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Abstract—Social networks are often utilized as a supply of data for event detection like road holdup and automobile accidents. Existing system
present a period of time observance system for traffic event detection from twitter. The system fetches tweets from twitter and then; processes
tweets victimisation text mining techniques. Last performs the classification of tweets. The aim of the system is to assign the suitable category
label to every tweet, whether or not it's associated with a traffic event or not. System utilized the support vector machine as a classification
model. The projected system uses the system supported semi-supervised approach, which provides coaching victimisation traffic connected
dataset. we have a tendency to propose a bunch approach for classification of the tweets in traffic connected and non- traffic connected tweets.

We use a geometer distance to calculate the similarity between the tweets
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l. INTRODUCTION

Wikipedia defines a social network service as a service that
“focuses on the building and confirmatory of on-line social
networks for communities of individuals who share interests
and activities, or who have an interest in exploring the
interests and activities of others, and that necessitates the
employment of package.”

A report printed by OCLC provides the subsequent definition
of social networking sites: “Web sites primarily designed to
facilitate interaction between users who share interests,
attitudes and activities, like Facebook, Mixi and MySpace.”
These social networking sites are used for the maintaining the
social relationship, finding the users with similar interests. The
message shared by user in social networks is called standing
Update Message (SUM). Sum may contain, apart from the
text, meta-information like timestamp, geographic coordinates,
name of the user, links to different resources, hashtags, and
mentions . Total thought of in a} very specific geographical
region may provide the right information. Social networks and
media platforms square measure being widely used as a
provide of information for the detection of events, like traffic,
incidents, and natural disasters. In this paper, our focus is on
specific small-scale event road traffic. Our aim to sight and
analyze traffic connected events by method users’ messages
belonging to a specific area and written inside English. We
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tend to propose a system able to extract, analyze SUMs as
related to a road traffic event or not. Few papers are planned
for traffic detection victimization Twitter stream analysis.
Social networks will offer a variety of advantages to members
of an organisation:

1. Support for learning: Social networks will enhance
informal learning and support social connections
inside teams of learners and with those concerned
within the support of learning.

2. Support for members of an organisation: Social
networks will doubtless be used my all members of an
organisation, and not simply those concerned in
operating with students. Social networks will facilitate
the event of communities of follow.

3. Engaging with others: Passive use of social networks
will offer valuable business intelligence and feedback
on institutional services (although this might produce
to moral concerns).

4. Ease of access to data and applications: the benefit of
use of the many social networking services will offer
advantages to users by simplifying access to different
tools and applications. The Facebook Platform
provides an example of however a social networking
service may be used as an setting for different tools.
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5. Common interface: A potential advantage of social
networks is also the common interface that spans work
/ social boundaries. Since such services square
measure typically employed in a private capability the
interface and also the approach the service works is
also acquainted, therefore minimising coaching and
support required to take advantage of the services
during a skilled context. This can, however, even be a
barrier to people who want to own strict boundaries
between work and social activities.

Il.  EXISTING SYSTEM

Recently, social networks and media platforms are wide used
as a supply of knowledge for the detection of events, like hold
up, incidents, natural disasters (earthquakes, storms, fires,
etc.), or alternative events.

—  Sakaki et al. use Twitter streams to sight earthquakes and
typhoons, by observation special trigger-keywords,
associated by applying an SVM as a binary classifier of
positive events (earthquakes and typhoons) and negative
events (non-events or alternative events).

— Acgarwal et al. concentrate on the detection of fires
during a manufacturing plant from Twitter stream
analysis, by victimisation commonplace human language
technology techniques and a Naive Thomas Bayes (NB)
classifier.

—  Li et al. propose a system, referred to as TEDAS, to
retrieve incident-related tweets. The system focuses on
Crime and Disaster-related Events (CDE) like shootings,
thunderstorms, and automotive accidents, and aims to
classify tweets as CDE events by exploiting a filtering
supported keywords, spatial and temporal info, variety of
followers of the user, variety of retweets, hashtags, links,
and mentions.

Disadvantages:

—  Event detection from social networks analysis may be a
more difficult drawback than event detection from
ancient media like blogs, emails, etc., wherever texts
square measure well formatted.

—  SUMs square measure unstructured and irregular texts;
they contain informal or abbreviated words, misspellings
or grammatical errors.

—  SUMs contain a large quantity of not helpful or hollow
info.

IIl.  PROPOSE SYSTEM

In this paper, we have a tendency to propose associate degree
intelligent system, supported text mining and machine learning
algorithms, for time period detection of traffic events from
Twitter stream analysis.

The system, once a feasibleness study, has been designed
associate degreed developed from the bottom as an event-
driven infrastructure, designed on a Service oriented design
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(SOA).
The system exploits on the market technologies supported
progressive techniques for text analysis and pattern
classification. These technologies and techniques are analyzed,
tuned, adapted, and integrated so as to create the intelligent
system.
In explicit, we have a tendency to present associate degree
experimental study that has been performed for deciding the
foremost effective among completely different progressive
approaches for text classification. The chosen approach was
integrated into the ultimate system and used for the on-the-
field time period detection of traffic  events.
In this paper, we have a tendency to target a specific small-
scale event, i.e., road traffic, and that we aim to observe and
analyze traffic events by process users’ SUMs happiness to an
exact space and written within the Italian language. to the
current aim, we have a tendency to propose a system ready to
fetch, elaborate, and classify SUMs as associated with a road
traffic event or not.
To the simplest of our information, few papers are projected
for traffic detection using Twitter stream analysis. However,
with relevance our work, all of them target languages
completely different from Italian, use completely different
input options and/or feature choice algorithms, and think about
only binary classifications.

Advantages-

—  Tweets are up to one hundred forty characters, enhancing
the period and news-oriented nature of the platform. In
fact, the life-time of tweets is typically very short, so
Twitter is that the social network platform that's best
suited to review SUMs associated with period events.

—  Each tweet is directly related to meta-information that
constitutes extra info.

—  Twitter messages are public, i.e., they're directly on the
market with no privacy limitations. For all of those
reasons, Twitter could be a smart supply of data for
period event detection and analysis.

—  Moreover, the projected system may work at the side of
different traffic sensors (e.g., loop detectors, cameras,
infrared cameras) and ITS observation systems for the
detection of traffic difficulties, providing a affordable
wide coverage of the road network, particularly in those
areas (e.g., urban and suburban) wherever traditional
traffic sensors are missing.

— It performs a multi-class classification that acknowledges
non-traffic, traffic owing to congestion or crash, and
traffic because of external events.

— It detects the traffic events in real-time; AND iii) it's
developed as an event-driven infrastructure, engineered
on AN SOA design.



IV. SYSTEM ARCHITECTURE
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Figure 1: System Architecture

User Tweet

— 7

FetchingTweets
using API

v

Training Data

| Tokanization |
¥ *
Trained Classifier |  Stemming |
!
| Filtering |
v *

Tweet
Classification

Y Y

Feature selection

MNormal Traffic Related
Tweet Tweet
Figure 2: Flow of System Artchitecture
MODULES:

1. Fetch of SUMs and Pre-Processing
2. Elaboration of SUMs

3. Classification of SUMs

4. Setup of the System

1. Fetch of SUMs and Pre-Processing:
The first module, “Fetch of SUMs and Pre-processing”,
extracts raw tweets from the Twitter stream, supported one or
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additional search criteria (e.g., geographic coordinates,
keywords showing within the text of the tweet). Every fetched
raw tweet contains: the user id, the timestamp, the geographic
coordinates, a retweet flag, and also the text of the tweet. The
text could contain extra info, like hashtags, links, mentions,
and special characters. During this paper, we took solely
Italian language tweets under consideration. However, the
system is simply tailored to deal with completely different
languages. When the SUMs are fetched in keeping with the
precise search criteria, SUMs are pre-processed. so as to
extract only the text of every raw tweet and take away all
meta-information related to it, a daily Expression filter is
applied. More very well, the meta-information discarded are:
user id, timestamp, geographic coordinates, hashtags, links,
mentions, and special characters. Finally, a case-folding
operation is applied to the texts, so as to convert all characters
to character. At the top of this elaboration, every fetched total
seems as a string, i.e., a sequence of characters.

2. Elaboration of SUMs:

The second process module, “Elaboration of SUMs”, is
dedicated to reworking the set of pre-processed SUMs, i.e., a
group of strings, in a very set of numeric vectors to be careful
by the “Classification of SUMs” module. to the current aim,
some text mining techniques are applied in sequence to the
pre-processed SUMs. within the following, the text mining
steps performed during this module are delineate in detail:
tokenization is often the primary step of the text mining
method, and consists in reworking a stream of characters into a
stream of process units known as tokens (e.g., syllables,
words, or phrases). Stop-word filtering consists in eliminating
stop-words, i.e., words which offer very little or no info to the
text analysis. Common stop-words are articles, conjunctions,
prepositions, pronouns, etc. alternative stop-words are those
having no applied mathematics significance, that is, those who
usually seem fairly often in sentences of the considered
language (language-specific stop-words), or within the set of
texts being analyzed (domain-specific stop-words), and might
so be thought-about as noise. Stemming is that the method of
reducing every word (i.e., token) to its stem or root kind, by
removing its suffix. The aim of this step is to cluster words
with a similar theme having closely connected semantics.

In the following, the text mining steps performed during this
module are represented in detail:



Text of a sample tweet

Tolienization Stop-word Lltering

Sorto Sloccofo 10 R coda of 7w
Ireflion & dmeredilife sfaveral Vol

temare o (CA84 0 2

English translation: M stack o 7

k]

L)

s greerie.. . fraflic s rinbelievaile this
aigrins ! Warmna gree IIOME!!!

Tnkens

yan T, Chucie

i <R, e, il g ffiogie, cding
Sinored bl xlaserit, Cvoplio,

SROSHOE T, T R

ST T R T e RO AR R, Toodas,

N S 1

il dpagllienics, v,

L

<inoredihilel, Sytaseras, <vogplios,

e, el oot

Feature representation Stem filtering : Stemming
] Ry FR ] [ S i = e ey R A R Iy | BN
[amriv, hloce, cans, oo, km, ..., M}“ ’Iﬂ'ﬂhz o E? ,MIP"" ' Bloczain B ml_c,m" B Ehme,
' [ (.. srasees, teafie, vars, viall, cincredibil», <glasera, <vogls. =naffico™, <incredibiles, wstascras,
| |'I f v e i hrnts) Teaa . - T I
Y soglions, CIornare, Cease

| |

.l\'| le
[0, 412‘ 0w Xoow N

n 4o,

raasers Woame -

Frelevant stems selected n the learning phase

[urriv, bloce, coos, caod, km,...,
stascra, traffic. vers, vial],.

f

shloecs, weods, =T <k,

B sy | ey e s, cineredibil s, <stserns,

=vagls, <o, Coass

Figure 3: Steps of the text mining elaboration applied to a sample tweet.

a. tokenization is usually the primary step of the text mining
process, and consists in remodeling a stream of charac-
ters into a stream of process units referred to as tokens (e.g.,
syllables, words, or phrases). Throughout this step, alternative
operations are sometimes performed, like removal of
punctuation and different non-text characters, and
standardization of symbols (e.g., accents, apostrophes,
hyphens, tabs and spaces). within the planned system, the
tokenizer removes all punctuation marks and splits every add
into tokens corresponding to words (bag-of-words
representation

b) stop-word filtering consists in eliminating stop-words,
i.e., words which give very little or no data to the
text analysis. Common stop-words area unit articles, conjunc-
tions, prepositions, pronouns, etc. different stop-words area
unit those having no applied math significance, that is, those
that typically seem fairly often in sentences of the thought-
about language (language-specific stop-words), or within the
set of texts being analyzed (domain-specific stop-words), and
can so be thought-about as noise. The authors
in have shown that the ten most frequent words
in texts and documents of the English language area unit
about the 20-30% of the tokens in an exceedingly given
document.

In the planned system, the stop-word list for the Ital-
ian language was freely downloaded from the Snowball
Tartarus web site half-dozen and extended with different
circumstantial defined stop-words. At the tip of this step, each
SUM is therefore reduced to a sequence of relevant tokens.
We tend to recall that a relevant token may be a token that
doesn't belong to the set of stop-words;
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¢) Stemming is that the method of reducing every word (i.e.,
token) to its stem or root type, by removing its suffix. The
purpose of this step is to cluster words with constant theme
having closely connected linguistics. within the planned
system,the stemmer exploits the Snowball Inferno Stemmer
seven for the Italian language, supported the Porter’s
formula.Hence, at the tip of this step every add is painted as a
sequence of stems extracted from the tokens contained
in it.

d) Stem filtering consists in reducing the quantity of stems of
each SUM. Specifically , every add is filtered by removing
from the set of stems those not happiness to the set of relevant
stems.

e) Feature representation consists in building, for each
SUM, the corresponding vector of numeric features. Indeed, so
as to classify the SUMs, we've to represent them within the
same feature space.

For each SU M j SF we define the vector

X;={Xj. .. xjf, ..., Xz } where each element is set according
to the following formula:

wy if stem §p € SL‘T_-UJHF

Tif =
" 0 otherwise.

3. Classification of SUMs:
This module, assigns to each elaborated total a class label
related to traffic events. Thus, the output of this module is a
collection of N labelled SUMs. To the aim of labeling each
total, a classification model is employed. The parameters of
the classification model are well-known throughout the
supervised learning stage. Actually, as a result of it are



mentioned, fully completely different classifications models
are considered and compared. The classifier that achieved the
foremost correct results was finally used for the realtime
observation with the planned traffic detection system. The
system endlessly monitors a particular region and notifies the
presence of a traffic event on the concept of a bunch of rules
that will be defined by the supervisor. as an example, once the
first tweet is recognized as a traffic-related tweet, the system
may send a alert. Then, the actual notification of the traffic
event is also sent once the identification of an exact variety of
Tweets with a similar label.

Proposed clustering Algorithm:
Input: training Dataset T, take a look at dataset D,
Output: Clustered Tweet set.

1. Method: At the beginning train the classifier using
semi-supervised traffic related coaching dataset.
Fetch user tweets from loudspeaker account
Store in database
for each tweet in database
Calculate the similarity exploitation
distance with trained knowledge.
If(similarity > Threshold)

Add tweet to traffic connected tweet set
Else

. Increase traditional tweet set.

10. End if

11. End for

12. Return classified tweets

a b wDN

geometer

© >N

4. Setup of the System:

As declared previously, a supervised learning stage is needed
to perform the setup of the system. above all, we want to
identify the set of relevant stems, the weights related to every
of them, and also the parameters that describe the
classification models. we use a group of Ntr labelled SUMs as
training set. throughout the training stage, every sum is
elaborated by applying the tokenization, stop-word filtering,
and stemming steps. Finally, the tweets were manually
labelled with 2 possible class labels, i.e., as associated with
road traffic event (traffic), e.g., accidents, jams, queues, or not
(non-traffic). additional very well, initial we tend to read,
taken, and properly assigned a traffic class label to every
candidate traffic class tweet.

Formula:

CONCLUSION

In this paper, we have planned a system for real-time detection
of traffic-related events from Twitter stream analysis. The
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system, designed on a SOA, is ready to fetch and classify
streams of tweets and to notify the users of the presence of
traffic events. Moreover, the system is additionally ready to
discriminate if a traffic event is because of AN external cause,
like soccer match, procession and manifestation, or not. We’ve
exploited offered package packages and state-of the- art
techniques for text analysis and pattern classification. These
technologies and techniques are analyzed, tuned, custom-made
and integrated so as to make the general system for traffic
event detection. Among the analyzed classifiers, we've shown
the prevalence of the SVMs that have achieved accuracy of
ninety five.75%, for the 2-class drawback, and of 88.89% for
the 3-class drawback, within which we've also thought of the
traffic because of external event category. The most effective
classification model has been utilized for real time observance
of many areas of the Italian road network. We’ve shown the
results of a observance campaign, performed in Sep and early
October 2014. We’ve mentioned the capability of the system
of detection traffic events virtually in real time, typically
before on-line news internet sites and local newspapers.
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