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Abstract— An Event processing is the scheme of streams
that related with information (data) about things that
happen (events), and deriving a conclusion from tweet in
real time. Twitter is a social network platform that
consists of billions of users all over the world where
people collaborate and Share information related to real
world events. An important characteristic of Twitter isits
real-time nature and also investigate the real-time
interaction of events such as cyclones in Twitter and
propose a framework to monitor tweets to detect a target
event. These large scales tweet data processing are done
by placing those tweet events in a distributed system. The
server processes the tweet queue and executes the
operations based on it. An devise classifier of tweets
based on features such as the keywords in a tweet, the
number of character, the number of words, and their
context. The status update which almost pinpoints what is
happening in and around an individual user and also
tracks the user location. This small content with real
world information when processed with some statistical
tool may assist us to predict a live occurring event (e.g.
cyclone) and regard each twitter user as a feeler and
apply particle filtering, which are widely used for
location estimation. Tweet in the message queue is done
by Apache Kafka which is a distributed publish-subscribe
messaging queue system. These frameworks will
parallelize our computations over a cluster of machines.
Keywords— Event, Distributed System, Apache Kafka,
Clusgter.

. INTRODUCTION
Micro blogging sites allow instantaneous sharifigeal-

time data, messages, information. The main useicfom

blogging sites is to provide useful information ttoe
people. It is experimental that most of the knowkeds
gained from social networks and many useful resas
obtained. The traditional collaborative filteringeb not
consider social relations. In Twitter, a well-likedicro

blogging service has become a new information chlann
for users to share information. It's an online abci

network used by millions of people all around therla.
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Twitter used as bridge to stay connected to thénfls
[1], family members and co-workers through their
computers and mobile phones. Every day, nearly 170
million tweets are created and re-distributed bilioms

of active users which are not made. Micro bloggiand
plurk has a timeline view integrating video andtpie
sharing. We particularly observe Twitter becauset®f
fame and data of information volume. An important
common characteristic among micro blogging servises
the live event occurrence of nature. Although blsgrs
typically update their blogs once every several sgay
Twitter users write tweets a number of times inrgls
day. Users can know how other users are doing &ed o
what they are thinking, view, wisdom, opinion aboatv,
users repeatedly return to the site and check éondeat
other people are doing Vic vera. The huge volume
updates results in numerous reports related to tgeven
They include social events such as parties, sports,
awareness programs, and natural disasters. Itdeslu
disastrous events such as storm, fire, traffic jaiots,
heavy rainfall, and cyclones. Actually, Twitteruised for
various real time notifications such as that esakifr
help during an important emergency and live traffic
updates.

This post well represents the drive of our studye Goal

of this research study, “can we detect such livenev
occurrence in instantaneous by monitoring tweetd#$
paper presents an analysis the real-time natuteitiér
and proposes an event warning system / that menitor
tweets and delivers notice on time. To obtain teewt
the target event closely, we concern on the semantdy

of a tweet: For e.g., users might make tweets agh
“cyclone” thus “cyclone” or “Earthquake” or “volcan
eruption” could be the keyword, but user might aiseet
such as I'm in “storm of depression” or “cyclonerity
location”. We systematize the preparation of datt is
training data and devise a classifier using a sustector
machine based on features such as keywords in et,twe
the no. of words, and the context of target eveotds.
Subsequently, we would like to make a probabilistic
spatiotemporal model of an event. We make a crucial
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possibility for each twitter user and it is gazeaat a
sensor and each tweet as sensory information. Trreee
sensors, which we identify social sensors, are btige
variety and have various individuality: some seasare
very active; others are not. A sensor could endnuin-
operable or malfunctioning sometimes (e.g., a user
driving or doing some sort of work). Consequersiycial
sensors are very noisy compared to ordinal physical
sensors. Concerning a twitter user as a sensoewet
recognition problem can be abridged into the object
detection and location outlook of the problem in a
ubiquitous/pervasive computing surroundings in \whic
we have numerous location sensors. Account holderh
mobile device or an active badge in an environment
where sensors are placed. Through infra ray’s ngessa

a Wi-Fi signal, the user location is predictable as
providing location-based services such as navigadiod
museum guides.

Il. IMPLEMENTATION
2.1 EVENT DETECTION
We target event occurrence/detection. An eventns a
random categorization of a space/time region. Aenev
might have actively contributed agents, passivdofac
products, and a location in space/time. We targehts
such as cyclones, typhoons, and traffic jams & mthe
normal happening which are able to be seen through
tweets [6]. These events have several properties:
i) They are of enormous level (many users
experience the event).
i) They particularly influence people’'s daily dif
(for that reason, they are induced to tweet aliput i
iii) They have the spatial and temporal regions so
that real-time location estimation would be promisi
Such events contain social events such as hugalsoci
gathering, sports events, exhibitions, accidentsd a
political campaigns. They also contain usual eventsh
as storms, heavy rainfall, tornadoes,
typhoons/hurricanes/cyclones, and cyclones. Wegmssi
an event we would like to detect using Twitter darget
event. material on each page should fit within ctanegle
of 18 x 23.5 cm (7" x 9.25"), centered on the page,
beginning 2.54 cm (1") from the top of the page and
ending with 2.54 cm (1") from the bottom. The tigimd
left margins should be 1.9 cm (.75"). The text dtce
in two 8.45 cm (3.33") columns with a .83 cm (.33")
gutter.
2.2 Semantic Analysis on Tweet
To identify and detect a target event from Twitteicro
blogging, we have to search from Twitter and firsefuil
tweets. Tweets strength includes state of the targent.
For e.g. “Users might tweet such as” cyclone!” tors
depression or cyclone weather approaching”. Morgove
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even if a tweet is referring to the target evantjight not
be appropriate as an event report; for e.g. a omEdes
tweets such as "The cyclone yesterday was scaridg a
pulled us into the dark side”, or "Three cyclonefaur
days. Japan scares me.” These tweets without amlyt do
can be declared as truthfully to the mentions efttirget
event, but they are not real-time reports of thengs
Therefore, it is essential to make clear that aetwe
actually referring to a real cyclone occurrencejciwhs
denoted as a positive class. To categorize a tingzta
positive class or a negative class, we use a stippotor
machine (SVM) [14], which is a widely used machine-
learning algorithm. By preparing positive and negat
examples as a training set, we can produce a ntodel
classify tweets automatically into positive and atége
categories. We prepare three groups of featuregdoh
tweet as follows:

Features A (statistical features) the number ofdwadn a
tweet message, and the position of the query wattairw

a tweet.

Features B (keyword features) the words in a tweet.
Features C (word context features) the words bedork
after the query word.
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Fig.2.2: Twitter Cyclone map.

2.3 Tweet as a Sensory Value

We can look for the tweet and categorize it infmoaitive
class if a user composes a tweet on a target elfent.
he/she makes a tweet about an cyclone occurrdree jtt
can be considered that he/she, as an "cyclone 8enso
returns a positive value. A tweet can therefore be
considered as a sensor reading [12].
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Assumption 2.1 Each Twitter user is regarded anaa.

A sensor detects a target event and makes a report

probabilistically. The virtual sensors (or sociansors)
have various characteristics: some sensors areateli
(i.e. make tweets) only about specific events, caitin
others are activated to a wider range of evente Th
number of sensors is large; there are more thanilion
sensors worldwide. A sensor might be inoperable or
operating incorrectly sometimes (which means a iser
not online, sleeping, or is busy doing something).
Therefore, this social sensor is noisier than aidin
physical sensors such as location sensors, thermal
sensors, and motion sensors. A tweet can be agsibcia
with a time and location: each tweet has its poset
which is obtainable using a search API. In factSGfata
are attached to a tweet sometimes, e.g. when aisiser
using an iPhone. Alternatively, each Twitter usexkas a
registration on their location in the user profiléhe
registered location might not be the current laraif a
tweet; however, we think it is probable that a parss
near the registered location. In this study, we G$S
data and the registered location of a user. Wealase

the tweet for spatial analysis if the location istn
available (We use the tweet information for tempora
analyses.).

Assumption 2.2 Each tweet is associated with a tme
location, which is a set of latitude and longitudgy
regarding a tweet as a sensory value associated wit
location information, the event detection probles i
reduced to detecting an object and its locatiomfsensor
readings. Estimating an object’s location is ardyadbe
most fundamental sensing task in many ubiquitous an
pervasive computing scenarios. Figure 3 presents an
illustration of the correspondence between sensaita
detection and tweet processing. The motivationstlaee
same for both cases: to detect a target event.r@ism

by sensors corresponds to an observation by Twitter
users. They are converted into values by a classifi
probabilistic model is used to detect an event, as
described in the next section.
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an cyclone and a typhoon. It is apparent that spidceur

on the number of tweets. Each corresponds to anteve
occurrence. In the case of an cyclone, more than 10
cyclone occur during the period. In the case ohtgn,
India’s main population centers were hit by a large
typhoon in October 2012(Named Nilam). The distridut

is apparently an exponential distribution. The ptality
density function of the exponential distributiorf( 1) =
Le-it where t > 0 and > 0. The exponential distribution
occurs naturally when describing the lengths ofititer-
arrival times in a homogeneous Poisson process is a
crucial assumption, but it enables application afiaus
methods related to sensory information.

In the Twitter case, we can infer that if a useteds an
event at time 0, assume that the probability ofpluisting

a tweet from t ta\t is fixed ask. Then, the time to make a
tweet can be considered as an exponential diswiut
Even if a user detects an event, therefore, shétnmigt
make a tweet right away if she is not online orndoi
something. She might make a post only after such
problems are resolved. Therefore, it is reasontalethe
distribution of the number of tweets follows an
exponential distribution. Actually the data fitsryewell

to an exponential distribution; we get 0.34 with R2 =
0.87onaverage. To assess an alarm, we must cal¢h&at
reliability of multiple sensor values. For exampdeuser
might make a false alarm by writing a tweet. Itaiso
possible that the classifier misclassifies a twie¢d a
positive class. We can design.

2.4 Spatial model Tweet

Each tweet is made associated with a location based
tracking process. If the chance given by the tempor
model is larger than the threshold, the next stapsto
determine the event location. We obtained the piipo
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location information of each tweet us its associated

Global Position Service (GPS) data or the regist
location. Later that we relate particle filter th set of
tweet to get hold of the event location. To compitie
location of a user where actual event is prediseera
methods oBayesian filters are proposed such as Kall

Filters ,multihypothesis tracking, gr-based and

topological move toward and particle filters. Fdnist
study we use particle filter to estimate locatioh am
event.

2.5 Particle Filters

Particle filter is aprobabilistic approximation algorithi
implementing a Bayes filter, and a member of theilfa
of sequential Monte Carlo methods[11]. The partiiter
works better than other comparable methods
estimating the locations of target events. The &
algorithm is given as follows:

* Put a query Q using search API every s sec
and obtain tweets T.

» For each tweet t belongs to T, obtain statist|
keyword, word context features, apply
classification to obtain value 0 anc

+ If the tweets reachedrhreshold Limit ther
proceed step 4.

* For each tweet € T, we obtain the latitude ai
the longitude using 1)GPS location 2)makin
guery to Google Map for the registered u:

* Calculate the estimated location of the e\
using normal particle filtering.

» Send alert Bnail and message to registered t
as well as to nearest rescue team.

M. DISTRIBUTED FRAMEWORK
3.1 Twitter Storm

» A stage for doing analysis on streams of dat
they come in simultaneously, so you can rea
data as it happens.

* An extremely dispersed redine computatior
system. Provides general primitives to do -
time computation.

* To simplify operational with queues & worke
Scalable and faulislerant toolba

3.2 Apache Kafka

e A distributed publistsubscribe messagir
system. Degned for processing of real tin
activity stream data (logs, metrics collectio
social media streams.

* Initially developed at LinkedIn, now part
Apache Does not follow JMS Standards
does not use JMS API.

» Kafka maintains feeds of messages irics.
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3.3 Processing Frame Work
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Fig.3.1:Kafka Topic Pipeline
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Fig.3.2:Kafka Hashtag Splitter

Fig.3.3:Kafka Hashtag Counter.

Twitter Storm
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Storm Ka‘ka Pipelines

V. SUMMARY AND DISCUSSION
In this paper,Twitter is a social network platform th
consists of billions of users all over the world est
people collaborate and Share information relatedetd
world events. These large scales tweet data priogease
done by placing those tweet events in a distrib
system. Tweet in the message quési done by Apach
Kafka which is a distributed publisfubscribe messagir
system. These frameworks will parallelize
computations over a cluster of machines.
Future Enhancements
The future work is to show the claimed, assumpt
while strong, is queé logical considering the informatic
collective in the twitter. Collecting these largata will
impact processing to overcome it we can use Ha
map+educe concept for Big Data Processing
clustering.

V. SCREENSHOOTS
4.1 User Login Form
A Login is the process made by a User / Admin
connecting to a system or network service. Usuall
User must enter some Credentials, such as his Ws
and Password, in order to successfully Lc

Fig.4.1:User Login Form
4.2 Registration
¢« New user has to registeising the Registratio
Icon.
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e The new user should be added into the date
and it must be displayed in the user ¢

e« User can able to easily delete or update !
data’s in the modules. Maintained under
profile.

¢ Maintain your profil

¢ Update your pone number and mailing addr¢

* Manage your accoul

e Set up Account Alert

€ S - st

i Skt s @ g s (] i e et

»

Fig.4.2: Registeration Form
4.3 Analyzer Login Form
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h e P e e o T
T———r
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Fig.4.3Analyzer Login Forr
4.4 Tweet Message
Body of the tweet message is processed by kafke
based on topic message are Categol

Page | 180



International Journal of Advanced Engineering Research and Science (IJAERS)

Vol-3, Issue-6 , Jun- 2016]
ISSN: 2349-6495

Fig.4.4: Tweet Message
4.5 General Crawl And Semantic Crawl
This form will analyze all incoming messages froafka
topic and crawl the entire system. Used to traek tiene
event using the post tweets.
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Fig.4.5.2: Semantic Crawl
4.6 Locate Tweet
Used to predict use location via post tweet mesbaged
on the current location we can identify the pattcu
event occurrence.

Wt e
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Fig.4.6: Locate Twest
4.7 Predict Event
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Fig.4.6: Predict Event
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