events and to detect the occurrence and extent of disaster
events by mining social media data [8–10]. Social media is more sensitive to the social
environment and has a strong complementarity to traditional disaster monitoring [11]. In
the “Sendai Framework for Disaster Risk Reduction 2015–2030”, adopted by the Third
United Nations World Conference on Disaster Risk Reduction (WCDRR), it was noted that
disaster monitoring, risk assessment and service capacity should be enhanced through the
full use of traditional technologies and modern means, including big data, social media,
and the mobile internet [12].

Microblog is one of the most popular social media applications. Microblog text has
gradually become a new way to obtain information of typhoon events. In recent years, the
main platforms of microblog have begun to raise the word limit for a single microblog.
For instance, Twitter has increased the word limit from 140 characters to 280 characters;
Sina Weibo even has removed the word limit of 140 characters for the single microblog.
However, microblogs are still dominated by short texts, most of which are usually below
140 characters. In addition, the microblog text also has the characteristics of colloquial
style, semantic ambiguity, and diversity of information granularity [13]. Thus, the short
text characteristics of microblog increase the complexity of obtaining effective information
of typhoon events. Information aggregation is a method of screening, organizing, and
integrating information resources from disparate sources to help users easily access the
information they need [14]. Therefore, faced with the scattered distribution of massive
microblog texts, it is necessary to reorder and organize the typhoon event information
contained in microblog text through information aggregation.

The information aggregation methods for microblog text mainly include two types:
trigger word-based method and knowledge unit-based method. According to the different
ways of generating trigger words, it can be further divided into statistics-based methods
and topic model-based methods: (1) For the statistical-based method, the weight of words in
microblog text is calculated by using the statistical characteristics, such as word frequency,
TF-IDF, N-gram, and mutual information [15,16]. Based on weight, single-word or multi-
words are selected from each microblog as the representative keywords. The keywords are
used as the basis of aggregation [17,18]. This method is easy to understand, but is limited by
the accuracy of keyword extraction. (2) The topic model-based method uses the probability
distribution of the subject words to represent the topic of the microblog text [19,20], and is
becoming more frequently used in flood [21], earthquake [22], hurricane [23], and other
disaster events. However, the determination of the number of topics in the model is
subjective. When there are many kinds of topics in the microblog text, the interpretability
of the subject words is controversial. Although the trigger word-based method is the
most common method at present, the information granularity of the aggregated result is
crude. Using this method to aggregate information of typhoon events, only the relevant
microblog text can be gathered together, which cannot reflect the process characteristics of
typhoon events.

The knowledge unit-based method is based on the conceptual model structure of
related fields, which decomposes and reorganizes the information at the content level
to obtain the aggregated results with a certain knowledge system [24]. Therefore, the
foundation of information aggregation of typhoon events based on knowledge unit method
is the information modeling of typhoon events. At present, the information modeling of
typhoon events can be divided into two types: the static conceptual model and the timeslice
snapshot model. For the static conceptual model, it is usually based on the analysis of
related concepts in the field of the typhoon, dividing the hierarchical structure by the
semantic relations [25–27]. Although the static conceptual model has strong generality, it
ignores the dynamic characteristics of different stages of typhoon events, and lacks the
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ability to express the whole life cycle of events. Timeslice snapshot models usually compose
time series according to the sequence of information generation time, such as the typhoon
track data sets [28,29]. These models usually describe only part of the characteristics
of typhoon events (such as wind force, central position, etc.), or only one specific task
for typhoon events (such as intensity monitoring, track prediction, etc.). Because of the
single granularity of information in the model, it is difficult to express the interaction
between different objects in events. In comparison, the knowledge unit-based method
is more suitable for information detection of the process of typhoon events, but it still
lacks a suitable typhoon event information model considering multi-granularity and
dynamic characteristics.

In this paper, an information detection method for the process of typhoon events is
proposed, which integrates the typhoon event information contained in the microblog
text according to the evolution process from the spatio-temporal perspective. The main
innovation of this study is reflected in the following two aspects:

(1) Information modeling of typhoon events, which provides a basic theoretical frame-
work for information integration, is the fundamental scientific problems of this study.
An information model of typhoon events (TEIM) is constructed from three levels:
object, process, and state. Such framework can promote the transformation from
fragmented microblog data to ordered information resources.

(2) An information aggregation method for the process of typhoon events (TEPIA) is pro-
posed. By mode of hierarchical aggregation of “Object-State-Process”, TEPIA reorders
and organizes the scattered, multi-granularity, and disordered microblog text frag-
ments, which provides an ordered information basis for detecting the development
trend of the process of typhoon events.

The following sections are expanded as follows: Section 2 proposes the information
detection method for the process of typhoon events from information modeling, infor-
mation extraction and information aggregation; Section 3 is the case study of typhoon
“Lekima” event; Section 4 discusses the reasonableness and application value of this
method; Section 5 presents the conclusions and future work.

2. Methodology

Based on the basic idea of "information modeling–information extraction–information
aggregation–case study", the information detection method for the process of typhoon
events in microblog text is studied. (1) The components and dynamic characteristics of
typhoon events are summarized according to the human cognitive habits. On this basis,
a multi-level information model of typhoon events (TEIM) is proposed. (2) The object
names and feature information related to typhoon events are extracted from the microblog
text. (3) An information aggregation method for the process of typhoon events (TEPIA)
is further proposed. In TEPIA, the feature information is aggregated according to the
described object. In addition, the different states of the object are aggregated based on
the temporal and spatial features. Afterwards, multiple states are associated in time and
space to form the event process. (4) A case is studied to analysis the practical value of the
proposed method. In the case study, typhoon “Lekima” event, which landed in China in
2019 with the strongest wind, is the example, and the study data is based on Sina Weibo,
the microblog platform with the most users in China.

2.1. Multi-Level Information Model of Typhoon Events

The typhoon is a common natural geographical phenomenon. The typhoon event
caused by the typhoon is a devastating natural disaster. In addition to the typhoon itself, the
typhoon event also involves the surface environment that affects the typhoon, as well as the
people and things affected by the typhoon. The interaction between typhoon and related
objects constitutes the whole typhoon event, and the result of the interaction is to promote
the evolution of typhoon events. The evolution of typhoon events is the summation of all
forms of motion in typhoon events, and time and space are the measure of the evolution of
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typhoon events. The variation tracks of different objects in typhoon events are the basic
units of the process of typhoon events. The process needs to be embodied and captured
through transitions between states. The state is a static slice in a continuous process under
specific spatio-temporal condition [30].

In general, typhoon has a destructive effect on a region, which is a typhoon event.
Typhoon landed in Wenling City, Zhejiang Province on 10 August 2019, which is a state of
a typhoon event under specific spatio-temporal condition. The life cycle of typhoon from
generation to decline, which is the process of a typhoon event. Therefore, the information
model of typhoon events is constructed from 3 levels: object, process and state.

2.1.1. Object Level Information Model

Materialism holds that the world is material, and the material world is consisted of
objects. Objects are perceptible, independent, and relative static existences. The world is
also in motion, and the motional world is consisted of events. Events, unlike static concepts,
are perceptible, motion existences. The motion of the world is absolute, and the rest is
relative. Motion is absolute while stagnation is relative. Any object can be a constituent of
an event, and an object that is not a constituent of an event does not exist. Therefore, objects
and events are different units to cognize the real world, and events cannot exist without
objects. The object focuses on the composition of the event, while the event contains the
reason or theme of the development and change of the object.

According to the basic principles of disaster science, disasters are composed of three
categories of objects: pregnant environment, causing factor, and sustaining body. In
typhoon events, causing factor mainly refer to cyclone, which is the fundamental factor
leading to disaster. In this case, a cyclone is the air vortex of the typhoon itself, which is an
object of the typhoon event. To better distinguish the typhoon-triggered event from the
typhoon itself, the concepts below use “typhoon event” and “cyclone”, respectively. The
sustaining bodies are the objects acted, affected, or destroyed by the cyclone, including
people, infrastructure, traffic, social activities, and so on. Pregnant environment is the
background condition that influences the causing factors and sustaining bodies.

Pregnant environment, causing factor, and sustaining body have different functions
in a disaster. Among them, the causing factor is the sufficient condition. Causing factor
determines the categories of disasters, and its risk is also an important factor to evaluate
the degree of disaster severity. Therefore, cyclone as a causing factor is the primary object
of typhoon events. Other objects are the secondary objects of typhoon events, which either
affect cyclone or are affected by cyclone, but do not directly lead to disasters. If Op is the
primary object, and Osn is a variety of secondary objects, then typhoon event Et can be
represented as

Et =< Op, Os1, . . . , Osn >, n ≥ 1 (1)

Each object has multiple features, including time (T), space (S), attribute (A), and
behavior (B). Objects and their features can be represented as

O =< T, S, A, B > (2)

In the formula, time and space are the preconditions for the existence of objects,
and also the basic framework for expressing objects. Attributes are used to express the
properties of objects, and behaviors are used to describe the activities and actions of
objects. Attributes can be further divided into attribute items and attribute values. An
attribute item represents the category of the attribute, and the attribute value is the data or
amount that the attribute item has. Behavior can also be divided into behavior items and
behavior values. In this paper, the categories of objects in typhoon events are divided into
5 categories and 19 subcategories (Table 1).
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Table 1. Categories of objects and their attributes and behaviors in typhoon events.

Object Attribute Behavior

Primary object Cyclone
Wind speed, wind scale, air
pressure, the radii of wind

circle, etc.

Formation, numbering, make
landfall, dissipation, etc.

Secondary object

People
Number of transfers, number

of injuries, number of
deaths, etc.

Transfer, injured, death, etc.

Traffic

Ordinary highway Length, road grade, number
of damages, etc.

Water accumulation,
congestion in road,

damage, etc.

Expressway Length, road grade, number
of closed entrances, etc.

Road closure, rush repairs,
resumption of traffic, etc.

Aircraft
Flight number, cancellation

quantity, delayed
quantity, etc.

Delays, suspension,
resumption of flights, etc.

Train
Train number, cancellation

quantity, delayed
quantity, etc.

Delays, suspension,
resumption of trains, etc.

Automobile
Cancellation quantity,

delayed quantity, cancelled
lines, etc.

Delays, suspension,
resumption of

automobiles, etc.

Steamboat/Ferry
Cancellation quantity,

delayed quantity, cancelled
lines, etc.

Delays, suspension,
resumption of

steamboats, etc.

Infrastructure

Building
Number of general damage,
number of serious damage,

number of collapses, etc.

Water leakage, damage,
collapse, etc.

Communication facility

Specification of base station,
number of destroyed base

stations, number of restored
base stations, etc.

Interruption, partial recovery,
recovery, etc.

Power-supply facilities

Number of power failure
lines, number of power

outage households, number
of restored households, etc.

Interruption, partial recovery,
recovery, etc.

Water-supply facility

Number of water-supply
failure lines, number of

water-supply failure
households, number of

restored households, etc.

Interruption, partial recovery,
recovery, etc.

Gas-supply facility

Number of gas-supply
failure lines, number of

gas-supply failure
households, number of

restored households, etc.

Interruption, partial recovery,
recovery, etc.

Urban greening Plant category, damage
amount, damaged area, etc. Break, falling, lodging, etc.

Social activities

Commercial facility Business scope, turnover,
scale grade, etc.

Shorten business hours,
suspend business, resume

business, etc.

Factory Production scope, output
value, scale grade, etc.

Reduce production, stop
production, resume

production, etc.

School School category, educational
level, scale grade, etc.

Leave school early, suspend
class, resume class, etc.

Scenic spot
Scenic spot level, scenic spot

category, tourist area
capacity, etc.

Evacuate tourists, suspend
business, resume

business, etc.
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2.1.2. State Level Information Model

The objects in typhoon events are always in dynamic change; for instance, the wind
scale of cyclone drops from 16 level to 10 level. From the spatio-temporal perspective,
objects move and change in time and space. Movement refers to the location deviation.
Change refers to the transform of attributes and behaviors. Thus, the state is introduced to
express the existence form of objects under certain spatio-temporal condition. Especially,
the state focuses on describing the specific location where the object is located, and the
spatial features mainly represent the location features. If at time ft and location fl, the object
has specific attribute fa and behavior fb, then the state of the object can be represented as

So =< ft, fl , fa, fb > (3)

In the different states of the object, the features of the state will also be different.
According to the attribute and behavior features, the states of the object can be divided into
different types. The type of state is a high generalization of various features of the state. In
this paper, the state types of the primary object are shown in Table 2.

Table 2. Types of states of the primary object in the typhoon event.

Object Reference Feature Classification Description

Cyclone

Attribute

Weaker than tropical
depression (A0)

There is no clear circulation center, with maximum
sustained wind speed below 10.8 m/s and wind scale

below 6 level

Tropical depression (A1) Maximum sustained wind speed of 10.8–17.1 m/s and
wind scale of 6–7 level

Tropical storm (A2) Maximum sustained wind speed of 17.2–24.4 m/s and
wind scale of 8–9 level

Severe tropical storm (A3) Maximum sustained wind speed of 24.5–32.6 m/s and
wind scale of 10–11 level

Typhoon (A4) Maximum sustained wind speed of 32.7–41.4 m/s and
wind scale of 12–13 level

Severe typhoon (A5) Maximum sustained wind speed of 41.5–50.9 m/s and
wind scale of 14–15 level

Super typhoon (A6) Maximum sustained wind speed above 51.0 m/s and
wind scale above 16 level

Behavior
Formation (B1) Formation of tropical cyclones in the ocean
Landfall (B2) Typhoon center moves from ocean to land

Dissipation (B3) Typhoon wind scale continue to decline, and there is
no obvious circulation center

Secondary objects can also have different types of states. The mainly types of states of
secondary objects are shown in Table 3.

2.1.3. Process Level Information Model

Process refers to the change of attributes, forms and patterns with time, and directly
refers to the life cycle of generation, development, continuous and decline. The process
of typhoon events is embodied by the process of multiple objects, which is formed by the
connection of different states in the objects in time and space. According to the number of
object categories in the process, the process modeling is divided into two steps: (1) state
sequence; (2) event process. The state sequence consists of different states of the same
object. If Soj is one of the states that make up the state sequence Po, it can be represented as

Po =< So1, So2, . . . , Soj >, j ≥ 1 (4)
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Table 3. Types of states of the secondary object in the typhoon event.

Object Reference Feature Classification Description

People Behavior

PS 0 level No casualties.
PS 1 level There has been the personnel transfer.
PS 2 level There has been the personnel injured.
PS 3 level There has been the personnel death.

Traffic Attribute/Behavior

TS 0 level No traffic congestions, no suspensions.
TS 1 level Highway blockage or interruption.
TS 2 level Automobiles, trains and aircrafts are partially suspended.
TS 3 level Automobiles, trains and aircrafts are suspended.

Infrastructure Attribute / Behavior

IS 0 level The infrastructure is intact and undamaged.
IS 1 level The branches of trees break off or fall.

IS 2 level The trees toppled over. Building glass and other exterior
wall decoration damage.

IS 3 level
The building collapsed. Partial interruption of
communication, power-supply, gas-supply and

water-supply facilities.

IS 4 level Large-scale interruption of communication, power-supply,
gas-supply and water-supply facilities.

Social activities Attribute/Behavior

SS 0 level The order of social activities is normal.

SS 1 level Partial business suspensions, production suspensions, and
class suspensions.

SS 2 level Large-scale business suspensions, production suspensions,
and class suspensions.

The state sequence is the basic unit of the event process, then the state sequences of
multiple objects are combined to form the whole event process. If Poi is the state sequence
for different objects in the event, the process of typhoon events Pe can be represented as

Pe =< Po1, Po2, . . . , Poi >, i ≥ 1 (5)

The state sequence reflects the change of the object’s own features, while the event
process also needs to reflect the relation among objects. Thus, at different stages of the
event process, the objects contained in the event and their state types are different. The
association of the state sequence with the event process is shown in Figure 1.

Figure 1. The state sequences of different objects which constitute the process of typhoon events.
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2.1.4. TEIM Framework

Based on the above analysis, the TEIM model including object, state and process is
constructed (Figure 2). The object level includes the object categories which constitute
the typhoon events and the feature types which can represent the objects. The state
level describes the specific attribute and behavior features of different objects under certain
spatio-temporal conditions. The process level describes the change of attribute and behavior
features in a certain spatio-temporal scope. The multi-level structure not only highlights
the features of different objects in the events, but also expresses the evolution process of
typhoon events through the state sequence of multiple objects.

Figure 2. The framework of the information model of typhoon events.

2.2. Information Extraction of Typhoon Events from Microblog Text

Typhoon event information extraction is the extraction of typhoon event-related
object names and various kinds of feature information from microblog text. Based on
the existing information extraction methods, and taking into account the non-standard
language description characteristics such as abbreviation, alternative names and colloquial
style, this paper extracts information of typhoon events from microblog text in Chinese
(mandarin).

Different categories of objects have obvious differences in name, attribute and behavior
information. For microblog text, the contextual features are sparse and the expression
forms are complex. More importantly, there is also a lack of a large-scale annotated corpus.
Therefore, machine learning methods based on supervised learning are difficult to be
directly transplanted to extract such information. In this paper, a method combining
trigger words and syntactic rules is used to extract object name, attribute, and behavior
information [31]. After analyzing the lexical characteristics of 5000 typhoon-related Chinese
texts on Sina Weibo, the expressions are various, but they basically conform to the basic
grammar rules of Chinese [32]. Moreover, different rule patterns are also closely related to
specific trigger words. The common patterns of syntactic rules are shown in Table 4.

Because the language expression of microblog text is colloquial, the manually summa-
rized trigger words is relatively insufficient. In order to expand the scale of trigger words,
the word vector model is used to extract the words which are close to the trigger words as
the supplement words [33]. Based on trigger words and syntactic rules, the knowledge
base for object information extraction and classification is constructed. The knowledge
base is oriented to all object categories in Table 1, with some examples shown in Table 5.
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Table 4. The patterns of syntactic rules.

Table 5. The examples of knowledge base structure for object information extraction and classification.

Object Trigger word Object Trigger word

Cyclone

P1w1={“Typhoon”, “Lekima”, “Cyclone”,
“Super typhoon”, “Tropical Cyclone”, . . . }

Plw2={“Wind scale”, “Wind speed”,
“Typhoon intensity”, “grade”, “level”, . . . }
Plw3={“Formation”, “Numbering”, “Make
landfall”, “Dissipation”, “Enhance”, . . . }

Urban greening

Scb1w1={“Trees”, “Fruit trees”, “Small
trees”, “Big trees”, . . . }

Scb1w2={“One single”, “Multiple”, “Old”,
“High”, “Meter”, . . . }

Scb1w3={“Break”, “Topple”, “Lodging”,
“Snap”, “Fall”, . . . }

Aircraft

Sta1w1={“Aircraft”, ”Flights”, “China
Eastern Airlines”, “Air China”, “China

Southern Airlines”, . . . }
Sta1w2={“Flight number”, “Cancellation

quantity”, “Delayed quantity”, . . . }
Sta1w3={“Cancel”, “Postponed”, “Late”,

“Delayed”, “Grounded”, . . . }

Urban greening

Scb2w1={“Woods”, “Jungle”, “Bosket”,
“Dense forests”, “Gardens”, . . . }

Scb2w2={“Mu”, “Hectare”, “Square meter”,
“Acre”, “km2”, . . . }

Scb2w3={“Suffer”, “Destroy”, “Damage”,
“Destruct”, “Devastate”, . . . }

The structure of the knowledge base is divided into four levels, which are explained
in the form of codes: (1) The letters of the first level indicate different object categories, e.g.,
P stands for cyclone object, Sc stands for infrastructure object. (2) The letters of the second
level indicate different object subcategories, e.g., Scb stands for urban greening object of in-
frastructure. (3) The number of the third level indicates the category of collocation between
the trigger words, e.g., 1 and 2 stand for two different categories of triggering collocation.
(4) The letters of the fourth level (e.g. w1) indicate different groups of trigger words.

Time information is usually described in a general form with clear concepts, and
specific grammatical rules can be summarized due to the prominent linguistic features. In
this paper, time information is extracted by combining rules with the conditional random
field (CRF) model [34]. Location information in microblog text mainly includes place name,
address, coordinate, and other forms. The geographical entity identification method may
be referred to for the extraction of place name and address information; thus, this paper
selects deep belief network (DBN) model for the extraction [35]. Coordinate has a relatively
fixed description form, so regular expression is used to define the corresponding logical
formula in advance to filter the coordinate information in the microblog text.

Based on extracting information elements of typhoon events, the relation of informa-
tion elements is recognized according to proximity law. According to the tuple form of
Formula (2), the object name and feature information in the same microblog text are filled
to form structured object information tuples. In Figure 3, name and feature information are
extracted for the three categories of objects: Lekima, train, and people. The information
tuples of the primary object “Lekima” are marked as PO, and the other secondary objects
are marked as SO. It should be noted that a microblog text usually only describes one aspect
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of a typhoon event; thus, there can be a lack of attribute (A) or behavior (B) information in
the object information tuple.

Figure 3. Examples of information extraction results.

2.3. Information Aggregation for the Process of Typhoon Events

The extracted information of typhoon events has the characteristics of high fragmenta-
tion degree, different granularity and disorder, which cannot directly reflect the evolution
process of typhoon events. Following the basic framework of TEIM, the information aggre-
gation method for the process of typhoon events (TEPIA) further reintegrates the extracted
information from three levels: object, state, and process.

2.3.1. Object Information Aggregation Based on Multi-Feature Similarity

For the extracted object information tuple On, the information is aggregated with the
object as the core. The aggregation mechanism includes the following parts:

(1) Aggregation based on object names. Set the object name to be aggregated as N,
then determine the similarity simn between the On’s object name and N in turn. If
simn ≥ εn, εn is the similarity threshold of the object name, then it indicates that
they are the same object and their tuples On can be used as the aggregation results.
Word vector similarity method is used to measure the similarity degree of object
names. The word vector similarity method uses the Skip-gram model to train the
word vector model as the basis; firstly, the object name is mapped to a vector in
multi-dimensional space; then, the similarity algorithm is used to judge whether the
direction of different vectors is consistent in multi-dimensional space; finally, cosine
similarity is used to measure. The setting of the similarity threshold should follow
the expert knowledge, or evaluate the suitability of the threshold value through test
results. The value of εn in this paper is set as 0.7. For instance, O(typhoon) = < T:
1:45 on 10 August 2019; L: Wenling City, Zhejiang Province; A: force 16 wind; B:
landfall > and O(tropical cyclone) = < T: 20:50 on 11 August 2019; L: Qingdao City,
Shandong Province; A: wind force 9 level; B: landing > are the object information tuple
extracted from the microblog text. When “object name = cyclone “is the aggregated
condition, the similarity of the object names “typhoon” and “tropical cyclone” in the
information tuple is judged. The similarity of the word vectors of “typhoon” and
“tropical cyclone” accords with the threshold range, and their semantics are both to
express the cyclone itself. Therefore, O(typhoon) and O(tropical cyclone), two sets of
information tuples, are all the aggregation results based on the object names.

(2) Aggregation based on feature types. After aggregating the information tuples based
on the object name, the aggregation results include many attribute features and
behavior features of the same type, which can further aggregate information on
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specific features. Based on the aggregation results of object names, set the attribute
feature and behavior feature to be aggregated as A and B. For attribute feature
aggregation, the word vector similarity method is used to measure the similarity sima
between the On’s attribute and A in turn. If sima ≥ εa, εa is the similarity threshold
of the attribute, then it indicates that the attribute items are the same and attribute
information can be aggregated; otherwise, the attribute items are different attribute
types of the same object, and no aggregation of attribute items is performed. The
behavior feature is aggregated in the same way, and the value of εa and εb in this paper
are set as 0.7. For instance, based on the aforementioned object information tuples of
O(typhoon) and O(tropical cyclone), the attribute “wind force” feature information of
cyclone object is further aggregated. Both O(typhoon) and O(tropical cyclone) have
the attribute item "wind force" that meets the similarity threshold. Therefore, < T: 1:
45 on 10 August 2019; L: Wenling City, Zhejiang Province; A: force 16 wind > and
< T: 20: 50 on 11 August 2019; L: Qingdao City, Shandong Province; A: wind force
9 level > are taken as the aggregated results of the object features.

(3) The organization of the results of object information aggregation. In Figure 4b, O(N) is
the aggregated object, Al is the attribute item of the aggregated object, als is the specific
attribute value, Bn is the behavior item of the aggregated object, bnu is the specific be-
havior value, and <T,L> is the time and location where the attribute or behavior value
generated. Based on the object information aggregation, the original fragments of
information are associated with the objects they describe, and the same attribute items
and behavior items are merged together. In addition, each attribute item and behavior
item contains different feature values under multiple spatio-temporal conditions.

2.3.2. State Information Aggregation Based on Spatio-Temporal Features

State information aggregation is based on the result of object information aggregation,
and it selects the attribute and behavior information according to the specific spatio-
temporal features. The aggregation mechanism includes the following parts:

(1) Unify spatio-temporal datum. For the time datum, the date is set to the Common Era
(C.E.), the time is set to Beijing Time, and the spatial datum is set to WGS 84.

(2) Standardize spatio-temporal information. There are many forms to express spatio-
temporal features in social media texts, and time and location information should be
transformed into standardized forms according to the unified spatio-temporal datum.
For time information, reasoning mechanism and transformation rules are set up to
transform it into standardized form for different time types and possible description
forms [36].

Location information in microblog text usually includes place name, address, and
space coordinate. For place name and address, the standardization is essentially the
process of matching standard database, which is constructed by the published standard
place names and addresses data [37]. Furthermore, the mapping relation between the
place name and address and the space coordinate can be established by geocoding and
reverse geocoding.

The standardized form of time has defined the format of “date + time” as “YYYY-MM-
DD HH:MM:SS”, for instance, “2019-08-10 12:00:00”; the standardized form of location
is defined as “toponym + address” or “space coordinate”, for instance, “Taizhou City,
Zhejiang Province” and “(121.42, 28.66)”.
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Figure 4. Aggregate result structure and examples. (a) a number of object information tuples extracted from microblog text; (b) the information aggregation results of objects; (c) the
information aggregation results of states; (d) the information aggregation results of processes.
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(3) State aggregation based on spatio-temporal features. Set the time feature and location
feature to be aggregated as t and l, based on result O(N) of object information aggre-
gation, and in each attribute and behavior item of O(N), determine whether there
is a feature value with T = t and L = l. If so, the feature value is used as aggregate
information, or else continue to determine whether there is a feature value with L = l,
T < t and T closest to t. If so, the feature value is used as aggregate information, or
else continue to determine whether there is a feature value with L nearest to l, T < t
and T closest to t. If so, the feature value is used as aggregate information, or else this
attribute or behavior item is not aggregated.

By traversing all the attribute items and behavior items in O(N), each attribute item
and behavior item can filter out up to one feature value which is most consistent with
the spatio-temporal feature. These attribute information and behavior information are
aggregated to form the state information aggregation results of the object under specific
spatio-temporal conditions.

For instance, the microblog text recorded that at 1:45 on 10 August, the wind scale of
the cyclone reached force 16 wind in Wenling City, Zhejiang Province. When the (2019-08-
10 2:00:00, Wenling City) state of the cyclone is aggregated, since there is no information
about the wind scale updated between 1:45–2:00, the “force 16 wind” is regarded as the
one attribute of the (2019-08-10 2:00:00, Wenling City) state of the cyclone object.

(4) The organization of the results of state information aggregation. In Figure 4c, S is the
state of the object O(N) at time t and location l, Al and als are the attribute features of
the state, Bn and bnu are the behavior features of the state, and <T,L> is the time and
location where the attribute and behavior feature value generated.

2.3.3. Process Information Aggregation Based on States

The process of typhoon events is composed of the different states of many objects.
According to the time sequence relationship, the results of state information aggregation
are connected with each other to form the result of process information aggregation. The
aggregation mechanism includes the following parts:

(1) Aggregation of state sequence. The state sequence is the connection of different
states of the same object in time and space. Set the time range and space range to be
aggregated as tr and lr, based on the result O(N) of object information aggregation,
iterate through all the attribute items and behavior items of the O(N). In each attribute
item and behavior item, determine whether there are any feature values of T ⊆ tr and
L ⊆ lr, and a set of spatio-temporal nodes is formed with all the <T,L> in the range
of tr and lr. For all spatio-temporal nodes in the set, the results of state information
aggregation are obtained by using the method of Section 2.3.2. Sort all the results of
state information aggregation. Firstly, according to the time features, follow the order
or inversed order to arrange the states; Secondly, according to the space features,
follow the scale from large to small or from small to large to arrange the states;
Finally, according to the attribute and behavior features, follow the magnitude or
the similarity of the feature value to arrange the states. A state sequence sorted by
multiple features is the process information aggregation result of a single object. The
results of process information aggregation can be organized as the form in Figure 4d.
P is the process that the object O(N) experiences over the time range tr and space range
lr, and S is the state of each spatio-temporal node <tn,ln> that makes up the process.

(2) Aggregation of event process. The event process is further integration of the aggre-
gated results of multiple state sequences. Firstly, all the spatio-temporal information of
each object should be taken into account when constructing the set of spatio-temporal
nodes; secondly, for multiple state sequences, the same sorting mechanism should be
adopted to ensure the consistency of the overall order of aggregation results.
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3. Case Study
3.1. Study Data

Super typhoon “Lekima” (International Code: 1909) is the ninth named tropical storm
of the 2019 Pacific typhoon season. Due to its landing at wind speeds reaching 52m/s,
Lekima is the strongest typhoon to land in China in 2019 and the fifth strongest since
1949. The track of the typhoon after its landfall in China and the areas it passes through
are shown in Figure 5. During the typhoon Lekima event, the wind intensity was super
strong, and it lasted for a long time and moved widely. The categories of objects involved
in the event are abundant, and the state changes of different objects are also more diverse.
Therefore, “Lekima” is typical in typhoon events. As a case, it can cover all kinds of
conditions that may appear in the process of typhoon events, and the study results are
more universal.

Figure 5. The track of typhoon Lekima after its landfall.

Sina Weibo, one of the most popular social media platforms in China, has been
experiencing explosive growth since its launch in 2009. As of the second quarter of
2020, monthly active users on the platform had reached 523 million. Compared to other
microblog platforms, Sina Weibo has a higher degree of discussion on various topics.
Moreover, a large number of active users are widely distributed, which is more conducive
to provide comprehensive data support for the information detection. Based on Sina
Weibo, 67,579 microblogs (5,709,114 characters) in Chinese about the keywords “Typhoon”
and “Lekima” from 9 August to 12 August were collected. This study selects microblogs
of the main typhoon areas (Zhejiang Province, Jiangsu Province, Shanghai City, and
Shandong Province) for processing and analysis (Figure 6). The system environment for
data processing is the Windows 10 with an AMD A8-7600 3.1 GHz processor and 4GB of
memory.

(1) Using ANSJ (https://github.com/NLPchina/ansj_seg (accessed on 14 March 2021))
to preprocess the microblog text, such as Chinese word segmentation, part-of-speech
tagging and removal of stop words.

(2) Based on the named entity recognition method, the object name, and feature informa-
tion in microblog text are extracted. The CRF model for extracting time information
uses the “Yet Another CRF toolkit” tool (https://taku910.github.io/crfpp/#download
(accessed on 14 March 2021)). The DBN model for extracting location information is
based on the TensorFlow framework (https://github.com/fuzimaoxinan/Tensorflow-

https://github.com/NLPchina/ansj_seg
https://taku910.github.io/crfpp/#download
https://github.com/fuzimaoxinan/Tensorflow-Deep-Neural-Networks
https://github.com/fuzimaoxinan/Tensorflow-Deep-Neural-Networks
https://github.com/fuzimaoxinan/Tensorflow-Deep-Neural-Networks
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Deep-Neural-Networks (accessed on 14 March 2021)). When extracting object name,
attribute and behavior information, syntactic annotations are performed based on the
results of part of speech tagging. The word vector model to supplement trigger words
is based on the Word2vec framework (https://github.com/nlpchina/word2vec_java
(accessed on 14 March 2021)), and the word vector dimension is 200.

(3) To filter microblogs, the microblog text needs to include object name, time, and
location information, as well as attribute or behavior information. A total of 34,825
microblogs (4,013,341 characters) were selected as study data. Based on the relation
recognition method, the object name and feature information of each microblog in the
study data are associated to form the object information tuples.

(4) For the object information tuple, firstly the object information is aggregated as core,
then the state information and process information of the object are further aggre-
gated according to the spatio-temporal features. When aggregating state information,
location information is standardized using the geocoding and reverse geocoding API
of Amap (https://developer.amap.com/api (accessed on 14 March 2021)).

(5) Based on the aggregation results of different levels, the information detection of
the process of typhoon events is realized by analyzing the location movement and
attribute and behavior feature information changes between states of different objects.

Figure 6. Technical process of case study.

3.2. Accuracy Evaluation of the Results of Information Extraction and Aggregation

Test data were randomly selected from all the study data for 5 times, and 200 mi-
croblogs were selected each time. The average of all tests was used as the evaluation result.
The test data were manually annotated with 495 object names, 1566 time information,
1194 location information, 542 attribute information, and 461 behavior information. For
the information extraction effect of microblog text, by comparing the results of manual
annotation with those of extraction, the precision (P), recall (R) and F1 value were evaluated.

P(i) =
NTP,i

NFP,i + NTP,i
× 100% (6)

R(i) =
NTP,i

NTP,i + NFN,i
× 100% (7)

F1(i) =
2 × P(i)× R(i)

P(i) + R(i)
× 100% (8)

In the formula, NTP,i is the correct number of judged samples in category i; NFP,I is the
number of misjudged samples in category i; NFN,i is the number of samples in category i
that are misjudged as other categories.

The extraction method used in this paper can accurately identify the typhoon event
information from microblog text. The results of time information extraction are the best,
P, R and F1 reach 97.5%, 91.8% and 94.6%. Whereas the R for location information is
only 77.5% (Figure 7a). Microblog users can share information anytime and anywhere,

https://github.com/fuzimaoxinan/Tensorflow-Deep-Neural-Networks
https://github.com/fuzimaoxinan/Tensorflow-Deep-Neural-Networks
https://github.com/nlpchina/word2vec_java
https://developer.amap.com/api
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including some low-grade toponyms and addresses, which makes it difficult to identify this
location information (Table 6). In terms of operational efficiency, it takes 40.2 s to process
10,000 microblogs for naming entity recognition such as object name, and attribute and
behavior information, and 16.1s to process 10,000 microblogs for relationship recognition
of object name and feature information. It can basically meet information extraction
requirements in the current large-scale microblogs.

Figure 7. Evaluation results of information extraction of typhoon events from microblog text. (a) evaluation results of
different types of features; (b) evaluation results of different categories of objects.

Table 6. Part error results of information extraction.

Microblog Text Annotated Result Information Type Extraction Result

. . . when law enforcement officers inspected
Guishanchang Village, Xiaoyuan Street, . . .

Guishanchang Village,
Xiaoyuan Street Location Xiaoyuan Street

. . . No need to go out on typhoon days.
Shanghai·Dongyuan Fourth Village

Shanghai, Dongyuan Fourth
Village Location Shanghai

#Typhoon The canopy at the door fell down... Canopy, fell down Name, behavior Fell down

... the underground parking lot of the
community is flooded... Parking lot, flood Name, behavior Flood

. . . ordered a cup of milk-tea to soothe my
injured heart for a day. - - Injured

Among different categories of objects, the results of information extraction also vary
greatly (Figure 7b). The R of infrastructure object information is less than 75%. The main
reason is that infrastructure contains multiple categories of objects, and trigger words
cannot be completely covered. For instance, "The underground parking lot is flooded . . . ",
in which "parking lot" is not added to the knowledge base (Table 6). Moreover, some trigger
words have different semantics with the change of context. For instance, in order to take
into account R for the important behaviors such as “injure”, some behavior information
like ” . . . to soothe my injured heart for a day” is incorrectly extracted.

Accurate information extraction results are the basis for information aggregation,
then the aggregation results of various objects in different spatio-temporal conditions are
further evaluated. Taking the landfall state of typhoon Lekima as an example, the results
of information aggregation are closely related to the actual situation of typhoon disaster.
The aggregation results include the information of wind force, wind speed, and so on
when the cyclone landed. Its accuracy can be confirmed by the data of meteorological
monitoring in the same period. In addition, the results also include information about
people, infrastructure, traffic, and social activities. It reflects the strong correlation between
disaster severity and cyclone intensity. The aggregation results organize the dispersed
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information elements at multi-levels, to reflect the stage and situation of typhoon events
under the special spatio-temporal conditions more directly (Figure 8).

Figure 8. Information aggregation results of states of different objects during the landfall of typhoon Lekima.

3.3. Analysis of Information Aggregation Results
3.3.1. Information Aggregation Results of Objects

After extracting information from all study data, the information aggregation results
of objects, which contained cyclone, people, infrastructure, traffic, and social activities,
are analyzed firstly. The results of the cyclone have the most information elements, with
210,916 items in total. For other objects, the quantity of information elements from more to
less is traffic, people, infrastructure, and social activities (Figure 9a). This is mainly due to
the strong sensitivity of traffic to weather conditions, human life safety has always been a
topic of general concern, whereas the destruction of infrastructure and the reduction of
social activities occur only when cyclone intensity reaches certain conditions.

For different categories of objects, there are also differences in the amount of informa-
tion among each feature. Location information and time information are the most abundant
categories. Especially location information accounts for 41.22% of the total information
(Figure 9b). For cyclone and traffic objects, the amount of attribute information is also
relatively large (Figure 9c,e). The attributes of cyclone mainly include wind force, wind
speed, air pressure, and moving direction, while the attributes of traffic mainly focus
on train number and flight number. For people and infrastructure objects, the amount
of attribute and behavior information is roughly the same (Figure 9d,f) because of the
correlation between attributes and behaviors. For instance, number of injuries (attribute)
and injured (behavior), number of collapses (attribute) and collapse (behavior), etc. In
particular, for social activities objects, the amount of behavior information is relatively large
(Figure 9g). People pay more attention to the suspension and resumption of operations of
different units and institutions in social activities.
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Figure 9. Statistics of information aggregation results of different categories of objects.

3.3.2. Information Aggregation Results of States

According to the information aggregation results of states, the existence form of
different objects in the typhoon event in a specific time and space can be grasped. The
differences between the state information aggregation proposed in this paper with the
traditional trigger word-based aggregation method are shown in Figure 10.

Figure 10. Comparison of the results of different information aggregation methods. (a) information aggregation results of
the trigger word-based method; (b) information aggregation results of states.

For the information about the people in Zhejiang Province involved in the typhoon
event, the trigger word-based method can gather the relevant microblogs together. When
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the need to aggregate state information at 0:00 on 10 August, combined with the microblog
release time for further screening, “400 trapped people were rescued” information can be
obtained (Figure 10a).

For the state information aggregation method proposed in this paper, it is based on the
information aggregation results of objects and further screening based on spatio-temporal
features. Through the object information aggregation, the feature information of people
object includes not only rescue but also death, siege, missing, and so on. When the need to
aggregate state information at 0:00 on 10 August, the rescue information of “400 people”
in accordance with the specific spatio-temporal features can be obtained, and the recently
updated information can be obtained for other attributes, such as 10 people missing,
600 people siege, and so on (Figure 10b). In comparison, the information aggregation
results of states are more comprehensive and can reflect the features of different objects in
a specific time and space more completely.

Taking 1h as the time interval, the variation regularity of the quantity of states of
different objects from 0:00 on 9 August to 23:59 on 12 August is calculated (Figure 11).
The quantitative changes of states of people, infrastructure, traffic, and social activities
are positively correlated with the cyclone states. Although different categories of objects
have large differences in the quantity of states, there are similarities in the changing trends.
However, each category of object has its own characteristics: (1) The cyclone states were
most distributed during the periods of 1:00 on 10 August, and the first landfall of cyclone
caused the most concern. (2) There were many extreme points in people states, and the
continuous emergence of new casualties in typhoon events would always arouse attention.
(3) The traffic states had a peak point of quantity in the middle period of the event. (4) The
peak of the quantity of infrastructure states occurs a short time after the peak of cyclone
states. (5) The highest point of the quantity of social activities appeared before the landfall
of the cyclone.

Figure 11. Temporal distribution of results of state information aggregation.

Figure 12 reflects the spatial distribution of the different states, with at least one of
the following characteristics in denser areas: (1) Strongly affected by a cyclone or located
at key nodes of cyclone track, including Taizhou City, Wenzhou City, Ningbo City, and
Qingdao City. (2) Regional central cities (municipalities, provincial capitals, etc.), including
Shanghai City, Hangzhou City, Nanjing City, and Jinan City. (3) Cyclone affected areas for
a long time, including Weifang City and Zibo City.
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Figure 12. Spatial distribution of results of state information aggregation.

3.3.3. Information Aggregation Results of Processes

By connecting different states in time and space, the location movement and feature
change of different states with time during the process of typhoon events can be detected.
This paper further analyzed the information aggregation results of processes of cyclone,
people, infrastructure, traffic and social activities, and compares the aggregation results
with meteorological monitoring data.

Figure 13 is the meteorological monitoring data for typhoon Lekima released by the
Central Meteorological Observatory, including the moving track and intensity changes
during the cyclone’s life cycle. Compared with the information aggregation results of
the process of the cyclone, the two results are consistent in the evolutionary trend. The
influence scope of the cyclone continues to move from south to north and presents the
trend of expanding first and then shrinking (Figure 14). However, the two types of
information reflect different features of some individual states. For instance, when the
cyclone made its second landfall in Qingdao (21:00 on 11 August), the meteorological
monitoring information was a force 9 wind, while the information in microblogs recorded
“The weather was calm” (Figure 14). This is because the cyclone has weakened to a tropical
storm, the structure of the cyclone is severely damaged so that the central pressure is
very average, and no gale or rain is generated. Therefore, compared with fixed-scale
meteorological monitoring data, microblog text is more able to reflect special weather
changes at a small-scale.

For the process of social-environmental change that is difficult to be perceived by
traditional meteorological monitoring, microblog text can also be used to detect. Based
on the aggregated feature information of different states in the process, the states can be
quantified and graded according to the state classification in Table 3.
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Figure 13. The full track diagram of cyclone in typhoon Lekima event.

Figure 14. The process of the state change of cyclone in the typhoon Lekima event.

(1) The casualties caused by cyclone are very serious, and have a long duration, it is
difficult to recover in the short term. (Figure 15a). Because there are many factors that
can cause casualties in typhoon events, the state change of the people is accidental,
which is not completely consistent with the process of the cyclone.

(2) The damage of infrastructure is directly related to the devastating effects caused by
the cyclone, and the process of the state change of infrastructure is synchronized with
that of the cyclone (Figure 15b). In general, the level of the infrastructure states in
the cyclone center area is relatively high. After the cyclone has left, the states of the
infrastructure depending on the extent of the damage, and the persistence of the state
level varies.

(3) Traffic has strengthened the links between different regions, and in typhoon events
have accelerated the spread of the impact on traffic operations (Figure 15c). For
instance, at 17:00 on 9 August, the cyclone began to affect Taizhou and Wenzhou,
resulting in the suspension of train and flight in the region. However, inter-city traffic
in other areas not affected by the cyclone was also affected.

(4) The public can prevent disasters that have not occurred in advance; thus, the process
of the state change of social activities is more advanced than the cyclone process
(Figure 15d).After the cyclone left, social activities usually resumed shortly thereafter.
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In some areas where the damage is severe, social activities cannot be restored imme-
diately, owing to the harsh post-disaster environment (e.g., collapsed houses, flooded
roads, etc.).

Figure 15. The process of the state change of people, infrastructure, traffic, and social activities in the typhoon Lekima event.
(a) state change of people in the process; (b) state change of infrastructure in the process; (c) state change of traffic in the
process; (d) state change of social activities in the process.
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4. Discussion

Real-time microblog has shown increasing potential in disaster management. Typhoon
event information modeling is a basic scientific problem for information detecting of the
process of typhoon events based on microblog text. In the TEIM, the primary objects and
secondary objects that make up the typhoon events are analyzed. The time, space, attribute,
and behavior features of different categories of objects are sorted out. In addition, the
“state-process” represent mechanism is used to describe the dynamic characteristics of
typhoon events. Compared with the traditional typhoon event information modeling, the
static conceptual model ignores the dynamic process and internal motivation of spatio-
temporal variation of the typhoon event, while the time snapshot model cannot represent
the process characteristics of different objects and the relationship between objects in the
event. TEIM takes time and space as the framework, and abstracts the objects, processes
and states of typhoon events by multi-level. It not only highlights the features of different
objects in the events, but also represents the evolution process of typhoon events through
the state sequence of multiple objects.

Based on the basic framework of TEIM, an information aggregation method for
the process of typhoon events (TEPIA) is further proposed. Through the hierarchical
aggregation of “Object-State-Process”, the problems of typhoon event information about
decentralization, spatial-temporal granularity diversification and disorder in microblog
text are solved, respectively. Especially, in the state information aggregation, the aggregated
results on any spatio-temporal nodes are not only limited to the attribute and behavior
information under specific spatio-temporal features, but also include the recently updated
information of other features in the past time, which ensures the completeness and integrity
of the aggregated results. Compared with the trigger word-based aggregation, TEPIA
results are more detailed in information granularity. The trigger word-based model does not
change the original data carrier unit of a microblog, but rather brings together microblogs
that contain specific keywords or topics. The aggregation results are still the original unit
of microblog text from which need to find the desired information for the user. TEPIA is
actually the aggregation method for information elements of typhoon events. Furthermore,
it can provide more intuitive aggregation results for users on the basis of the quantitative
classification of state types of objects.

Through the case study, the mining of microblog text is beneficial to make full use of
the complementary advantages of microblog and traditional meteorological monitoring
in the current big data environment. In order to take full advantages of microblog text,
data scale and quality are also important factors that cannot be ignored. (1) The degree of
microblog abundance will affect the integrity of results. The appropriate scale of microblogs
supporting information detection is positively related to the duration, scope and extent of
typhoon events. When collecting microblogs, it shall at least cover the microblogs published
in the affected areas related to the disaster within the period when typhoon occurs. (2) Most
microblogs are published by the public; thus, they often contain the public’s perceptual
cognition. As a result, the authenticity of some microblogs is in doubt. It is necessary to
strengthen the discrimination of rumors and false information in microblogs [38,39].

More importantly, the method proposed in this paper can provide strong support for
improving the service capability of social media resources in disaster management. On
the one hand, this method can process 10,000 microblogs for information acquisition of
typhoon events in one minute. The high efficiency can adapt to the fast updating dynamic
microblog data, and is also helpful to extend this method to other typhoon events. On the
other hand, this method has universality in application. TEIM and TEPIA are conceptual
frameworks for typhoon event information organization and reconstruction, and there
are no restrictions on the source and language of microblog texts. Only the information
extraction section is related to the language. Therefore, this method can provide reference
for the information detection of the process of typhoon events in different languages and
microblog platforms. Collecting microblogs from multiple platforms helps improve the
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comprehensiveness of results. This will be more conducive to supporting disaster early
warning, monitoring, command, assessment, and other disaster management links.

5. Conclusions

The efficient and accurate information detection for the process of typhoon events
can provide effective support for disaster management. At the era of big data, microblog
text has become an important way to obtain information about typhoon events. Based
on the dynamic evolution characteristics of typhoon events and the description features
of microblog text, this paper proposes an information detection method of the process of
typhoon events in microblog text. On the one hand, a multi-level typhoon event information
model is constructed. In the spatio-temporal framework, the features of different objects
in the event are described, and the process of typhoon events is represented by the state
sequences of multiple objects. On the other hand, an information aggregation method for
the process of typhoon events is proposed. Through the hierarchical aggregation of objects,
states, and processes, the scattered resource fragments are aggregated to form the ordered
information in accordance with of the process of typhoon events.

In future research, firstly, the accurate extraction of information elements in the mi-
croblog text is the basis of information aggregation. Through the introduction of domain
ontology, as well as attention mechanism, iterative learning, and other deep learning mod-
els, the recognition effect can be further improved. Secondly, the geographic information,
meteorological monitoring information and social media information are complementary to
each other; thus, the typhoon event information aggregation method based on multi-source
heterogeneous data is needed to be explored.
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