
IJSRD - International Journal for Scientific Research & Development| Vol. 4, Issue 09, 2016 | ISSN (online): 2321-0613 

 

All rights reserved by www.ijsrd.com 328 

Traffic Regulation Using Stream Data for Smart City 

Dr. Sabitha R1 Sabarish V. R2 Shunmugha Anand S3 Soundarya S4 Sudharsan S5 

1Assistant Professor 2,3,4,5B.E. Student 
1,2,3,4,5Department of Computer Science & Engineering 

1,2,3,4,5SNS College of Technology

Abstract— Traffic is one of the major problem in the current 

scenario. In order to control traffic, stream data mining can 

be used. Data mining is applied to gather the details of road 

where traffic occurs, this information is stored in the 

database. From the database, the patterns are matched and 

the reason for traffic is identified and the solution is given 

by suggesting the alternative roads. Complex Event 

Processing (CEP) is used for continuous processing of 

dynamic data in order to detect the relevant information and 

provide support for timely reactions as soon as possible. The 

main purpose of a CEP engine is to detect the occurrence of 

event patterns on the incoming streaming data. 
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I. INTRODUCTION 

The growth of cities and increasing population of mobility 

has determined a rapid increase of vehicles on the road that 

has resulted in many challenges in relation to traffic 

congestion and accidents. Over the recent years, researchers 

from industry were focusing on exploiting in sensing and 

dynamic adaptive technologies to make the road traffic 

management system more efficient to cope with the above 

issue in the future Smart Cities.  However, these efforts are 

still insufficient to build air reliable and secure TMS that 

can handle the predictable rise of population and vehicles in 

smart cities. The occurrence of the incoming data is 

gathered from CEP. However, the problem of discovering 

the event patterns strongly related to the data mining fields, 

it has not been studied from the point of view of CEP 

applications. The first step towards defining the framework 

that would allow seamless integration of CEP and data 

mining methods is that, an actual use case is discussed and 

preliminary result are presented for real-life data that has 

been collected. 

II. LITERATURE SURVEY 

Abdalla et al. (1997) has studied the relationship between 

fatality frequency and the distance of an accident. Not 

surprisingly, casualty frequencies were higher nearer to 

residential zones, possibly due to higher exposure.  

Mussone et al. (1999) used neural networks to 

investigate vehicle mishaps that happened at intersections in 

Milan, Italy. The highest accident index of pedestrians 

occurred at non-signalized intersections at nighttime.  

Sohn and Hyungwon (2001) researched on pattern 

recognition in the framework of RTA in Korea. They 

detected that an accurately assessed classification model as a 

function of related factors provided information for accident 

prevention. Their research used data mining techniques such 

as neural network, logistic deterioration, and decision tree to 

construct classification models for accident severity. They 

found that accuracy did not differ and that the protective 

device was the factor in the accident severity variation.  

Ossenbruggen, Pendharkar et al. (2001) used a logistic 

regression model for identifying the prediction factors of 

crashes and related injuries, using models for a given region. 

These models included its land use activity, roadside design 

and traffic exposure. Their study illustrated that village sites 

were less hazardous than shopping sites.  

To analyze the relationship between RTA severity 

and driving surroundings factors, Sohn and Lee (2002) used 

various algorithms for two RTA severity categories. Using 

neural network and decision tree for individual classifiers, 

three methods were applied: classifier fusion based on the 

Dempster–Shafer algorithm, and logistic model; data 

collaborative fusion based on arcing and bagging; and 

clustering based on the kmeans algorithm. Their empirical 

results indicated that a clustering-based algorithm works for 

road traffic accident classification in Korea.  

Ng, Hung and Wong (2002) used cluster analysis, 

regression analysis, and geographical information system 

(GIS) techniques to educate guess the number of traffic 

accidents, and evaluate RTA risk in Hong Kong. Their 

resulting algorithm showed enhanced accident risk 

estimation compared to historical accident records alone. 

The algorithm was more efficient for fatality and pedestrian 

accident analyses. These authors claimed that the proposed 

algorithm may help experts in identifying areas with high 

accident risk, and serve as a locus for town planners.  

Various studies have lectured the different 

characteristics of RTAs, with most focusing on predicting 

influencing injury (Chong, A. et al. 2005). Abundant data 

mining-related readings have been undertaken to analyze 

RTA data, with results varying depending on the socio-

economic circumstances and infrastructure of a given 

location. A number of conclusions can be drawn after our 

preliminary experiments. Data must be collected for a longer 

time period, allowing the generation of cleaner and more 

precise datasets. Although the 27% of missing values for the 

duration attribute is not very high, it does influence the 

calculation of the nearby events. In our experiments, we 

used an approximation of average duration, for being able to 

obtain other nearby events. A larger dataset would allow for 

extraction of data of better quality, which can then be used 

more successfully for association-rule learning.  

Chang and Chen (2005) conducted data mining 

research to examine freeway accident regularity. Using the 

2001-2002 accident data of Taiwan, the authors developed 

classification and regression tree (CART) as well as 

negative binomial regression models to establish the 

relationship between traffic accidents and traffic 

characteristics. CART is a tool that does not require any pre-

defined relationship between targets (dependent) and 

predictors (independent). These authors found that the 

average daily traffic volume was the key determinants of 

freeway accident frequency. CART is a good alternative 

method for analyzing freeway accident frequencies.  
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Tibebe (2005) analyzed historical RTA data, 

including 4,658 accident records to investigate the 

solicitation of data mining technology to the analysis of 

accident severity in Ethiopia. Using the decision tree method 

and applying the Knowledge SEEKER algorithm of the 

Knowledge STUDIO data mining tool, classified accident 

into four classes: deadly injury, severe injury, slight injury, 

and property-damage. Accident cause, type, road condition, 

vehicle type, light condition and driver age were the basic 

determinant variables for injury severity level. The accuracy 

of decision tree classifier was reported to be 87.47%.  

Chang and Wang (2006) smeared non-parametric 

classification tree to investigate accident data from the year 

2001 for Taiwan. A CART model established the 

relationship between injury brutality and driver/vehicle 

features, highway/environment variables, and accident 

variables. The important aspect associated with crash 

brutality was the vehicle type, with pedestrians and 

bicyclists having the highest injury risks of all driver types 

in the RTAs.  

Using one clustering algorithm (SimpleKMeans) 

and three classification algorithms (J48, naïve Bayes, and 

One R), Srisuriyachai (Srisuriyachai 2007) analyzed road 

traffic accidents in Bangkok. The outcome was traffic 

accident summaries, which the author gave as a useful tool 

for evaluating RTAs in Nakhon Pathom.  

Following Tibebe’s (2005) work, Zelalem (2009) 

led a data mining study to classify driver duty levels in 

traffic accidents in Addis Ababa. The study focused on 

identifying the factors influencing the level of driver duty, 

and used the RTA dataset of the Addis Ababa Traffic 

Control and Investigation Department (AATCID). The 

WEKA data mining tool was used to build the decision tree 

(with the help of the ID3 and J48 algorithms) and MLP 

(back propagation algorithm) predictive models. Rules 

representing patterns in the accident dataset were mined 

from the decision tree, illuminating important relationships 

between variables influencing a driver’s level of duty (e.g., 

age, license grade, education, driving experience, and other 

environmental factors). The exactness of the prototypes 

were 88.24% and 91.84%, respectively, with the decision 

tree model found to be more suitable for the problem type 

under deliberation.  

Wong and Chung (2008) used comparison 

methodology approaches to identify fundamental factors of 

accident brutality. Accident data were initially analyzed 

with rough set theories to decide whether they incorporated 

complete information about the incidence according to an 

accident database. Derived circumstances were then related. 

For remaining accidents, logistic regression models were 

used fatality to investigate possible associations. Adopting 

the 2005 Taiwan single-auto vehicle accident data set, the 

results indicated that the accident was resulted due a mixture 

of unfavorable factors, rather than from a single factor. 

These accidents also related to rules with high or low 

backing showed dissimilar features.  

Getnet (2009) investigated the potential application 

of data mining tools to improve models that backup the 

prediction and identification of major driver and vehicle risk 

factors that cause road traffic. The research used the WEKA 

version 3-5-8 tool in order to build rule induction using 

PART algorithm techniques and the decision tree using the 

J48 algorithm. The performance of the J48 algorithm was 

better than that of the PART algorithm. The license grade, 

vehicle type, vehicle service year and experience were 

identified to be the most important variables for predicting 

accident severity and traffic. 

Liu (2009) developed a decision support tool for 

responsibility confirmations of two-vehicle crashes, it was 

based on the data mining models and self-organizing feature 

maps (SOM) and although the study used a small data 

sample, the decision support system provided a reasonably 

good liability attributions and references on these given 

cases. 

Alexandra moraru (2012), this paper presents steps 

towards defining a framework that would allow unspoiled 

integration of CEP and data mining method. A use case is 

discussed and preliminary results are presented for data that 

has been collected.   

Soufiene djahel (2016), presents an up to date 

review of the different technologies involved in a TMS, and 

discuss the potential use of social media to enable fast and 

accurate traffic congestion detection. Furthermore, the most 

significant and recent worldwide project that deals with 

traffic congestion issues are briefly discussed to highlight 

their contribution to smart transportation. 

III. CONCLUSION AND FUTURE WORK 

In a world where there are more number of vehicles, the 

Traffic Management System proves to be more efficient 

than any other control system. Using this Traffic 

Management System, we can not only control the flow of 

traffic but also handle the cases where emergency vehicles 

such as police vehicles, an ambulance, fire brigade, etc. 

Using this Traffic Management System, stolen vehicle can 

be detected easily. Determining the nearby events may be 

done differently for different categories of cultural events; a 

more thoroughly study for determining the parameters 

involved is needed.  There is no clear evidence of the 

influence of cultural events over road events. Therefore the 

study shall be continued once more data is gathered. As 

future steps consider integration of more data sources, and 

first focus the attention on social media. Next also consider 

visualization techniques that can provide a faster insight into 

the data, and then proceed with data mining methods. 

Finally, once the event pattern obtained, research for 

connecting them to a CEP engine is performed. 
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