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In this contemporary digital age, social media websites have emerged as a key resource for tracking down 

actual events. Because it displays many circumstances during crises or events and because it offers important 

information about them, event detection has been an important research issue in recent years. There are 

several methods for identifying and analyzing events that give important data for a variety of applications, 

including traffic management, illness outbreak detection, disease monitoring, disaster and crisis management, 

and opinion mining. Due to social media networks' distinct qualities, such as its limited length, unstructured 

phrases, temporal sensitivity, and vast information, traditional event detection algorithms that are offered for 

managing large, formal, and organized documents are not fit for them. This article includes an overview of 

techniques for spotting events in online social media and outlines the difficulties in managing posts on social 

media. 
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1. INTRODUCTION 

The widespread availability of the internet is one of 

the most important modern phenomenons that is 

changing the globe. Because social media is so 

widely used, Statista projects that by 2021 there 

will be about one-third of the world's population, or 

3.02 billion monthly active users, using social 

media. By 2022, nearly a third of a billion users are 

expected to come from India and close to 750 

million from China. There are many different types 

of online social media networks, including blogs, 

web forums, newswires, photo-sharing websites, 

social gaming platforms, and microblogs. They 

serve as an effective means of communication for 

anyone desiring to converse and exchange 

information about a variety of real-world events as 

they take place. Automated real-world event 

detection, analysis, and description are all topics of 

great interest to researchers. Examples include 

pandemic disease outbreaks, flood catastrophes, 

traffic control monitoring, news events like election 

results, fires, etc. Researchers are very interested in 

this topic as more and more real-world events are 

generated and discussed on social networks. 

However, traditional text mining techniques to 

event detection on massive text streams are not 

applicable to online social media data streams due 

to the restricted message size, the enormous volume 

of spelling and grammatical mistakes, and the 

frequent use of informal and diverse languages. 

This paper examines a variety of techniques for 

identifying events in social media networks and 

gives an overview of the challenges involved in 

processing social media data. 

2. DIFFICULTIES 

When compared to traditional media, social media 

networks demand quite different methods for event 

detection. The volume and rate at which social 

media outlets produce their data dwarfs that of 

traditional media sources. Additionally, social 

media posts contain brief, distracting, and 

unstructured material, necessitating the use of 

several techniques to address the information 

retrieval issue. 

EXTENSIVE DATA 

Larger volumes of data necessitate powerful 

computational algorithms and vast amounts of 

storage space in order to store, access, and process 

all data within constrained time frames. For 

instance, the Twitter platform creates millions of 

tweets each day. Event detection algorithms must 

therefore be dynamic and operate in an appropriate 

context in order to handle such massive amounts of 

data without being interrupted, even when social 

media posts spike owing to the occurrence of some 

bursty events. 

BRIEF LENGTH 

Most social media sites have size restrictions on 

posts. For instance, Twitter only allows users to 
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submit tweets that are 140 characters or less. 

Similar limitations apply to Picasa comments, 

which are limited to 512 characters, and Windows 

Live Messenger's user status messages, which are 

limited to 128 characters. Short communications 

feature fewer phrases or sentences than 

conventional text, which has more words and the 

statistics that follow from them. They might not 

offer pertinent context data for effective similarity 

measures, which are the cornerstone of many text 

processing strategies. 

UNSTRUCTURED LANGUAGE 

In contrast to social media posts, which frequently 

have meaningless messages, contaminated and 

informal content, irregular and abbreviated words, a 

high number of spelling and grammatical errors, 

improper sentence structures, and mixed languages, 

news releases for traditional media outlets are well-

organized and edited. Furthermore, the content 

quality on social networks ranges widely from 

exceptionally high-quality items to low-quality, 

occasionally offensive material, which has a 

detrimental influence on the performance of the 

detection algorithms. 

LOTS MUCH INFORMATION 

Most social media sites include a variety of 

information sharing options in addition to the 

content itself. An picture often includes multiple 

labels that are defined by distinct places in the 

image, and users of social media communicate 

information with others. As an example, users of 

the Twitter network use the "#" sign, sometimes 

known as a hash-tag, to indicate themes in a Tweet 

(link information). While social media allows for 

the evaluation of data from a variety of sources, 

including user, content, link, tag, timestamps, and 

others, earlier sources of text analytics often appear 

as user, content>structure. 

A VARIETY OF DATA SOURCES 

Online social media platforms have made a 

significant contribution to the massive explosion of 

diverse data, which includes unstructured textual 

data, audio, photos, and video, as well as 

multivariate records and spatial data. Consequently, 

choosing which data are actually valuable for the 

event detection under consideration and which 

approach to apply to analyze the data from chosen 

sources is one of the challenges faced in real-time 

event detection. 

AUTHENTICITY AND OMITTED 

INFORMATION 

Event detection algorithms need to take into 

account the social media data's imprecision and 

incompleteness. For instance, longitude and latitude 

information on a location or position are likely to 

be incomplete or incorrect. The data about 

environmental activity might not have the 

anticipated level of confidence. Therefore, event 

detection systems must consider issues like 

confidence level, incompleteness, and inaccuracy 

while identifying events in social media platforms. 

 

3. ELECTRONIC MEDIA EVENT 

DETECTION 

The two strategies that are most frequently used to 

identify events in traditional media data sources are 

document pivot and feature pivot. The operation of 

these strategies is described in the sections that 

follow. 

3.1 Techniques for Document-Pivot: 

Document-pivot strategies group the documents by 

using their textual similarity to identify events; 

these techniques presumptively believe all 

documents to be pertinent and each document to 

contain events of particular importance. Document-

pivot techniques are no longer useful as a method 

for social media event identification because to the 

social media landscape's noise and unstructured 

nature, as well as processing speed limitations and 

scalability issues. 

3.2 Techniques for Feature-Pivot: 

The majority of features in Feature-Pivot 

approaches dramatically increase in frequency 

when an event emerges, simulating an event as a 

bursty activity. Similar to document-pivot 

techniques, feature-pivot techniques struggle with 

noisy data, making it difficult to accurately 

recognize events. Additionally, not all bursts are 

interesting occurrences; some might go unnoticed 

since they can happen without obvious burst 

activity. 

4. EVENT DETECTION IN DATA 

NETWORKS FOR ONLINE SOCIAL MEDIA 

Depending on the data availability, event detection 

methodologies may be generally categorised into 

undefined and defined procedures. The location, 

kind, time, and a brief description are just a few 
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examples of the detailed data or qualities that are 

used to identify certain events. We can change 

traditional information retrieval and extraction 

methods in order to discover a specific occurrence. 

However, the majority of traditional techniques are 

useless if we don't have any knowledge about the 

type of event we're looking for. Therefore, 

approaches for discovering unknown events rely on 

the temporal signals of real-time data streams. 

Some of the methods used to identify undefined 

events include observing patterns or bursts in data 

streams, grouping characteristics with relevant 

trends, and classifying occurrences into various 

groups. The next subsections provide descriptions 

of the techniques for identifying both specified and 

unnamed occurrences. 

4.1 Detection of Specific Events 

Known or upcoming social events are included in 

the detection of specific events. Information on 

these events may be provided in part or in full along 

with pertinent content or metadata information, 

such as the time, place, and performers. This 

section discusses numerous methods for identifying 

the events in question. 

In order to investigate the real-time identification of 

earthquake occurrence, Sakaki et al. [1] created a 

classifier that used semantic analysis to the tweets 

and constructed a spatiotemporal model for 

identifying occurrences. Tweets are automatically 

categorised based on keyword, statistical, and word 

context data using SVM as the classifier. In this 

study, each social media user is seen as a sensor, 

and the tweets are the sensor data since they 

provide the location and timestamp of the user. The 

event was detected by using the probability density 

function of the exponential distribution, which 

operates on time-series data. Particle filters and 

Bayesian filters like Kalman are employed to locate 

the tweets. By monitoring crowd movements on 

Twitter, a geo-social local event detection approach 

created by Lee and Sumiya [2] is utilised to identify 

nearby events. They have gathered geotagged 

tweets for the chosen area and, using the k-means 

algorithm and the obtained data's geographic 

coordinates, have divided them into several 

regions-of-interest (ROI). The authors reached to 

the conclusion that an increase in user behaviour, 

such as going inside a building or stopping by a 

ROI, along with an uptick in tweets, gives a reliable 

indication of local events. Each message is 

inspected, sorted, and given a canonical value for 

each event attribute in accordance with a structured 

graphical model proposed by Benson et al. [3]. The 

model uses a conditional random field (CRF) 

component to get field values at the message level, 

such as the artist's name and the event's location. 

The authors skewed the CRF's output choices to be 

consistent with canonical record values in order to 

ensure consistency within an event cluster. To 

characterise the entertainment event records of the 

NYC.com city calendar division, the writers 

analysed Twitter data streams. 

Popescu and Pennacchiotti [4] provided a method 

for locating problematic events in a twitter feed. 

The concept of a Twitter snapshot was developed 

by the authors, and it entails a target entity, a time 

period, and a collection of tweets that were relevant 

to the entity during that period. 

After establishing a controversy score for each 

image, the writers grade the photos based on that 

score. The authors find that linguistic, structural, 

and sentiment factors have a considerable influence 

on dispute identification and that hash-tags are the 

most important semantic elements for defining the 

subject of a tweet. 

Pohl et al. [5] illustrated a method for spotting 

crisis-related occurrences using the social media 

platforms Flickr and Youtube. Since the authors 

saw the geo-referenced data as a crucial 

information source for crisis management, they 

used a two-phase clustering technique for event 

detection. First, term-based centroids are produced 

using self-organizing maps and geo-referenced data 

(SOM). In the second stage, reassignment and the 

cosine distance measure are used to assign the best-

fitting data points to the predicted centroids. 

Becker et al. [6] used query building techniques to 

find upcoming events on the social media site 

Twitter. They employed various combinations of 

the event's context components, including title, 

description, venue, time, and location, to filter 

tweets regarding the event using a number of 

simple query-constructing algorithms. They 

developed the final set of high-precision query 

techniques by asking an annotator to label the 

outcomes produced by each method. The authors 

find descriptive event words and phrases using co-

location techniques and term-frequency analysis, 

which they then utilise to iteratively create new 

questions. 

4.2 Detection of Unspecified Events 
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Unknown events include breaking news, 

developing events, and popular issues that catch the 

attention of many of people using social media 

online. This section provides an overview of the 

many techniques used to find unidentified events. 

For the social media site Twitter, Phuvipadawat and 

Murata [7] created an algorithm for spotting 

breaking news. Story development and story 

finding are its two parts. Using pre-defined search 

criteria, messages are received from the Twitter 

API in the story discovery module. Similar 

messages are then grouped together to create a new 

story. 

Based on tf-idf, similarity between texts is 

discovered, with proper noun phrases, hashtags, and 

usernames given more weight. Each news item is 

given the appropriate ranking over time via the 

module story production process. Each news item is 

ranked using a weighted mix of the number of 

followers (reliability) and the number of re-tweeted 

messages (popularity), along with a time 

adjustment to maintain the message's freshness. 

Chen and Roy [8] proposed a method for doing 

event identification using Flickr photos by 

leveraging the tags in the user's comments. Because 

hardly every image captures an event, the authors 

use feature-pivot approaches to identify event-

related tags before actually identifying events in 

photos. The technique is composed of three 

modules: The module Event Tag Detection 

processes the temporal and geographic properties of 

tags to find event-related tags using the Rattenbury 

Scale-structure Identification method (SI). Use a 

wavelet transform to remove noise. Event 

Generation writers were able to distinguish between 

tags related to periodic and aperiodic occurrences 

by analysing the distribution patterns. Each cluster, 

which represents an event, contains tags with a 

comparable collection of related images and tags 

with a similar locational and temporal distribution 

pattern. Clusters are created from event-related 

tags. Using a density-based clustering method, 

pictures associated with the represented event are 

retrieved for each tag cluster in event photo 

identification. 

Some studies use signal processing methods to 

identify social network events. By analysing hash-

tag occurrences using wavelet signal analysis and a 

Twitter data stream, Cordeiro [9] proposed a simple 

method for event identification. Hash-tags are used 

to create wavelet signals rather than specific 

phrases. The author has found that a sharp rise in a 

hash-popularity tag's is a trustworthy indicator of an 

event that is taking place at that same moment. As a 

result, every five minutes, all of the hash-tags from 

the tweets were grouped. Counting the amount of 

times each hash-tag was used at each interval, 

splitting those mentions into separate time series—

one for each hash-tag—and then concatenating all 

tweets that contained that hash-tag inside each time 

series are the steps involved in building hash-tag 

signals over time. Before utilizing the continuous 

wavelet transformation to give each signal a time-

frequency representation, adaptive filters are used 

to remove noise from the signal. For the purpose of 

identifying an event that occurred inside a specified 

time period, the author employed Peak and local 

maxima detection. 

A technique based on the grouping of discrete 

wavelet signals constructed from individual words 

provided by a Twitter stream was proposed by 

Weng et al. [10]. Wavelet transformations are 

localized in both time and frequency domain, in 

contrast to Discrete Frequency Transforms (DFT), 

which are employed for event detection in 

conventional media but only localize in frequency. 

As a result, they can identify a bursty event's time 

and duration from the signal. Signal creation uses a 

time-dependent form of document frequency-

inverse document frequency (DF-IDF), in which 

DF counts the number of messages containing a 

given word and IDF uses word frequency up to the 

current time step. 

The change over time is then recorded using a 

sliding window and the H-measure (normalized 

wavelet entropy). Trivial words that assess 

similarity between two signals as a function of a 

time lag are retrieved by applying signals cross-

correlation. The remaining words are then grouped 

using a graph partitioning technique based on 

modularity, which divides the graph into sub-

graphs, each of which represents an event. Finally, 

the quantity of words and the cross-correlation 

between the words associated with an event are 

taken into account when identifying noteworthy 

events. 

The approach described by Fang et al. [11] group’s 

tweets based on the multi-relations that exist 

between tweets and are derived using various 

details such as hash-tags, textual data, and 

timestamps. 

5. SUMMARY 
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Online social media has evolved into an important 

research tool in recent years. This rich and dynamic 

flow of user-generated social media data can be 

monitored and analysed to quickly provide 

meaningful information, which is not possible with 

traditional data. This study describes the difficulties 

that event detection algorithms run into while 

analysing online social media as opposed to 

traditional media. It also gives a description of the 

algorithms that have been proposed for identifying 

events on social media platforms that are accessible 

online. Depending on the intended event type, 

which can be either undefined or specified event 

detection, these tactics are divided into several 

categories. 

Even though much research has been done on event 

detection in social media, there is still a need for an 

efficient and reliable event detection system that 

continuously monitors and analyses the activities 

from different social media sources, provides better 

support for multiple languages, and enhances 

summarization and visualisation techniques. 
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