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ABSTRACT By collecting and analyzing a vast quantity and different categories of information, traffic flow
and road congestion can be predicted and avoided in intelligent transportation system. However, how to tackle
with these big data is vital but challenging. Most of the existing literatures utilized batch method to process
a bunch of road data that cannot achieve real-time traffic prediction. In this paper, we use the spouts and
bolts in Apache Storm to implement a real-time traffic prediction model by analyzing enormous streaming
data, such as road density, traffic events, and rainfall volume. The proposed SVM-based real-time highway
traffic congestion prediction (SRHTCP) model collects the road data from the Taiwan Area National Freeway
Bureau, the traffic events reported by road users from the Police Broadcasting Service in Taiwan, and the
weather data from the Central Weather Bureau in Taiwan. We use fuzzy theory to evaluate the traffic level
of road section in real time with considering road speed, road density, road traffic volume, and the rainfall of
road sections. In addition, the SRHTCP model predicts the road speed of next time period by exploring
streaming traffic and weather data. Results showed that the proposed SRHTCP model improves 25.6%
prediction accuracy than the prediction method based on weighted exponential moving average method
under the measurement of mean absolute relative error.

INDEX TERMS Big data, fuzzy theory, intelligent transportation system, real-time streaming data, support
vector machine.

I. INTRODUCTION

According to the study of International Data Corporation,
the usage of digital data worldwide is about 1.8 zettabytes
in 2011. The study further predicts that data amount will be
44 times more than nowadays in 2020, about 35.2 zettabytes.
These digital data are generated by a variety of different ways.
The online auction company eBay achieves online transac-
tions in millions every day. There are more than 88 million
users and more than millions of merchandise queries so that
eBay’s database increases more than 50 terabytes data every
day. To analyze user behavior, the online system of eBay deals

with more than 50 petabytes data and executes more than
5 thousands items of business analysis per day. The enormous
amount of data information is regarded as big data [1].

The well-known technology research Gartner points out
that big data should be provided with high capacity, high
growth capacity and high variability of characteristics.
In 2001, Doug [2] pointed out that there are three data growth
directions, i.e., volume (data size), velocity (data transfer
speed) and variety (diversity of information). Big data feature.
In [3], Chandarana and Vijayalakshmi pointed out that the
characteristics of 5V of big data.
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o Volume: A great quantity of data has been created
quickly since everyone has one or more than one mobile
devices. The data size is large and growing quickly
reached terabytes even petabytes.

o Velocity: The data will be generated rapidly. In big data,
the data generation and deletion, data flow, data change,
and data processing are fast beyond our imagination.

« Variety: Based on data structure, big data can be classi-
fied into two categories, i.e., structured and unstructured
data. There are various diversities of data types and
forms, e.g., data from different mobile phones, differ-
ent social media data like Facebook or Twitter, data
from sensor networks, vehicle-to-vehicle and device-to-
device networks.

o Veracity: The uncertainty and reliability of big data is a
big issue. The unstructured data usually has problems
in imprecision of data. For instance, text usually has
more than one meaning. Therefore, big data should be
analyzed preciously.

o Value: The value of big data is a vital issue. How to
explore the real value of big data by processing enor-
mous and varied data is an important research topic.

The growing speed of automotive industry is as fast as

big data. The Organisation Internationale des Constructeurs
d’ Automobiles (OICA) [4] pointed out that there are 70 mil-
lion cars produced worldwide every year in recent years.
It even reaches 90 million cars in both 2013 and 2014.
According to Ministry of Transportation and Communica-
tions (MOTC) Republic of China (R.O.C.) [5] statistics, vehi-
cle usage in highways attains to the amount of more than
530 million every year during 2010 to 2013. Since 2014,
the National Freeway Bureau in Taiwan launches its new
“Pay as You Go” toll system. As a result, it can be observed
that highways play an important role in Taiwan no matter in
cities, towns or rural areas. However, the growing highway
usage raises the probability of traffic jam, e.g. periodical
congestion sections and sudden traffic accidents. Various
literatures investigate traffic jam issues but most of them
focus on historical data analysis. On the other hand, existing
literatures dichotomize traffic status into traffic jam or not as
their prediction results. It is unable to describe driver’s feel-
ing of congestion event precisely. Unlike existing literatures,
the contribution of this work is as follows.

o The paper proposes an SVM-based Real-time Highway
Traffic Congestion Prediction (SRHTCP) model that
instantaneously forecasts the car speed of next time
period and analyzes traffic jams in highways.

o The traffic analysis and prediction is accomplished by
collecting different data formats and sources. To deal
with traffic data, more than 150 thousand data in Taiwan
Area National Freeway Bureau (TANFB) collected from
3617 vehicle detectors (VDs) along highways in Taiwan,
9.6 thousand real-time weather data from the Central
Weather Bureau of Taiwan (CWBT) and social media
from the Police Broadcasting Service of Taiwan (PBST)
are processed.
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o The paper uses Apache Storm [6] to process real-time
streaming data, and utilizes fuzzy theory to analyze
driver’s feeling of traffic jam. The proposed SRHTCP
model is superior to other methods in terms of prediction
accuracy.

The rest of this paper is organized as follows. Section II
discusses and compares related works. In Section III,
the designed system based on Apache Storm framework is
introduced. Section IV illustrates experiment and prediction
results. Finally, Section V concludes this work.

Il. RELATED WORKS

Based on the concept of big data, this work collects and
analyzes various data types and formats to predict real-time
highway traffic. Several technologies are used in the paper,
i.e., Apache Storm, traffic theory, fuzzy theory and support
vector machine.

A. APACHE STORM

Apache Storm [7] is an open source and distributed real-
time computing system. It can easily and quickly process the
undivided streaming data and has following features.

o Widely used: Apache Storm is able to process mes-
sage and update database. Moreover, it can continuously
query and report streaming data thus proceed with a
great number of requests.

o Scalability: Apache Storm is provided with excellent
scalability that enormous machines can be adjusted and
configured at the same time. It achieves one million
data processing per second by using 10 cluster nodes
equipped with Apache Storm.

o Availability: A real-time system must ensure that each
data are proceeded successfully. Apache Storm traces
every data through its message ID to guarantee data
availability.

« Robustness: The goal of Apache Storm is easy manage-
ment. The administrator easily obtains user experience
and monitors machines conveniently.

« Fault tolerance: While a machine is out of order, Apache
Storm can reboot the broken machine without influenc-
ing other on-line machines. It guarantees that a task
can be executed infinitely unless the task is terminated
manually.

e Variety of programming languages: Apache Storm is
robust and flexible so that developers can program it
with multiple different programming languages.

Apache Storm is composed of Nimbus, Supervisor and
Zookeeper. Nimbus is the brain of Apache Storm cluster and
runs on the master node. It is responsible for sending tasks to
other nodes and monitoring operation status of the cluster.
Note that there is only one Nimbus in the whole cluster.
Supervisor tackles task reception and monitoring. It runs on
all working nodes and turns on or off task process based on
its received task. Zookeeper plays the communicator role in
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Apache Storm cluster. All nodes send heartbeat message to
Zookeeper.

The particular design of Apache Storm achieves real-time
streaming data processing. The task submission program in
Apache Storm is called Topology. A topology is composed of
several spouts and bolts. The smallest processing unit is called
tuple. These three components are introduced as follows.

o Tuple: The smallest unit to compose a stream. In the
topology of Apache Storm, all data are transmitted with
stream format.

« Spout: An interface between topology and streaming
data. When data are settled and mapped, data spout to
topology and forwarded to bolt for processing.

« Bolt: A bolt is an element for data processing in topol-
ogy. Data calculations are conducted in bolts. A bolt
forwards data to another bolt after its data processing.

The relation between spouts and bolts in a topology is
illustrated with Fig. 1. When a spout receives streaming
data, it divides the data into several tuple and forwards to
corresponding bolts. Note that different bolts tackle with
different data processing then output data or send to next
bolt. Therefore, we need to design different topologies to
accomplish different data processing.

FIGURE 1. The relation between spouts and bolts in topology.

B. OPEN DATA

In Taiwan, government provides almost 30 thousand open
data sets in the open data platform [8], e.g., weather, traffic,
infrastructure, education, construction, election. In the paper,
traffic data, weather data and social media data are integrated
and analyzed.

o Traffic open data: The paper retrieved the traffic data
of highways in Taiwan from the TANFB [9]. Open
data in the platform includes speed of sections, VDs,
closed-circuit televisions, changeable message signs and
automatic vehicle identification. We use the information
provided by VDs in this paper.

o Weather open data: The paper adopted weather data
from the CWBT [10]. Open data in the platform includes
weather forecasts, observation, earthquake, tsunami,
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climate and weather. We use rainfall information from
weather stations in this paper.

« Social media open data: The paper collects social media
data from the PBST [11] so that the prediction tal-
lies with real-time traffic status. Drivers are capable
of informing traffic reports and events to PBST. Four
kinds of traffic report are recorded in PBST, i.e., traffic
barriers, road construction, traffic congestion and other
events. In this paper, we use real-time traffic reports in
PBST.

C. TRAFFIC THEORY

In traffic theory, traffic stream models are used to represent
the relation between volume, speed and density. In [12],
Greenshields proposed a parabolic function and named it
as Greenshields model. The Greenshields model describes
that the higher density and volume result in the lower car
speed, and vice versa. It means that the probability of traffic
congestion is higher while car density is rising. In [13],
Nakayama et al. verified the relation between car density
and speed with some experiments. The experiment is imple-
mented in a ring road without any obstacle. The experiment is
designed to examine that whether car volume influences car
speed or leads to traffic accident or not. The results showed
that traffic jam happens when there are 22 cars in a 230 meters
ring road. Rainfall is an important factor that impacts on traf-
fic flow. In [14], the most congested M42 highway in United
Kingdom was investigated for analyzing drivers’ behaviors.
The researchers found that a sudden slowdown or change
lines gives rise to the reason of traffic jam.

D. FUZZY THEORY

In 1965, Zadeh firstly proposed fuzzy theory [15]. The fuzzy
theory was proposed to solve uncertainties in the real world
by using computers. It uses Fuzzy Control Logic in its mech-
anism, includes fuzzification, fuzzy database, fuzzy inference
and defuzzification. In the fuzzification, input parameters
are converted into the membership level of fuzzy sets by
the membership function. Then, various “if-then” judgment
equations are pre-defined in fuzzy database. Fuzzy inference
estimates the membership level of input parameters based
on the defined fuzzy database. Lastly, defuzzification step
converts inputs into numerical results so that computers are
able to determine final result. In the paper, we utilize fuzzy
theory to evaluate traffic jam level.

E. SUPPORT VECTOR MACHINE

Support Vector Machine (SVM) [16] is a well-known classi-
fication technique. It can be applied to solve various research
issues, e.g., virtual machines classification in clouds [17],
anomaly detection [17], data diagnosis [18] and sensor fault
classification [19]. In classification process, the main con-
cept of SVM is to construct an optimal hyper-plane to be
the boundary for making decisions. Three characteristics of
SVM are as follows. (i) It establishes the maximum boundary
so that the coordinates of cluster nodes have the maximum
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possible distance from the decision boundary. (ii) It uses
kernel function to establish a separated linear hyper-plane,
thus cluster nodes in higher dimension can be divided into
multiple clusters easily. (iii) It adopts a small part of data as
training data so that the prediction can be more accurate after
training process. In the paper, we utilize SVM to forecast the
car speed of highways in Taiwan.

F. COMPARISON OF RELATED WORKS

During past years in Intelligent Transportation System (ITS),
various researchers have utilized different methods to mon-
itor traffic events [21], [22] and to predict traffic conges-
tion [23]-[27]. In [21], Milojevic and Rakocevic proposed a
vehicle-to-vehicle congestion detection algorithm based on
the IEEE 802.11p standard. The proposed algorithm per-
mits vehicles to be self-aware so that vehicles are able
to monitor speed and cooperate with each other. In [22],
Cheng et al. proposed a new automatic incident detection
method for urban expressways based on geometric conditions
and detector locations. However, these two articles only focus
on traffic detection rather the congestion prediction in this
paper.

In [23], Ji et al. utilized Kalman filter with the Global
Positioning System (GPS) location reported by drivers to
forecast travel time dynamically. The results showed that the
prediction accuracy of improved model is superior to the
original method with Kalman filter. In [24], Feng et al. also
utilized Kalman filter but to predict vehicle’s future location.
Results showed that the proposed method is superior to a
prediction method based on neural network. However, both
two methods did not consider weather data and real-time
traffic events. In addition, the authors investigated travel time
prediction and vehicle’s location prediction rather than traffic
congestion prediction in this paper. Moreover, the researchers
in [23] did not consider highway.

In [25], Wang used Grey prediction to detect traffic inci-
dents. The researcher used actual examples to compare the
difference between prediction and reality. Results showed
that the proposed method achieves acceptable false-alarm rate
to determine whether incident happened. However, the paper
is different to our work that traffic incidents are collected
from PBST to forecast traffic jams in next time period.
In [26], Kuo applied the Kalman filter to Support Vector
Machine for achieving travel time prediction. The air pollu-
tion index was considered in the prediction model to fit in
with real traffic status. However, the author did not consider
traffic incidents and real-time weather data. In [27], Li et al.
proposed a bipolar traffic density awareness routing protocol
for vehicle ad hoc networks. The average inter-vehicle space
of vehicle networks was predicted, but both traffic events and
weather data were unmentioned. In addition, the category
and scale of collected data in these three papers is less and
much smaller than our work. Moreover, they did not collect
real-time traffic and weather data which is achieved in our
work. Most of existing literatures used a batch of traffic data
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to predict car speed, however it cannot achieve instantaneous
traffic prediction.

Some researchers have utilized Apache Storm to process
streaming data. In [28], Wang et al. used Apache Storm
their main processing system. The simulation-based result
showed that the system can be applied to practical situa-
tion. In [29], Chardonnens et al. utilized Storm to realize
real-time integration and detection on Twitter [30] message
keyword statistics and Bitly [31] short Uniform Resource
Locator (URL) location statistics. In [32], Bifet and Morales
proposed an open source platform called Scalable Advanced
Massive Online Analysis (SAMOA). The proposed SAMOA
integrates Storm for mining big data streams. In this paper,
we utilize the Apache Storm platform to collect traffic data,
weather data and social media data instantaneously, and then
predict the car speed of freeways in real-time.

Ill. SYSTEM DESIGN

Based on the concept of big data, the paper proposes a
mechanism that uses Apache Storm system to collect and
analyze freeway traffic information, weather information and
social network information. The proposed SRHTCP model
utilizes SVM to forecast the speed of next road section, and
instantaneously evaluates freeway condition by using fuzzy
theory.

A. SYSTEM ARCHITECTURE AND WORKFLOW

The system architecture of this work is captured in Fig. 2.
The proposed cluster architecture is based on the open source
distributed real-time computation system Apache Storm(or
simply Storm throughout this paper). With the master node,
it contains Nimbus and user interface, Zookeeper for data
exchange. The slave node is composed of supervisor and
worker. The proposed congestion prediction method for
real-time freeway traffic is implemented in the Storm topol-
ogy framework. It is composed of six components, i.e., data
spout, traffic data bolt, weather data bolt, social media data
bolt, data mapping bolt and congestion prediction bolt. The
traffic data bolt calculates vehicle density on roads then sends

Big Data Based Congestion Prediction for real-time Highway Traffic

P
Data transmission

STORM Topology
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FIGURE 2. System architecture.
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the calculation results to the traffic data mapping module. The
weather data bolt gathers rainfall statistics then examines and
sends to weather data mapping module. The social media data
bolt collects four types of road events then sends to database.

The computing cluster of Storm is composed of master
node, slave node and Zookeeper. The master node is regarded
as the brain of Apache Storm that executes the Storm Nimbus
procedure. It submits and distributes all tasks by the Nimbus,
and provides administrator with user interface to manage
Storm system. The slave node executes Strom Supervisor pro-
cedure that distributes tasks at any time. The worker module
is launched once the slave node receives task. The Zookeeper
plays the communicator role in Storm cluster and records the
system status.

STORM
Cluster
Connecting

o Supervisor in slave
e | Worker in slave node B
e e node create worker
R node

—

Collect weather file

STORM
Spout

Collect traffic file

STORM
Bolt

FIGURE 3. System workflow.

The system workflow is shown as Fig. 3. The constructed
Storm cluster is responsible for job execution by creating
master and slave node. In slave node, worker nodes are
created to run Storm topology. After that, the Storm spout
collects traffic, weather and social network data from the
TANFB, CWBT and PBST. In the Storm bolt layer, Fuzzy
theory is utilized to analyze real-time traffic congestion level,
and SVM is utilized to forecast car speed of lane in next time
period.

B. DATA SPOUT AND BOLTS

The Apache Hadoop applies batch method to separately pro-
cess enormous data, however it cannot immediately process
data. As a result, Apache Storm was proposed to deal with
real-time streaming data through the spout and bolt. The
designed data spout and bolts are explained as follows.

1) DATA SPOUT

The data spout for data collection is composed of traffic
data receive module, weather data receive module and social
media data receive module. The traffic data receive module
is responsible to retrieve data from Taiwan Area National
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Freeway Bureau to Storm system. Firstly, the module calls the
open() function in spout to set the traffic data path for loading
the XML file about traffic status. Then, the nextTuple() func-
tion reads data from the XML file one by one. A piece of data
includes device ID, lane number, vehicle speed in lane and the
number of vehicles with different types. Note that four types
of vehicles are used in the paper, i.e., motorcycle, compact,
van and trailer.

The weather data receive module collects weather data
from CWBT to Storm system. The module calls the open()
function in spout to retrieve the weather of a location from
the XML file about weather information, then reads data by
using nextTuple() function from the XML file one by one.
Note that the module retrieves the rainfall value of selected
location in every ten minutes.

The social media data receive module collects media data
from social networks for reporting traffic conditions. The
retrieve method is same with the other two modules but from
the JSON file. The collected media data includes the informa-
tion of event such as location, freeway number, direction and
type. For instance, a piece of data reported from social media
data is recorded as freeway number 1, 235 km at southbound,
and car accident.

2) TRAFFIC DATA BOLT

The traffic data bolt for data processing contains vehicle den-
sity calculation module and vehicle speed calculation mod-
ule. The vehicle density calculation module receives tuple
data from the data spout by using execute() function. The
traffic volume is formulated as

q = ku, ey

where ¢ is traffic volume as well as the number of vehicles
per hour, & is road density that represents the average number
of vehicles in one kilometer, and u is car speed in kilometer
per hour. The obtained road density is attached behind the
tuple data of traffic data receive module and sent to traffic
data mapping module with new tuple format.

The traffic data mapping module receives the tuple data
from vehicle density calculation module. It loops up the
value in density field from the tuple data, and retrieves the
corresponding latitude and longitude then adds to the tuple
data. The updated tuple data is sent to data mining bolt by
using the emit() function.

3) WEATHER DATA BOLT
The weather data bolt contains rainfall statistics module and
weather data mapping module. The rainfall statistics module
receives weather tuple data from data spout by using execute()
function. It examines the correctness of the weather tuple
data. If the rainfall value is less than zero, the weather station
observes none of rain so that the negative value should be
revised to zero. The updated rainfall value in weather tuple
data is sent to weather data mapping module.

The weather data mapping module receives weather tuple
data from the rainfall statistics module and retrieves latitude
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and longitude value. Then it searches vehicle detectors with
1 km distance from the weather station, and adds vehicle
detector ID to the weather tuple data. The updated weather
tuple data is transmitted to the data mapping bolt by using
the emit() function.

4) OTHER BOLTS

In this subsection three bolts are introduced, i.e., social media
data bolt, data mapping bolt and congestion prediction bolt.
In social media data bolt, the event statistics module uses exe-
cute() function to receive tuple data from data spout for data
selection. The tuple data includes four types of road events,
i.e., traffic congestion, traffic barrier, road construction and
other events. The event statistics module uses emit() function
to transfer road type reports to database.

In data mapping bolt, the tuple join module receives vehicle
tuple and weather tuple data from the traffic data bolt and
weather data bolt respectively. It integrates vehicle detector
tuple and weather tuple with the same vehicle detector IDs.
The integrated tuple data records vehicle detector’s status,
lane ID, average speed of lane in kilometer per hour, vehicle
type, and the volume of lane. There are three different statuses
of a vehicle detector, i.e., functional, time-out and malfunc-
tion. The lane volume represents the number of vehicles in a
lane in one minute.

The fuzzy module and SVM module are in congestion
prediction bolt. The fuzzy module converts input data into
different membership functions of fuzzy set. The fuzzy infer-
ence is executed and completed based on fuzzy database.
The output data is the membership between traffic congestion
level and other parameters. Last, the fuzzy module quantifies
output results through defuzzification and acquires the real-
time traffic congestion level. On the other hand, the SVM
module predicts the speed of next time period based on the
received tuple data from tuple join module. The historical
data includes real-time speed, the speed of 5 and 10 minutes
before.

C. DATA PROCESSING AND PARAMETER SELECTION

With the vehicle data, Taiwan Area National Freeway Bureau
provides data from vehicle detectors every 5 minutes. The
used parameters and the flowchart of vehicle data processing
are listed in Table 1 and captured in Fig. 4. In the beginning,
system tries to access data in Taiwan Area National Freeway
Bureau. If the system cannot retrieve data in time, it will
wait for a time period to access in next time period. After
obtaining the vehicle information by using XML parser to
read the data, the XML parser segments data into several data
sets based on vehicle detector. The parameter VD_status,
represents the status of vehicle detector x. If VD_status, = 1,
the connection between vehicle detector x and Taiwan Area
National Freeway Bureau is disconnected. If VD_status, =
2, the vehicle detector is malfunction. The output data
are negative in both statuses. In order not to affect the
fuzzy and SVM modules, the parameters Speed, ;,,, and
Density, j,,. of this vehicle detector are set to 1. If the
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TABLE 1. Parameter of vehicle data.

Parameter Description

X Total number of vehicle detector
VD_URL Traffic file’s URL

ID, Vehicle detector ID

VD _status, The status of vehicle detector x

lane Total number of lanes

Speed, 1ane Average speed for each lanes and 1D,

Volume, j4ne
Density, iane
Data_time

Car volume of each lane for ID,
Density of each lane for ID,
Data collected time

Device connect
ERROR

-1

Device Stop
B Running

Get each VD data
with D by teg name
<Info>

Read traffic file

affent time

check time > time
threshold
w

Calculate densit e
using Volme, e
ISpeedsune

I

Set Specd;ne= 1

Input o Fuzzy and
SVM

FIGURE 4. Flowchart of vehicle data processing.

parameter VD_status, = 0, the vehicle detector is functional
so that the obtained Density, ;,,, and Speed, ;,,, are sent to
fuzzy module and SVM module respectively. The parameter
Density, 1., 1s calculated as

Volume, Jlane,car_all

) (@)

DenSityx lane =
’ Speedx lane

where volumey jane.car_an 15 the obtained car volume of a line
from vehicle detector x.

With the weather data, the Central Weather Bureau in
Taiwan provides information from rainfall detector every ten
minutes. The used parameters and the flowchart of weather
data processing are listed in Table 2 and captured in Fig. 5.
First, the system tries to access data from Central Weather
Bureau, and waits for next time period if it fails to access the
data. After obtaining the weather data by using XML parser,
the XML parser segments data into several data sets based on
rainfall detector. If the parameter Value_10, < 0, the connec-
tion between rainfall detector x and Central Weather Bureau
is incorrect. To avoid influencing fuzzy module, the rainfall

TABLE 2. Parameter of weather data.

Parameter Description

ST_URL Weather file’s URL.

X Total number of rainfall detector

ID, Rainfall detector’s ID

ST _lat, Latitude of rainfall detector x

ST _lon, Longitude of rainfall detector x

Value_10, Rainfall value in 10 minute at rainfall detector x
Data_time Data collected time
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Get each weather data|
of ID, by tag name
<location>

Read weather file

Input to Fuzzy
Logic Control
ufrent time —tasi
Mapping to road with

check time > time ves o
lhres <ST lon, ST lat>

FIGURE 5. Flowchart of weather data processing.

Set Value_10,=0

" ‘

data Value_10y is set to zero. Then the system sends corre-
sponding rainfall information to adjacent vehicle detectors
range from the rainfall detector in 1 km.

The social media data is retrieved from the Police Broad-
casting Service in Taiwan every ten minutes. The used param-
eters and the flowchart of social media data processing are
listed in Table 3 and captured in Fig. 6. At the beginning,
the system tries to access social data and will retry to access
data in next time period if it fails to obtain the social media
data of current time period. The parameter Event_type, is
utilized to check the type of traffic event x, such as traffic
barrier, car accident, block, road construction. If the traf-
fic event belongs to traffic congestion and traffic barrier,
the reported event is mapped to the vehicle detectors. There-
fore the reported event can be looked up to those vehicle
detectors in the range of this event. Based on the compar-
ison result, the system examines lane status and analyzes
several reported information, e.g., average speed, the number
of report events from different sections, and the location of
report events.

TABLE 3. Parameter of social media data.

Parameter Description
EV_URL Social media file’s URL
X Total number of social media event

Event_type,
Event_location,
Event_des,
Event_date,
Event_time,
Event_source,

Type of report traffic event x
Location of reported traffic event x
Description of reported traffic event x
Date of reported traffic event x

Time of reported traffic event x
Source of reported traffic event x

G

Parse social media file

from EV_URL
affent time — ta
check time > time

‘hms

FIGURE 6. Flowchart of social media data processing.

Read social media filk Get Event_type,

|

Get Event_location,

Mapping to road with
Event_location,

D. CALCULATION OF CONGESTION LEVEL BY FUZZY
Vehicle data and weather data are sent to fuzzy module for
road status analysis. The three stages of fuzzy theory are
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TABLE 4. Parameter of fuzzy theory.

Parameter Description

Car speed as the input of fuzzy logic control

Car density as the input of fuzzy logic control
Rainfall volume as the input of fuzzy logic control
Difference between historical and real-time car
volume as the input of fuzzy logic control

The lower limit of membership fuction P;, P,

The middle limit of membership fuction P, P,
The higher limit of membership fuction P;, P,
The lower limit of membership fuction P,, P,

The higher limit of membership fuction P,, P,

I

o

RO TR

fuzzification, fuzzy inference and defuzzification. The used
parameters in the proposed fuzzy module are listed in Table 4.
In fuzzification stage, the membership function includes car
speed, road density, rainfall and car volume. The fuzzy sub-
sets of car speed with respect to low, normal and high are

formulated as

1, if0<Ps<a
Ps_b .
Jiow (Ps) = b_a+1, ifa<Ps<b ()
0, if Py >b,
P,—b
: +1, ifa<Ps<b
b—a
fnormal (Ps) = ah_PS+1, l'bePS<C (4)
—c
0, otherwise,
0, if Py <b
Py —c .
Jhigh (Ps) = c—b+1’ ifb<Ps<c 5)
I, if b <P;.

The fuzzy subsets of road density with respect to low, normal
and high are formulated as

1, if0<P;<a
P;—b .
Jiow (Pa) = m+1, ifa<P;<b (6)
0, if Pqg > D,
a— Py .
+1, ifa<Py;<b
2%
fnormal (Pd) = bd — +1, ifb < Pd <c (7)
—a
0, otherwise,
0, ifPg <b
P; —c
Shigh (Pa) = cd—b+1’ ifb<Pg<c (8
L, ifb < Py.

The fuzzy subsets of rainfall volume with respect to low and

high are formulated as

1, if0<P.<d
P, —e
flow(Pr): er—d+1’ idePr<e )
0, if Pr>e,
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Membership Function

d .
Rainfall (mm/10min)

(@) (b)

S

—loW

Y

——high

Membership Function
s o o o
=

o

°

e
Volume (cars/Smin)

(d) (e)

FIGURE 7. The membership function of proposed model. (a) Speed. (b) Density. (c) Rainfall. (d) Volume. (e) Congestion level.

0, if Pr <d
P, —e .

Jhigh (Pr) = py— +1, ifd<P.<e (10
1, if e <P,.

The fuzzy subsets of car volume between historical and
real-time with respect to low and high are formulated as

1, ifo<pP,<d
P,—e

Siow (Py) = e”_d+1, ifd<P,<e (11
0, ivaze,
0, if P, <d
P,—e

Juigh (Py) = ev_d+1, ifd<P,<e (12)
1, if e<P,.

The obtained membership functions of car speed, road
density, rainfall and car volume are shown as Fig. 7. In fuzzy
inference stage, the fuzzy inference is conducted based on the
fuzzy rules in fuzzy database. The fuzzy rule is defined as

RO if xis A thenyis B, (13)

where R?) is the [-th rule, x and y are the input and output
of fuzzy module. The parameters Af and B! are fuzzy sets.
The proposed fuzzy inference is based on minimum inference
mechanism, which is defined as

B () = maxizizo [Af (1) - Abx2) - B 0)]:

In the last stage, the proposed defuzzification is based on the
center of area method and defined as

Sy yB(y)dy

[y Body
According the three stages, the congestion level of a road
section can be quantified to 0 to 100.

(14)

(15)

E. PREDICTION OF ROAD SPEED BY SVM
The data format should be defined thus the car speed data
can be applied to SRHTCP’s prediction process. The data
format of SRHTCP is listed as Table 5. The label stands for
the category of car speed per hour. First, the label is used
to classify car speed. The index represents the dimension of
SRHTCP’s training set as well as the data’s feature value. The
value stands for the realistic value of the dimension.

In the work, the car speeds in previous three time periods
are used to be the dimension of training data in SRHTCP. The
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TABLE 5. Data format of SRHTCP.

[Label] [Index1]:[Valuel] [Index2]:[Value2]  [Index3]:[Value3]
[Label] [Index1]:[Valuel] [Index2]:[Value2]  [Index3]:[Value3]
[Label] [Index1]:[Valuel] [Index2]:[Value2]  [Index3]:[Value3]

parameter S; represents the car speed in time ¢, and S;_1, Sr—2
and S;_3 are the car speed of time t — 1, ¢ — 2 and ¢t — 3
respectively. The S;_1, S;—» and S;_3 are used to conduct
the car speed per hour of S;. Therefore the travel time of
S; can be calculated by three previous time periods S;_1,
S;—> and S;_3. The flowchart of data processing is captured
in Fig. 8.

First of all, parsing input variable initializes the value
of feature_amountg. It means that how many features are
needed to describe each label in the calculation of SRHTCP.
In addition, the number of support vector # is initialized to
zero. Then, features are retrieved from each data file so that
SRHTCP examines where the number of feature is larger than
the feature_amount ¢ author defined or not. If the number of
features is less than the defined feature_amountg, it means
the number of features is insufficient so that the label’s fea-
ture number should be increased continuously. When fea-
ture number exceeds the feature_amount,, SRHTCP starts
to retrieve next feature until there is no more support
vectors.

After retrieving features, the proposed system classifies
training data into several groups based on the parameters
user defined. The system utilizes one arbitrary parameter to
train and predict the accuracy of this training data. Then it
uses another parameter to execute data training and others
are used to predict accuracy. After the training process, one
of the parameters is selected to be the optimal solution and
utilized in support vectors for data training. After training
process, the trained model predicts data sets and obtains final
result.

IV. EXPERIMENTAL RESULT AND ANALYSIS

In this section, congestion prediction with big data for free-
way traffic is implemented. Based on the concept of big data,
Apache Storm is used to implement platform that collects
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Parsing input variable
Initial
feture_amount,

Prepare Training
Matrix let x=0, /=0

h=ht1

put feture amount,
into SVMVector,,,

I

x=x+1

FIGURE 8. The flowchart of data processing.

TABLE 6. Specification of XenServer.

Hardware/Software Specification

CPU AMD Opteron(tm) Processor 6172
Memory 16382 Mb

Network interface card Intel® 82576 Gigabit Ethernet Controller
Network interface 1000 Base TX

Operating system Xen server 6.2

traffic, weather and social data. The congestion level of
freeway is analyzed by the proposed fuzzy model and the
car speed of next time period is predicted by the proposed
SRHTCP model.

A. EXPERIMENT SET UP AND PARAMETERS

The experiments in this paper are implemented by the VMs in
XenServer. The hardware and software of used environment
in XenServer are captured in Table 7. In the constructed
Apache Storm platform, there is a master node, a ZooKeeper
node and a slave node. Some of used hardware and software
resources in the master node, ZooKeeper node and slave
node are the same with used specification in XenServer, i.e.,
CPU, network interface card and network interface. In master,
ZooKeeper and slave node, the used memory is 4096 Mb.
In master node, the operating system (OS) version is Ubuntu
14.04.2 LTS and the OS kernel is 3.13.0-55-generic. The
operating system of ZooKeeper node is XenServer 6.2. Both
master node and slave node are equipped with Apache Storm
in version 0.9.0.1.
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B. MEASUREMENT OF PREDICTION ACCURACY
In the paper, the prediction accuracy is measured by the
Mean Absolute Relative Error (MARE) and Mean Square
Error (MSE) methods. The MARE is calculated by
1 b
MAm&:_E:EL_ﬂ,

n a;
i=1 !

(16)

where g; is the prediction result and b; is the observation data.
The MSE is calculated by

1 n
MSE = - Y (q; — b))?, (17)
&
where a; and b; is the value of prediction and observation data
respectively.

The MARE and MSE are familiar methods to evaluate the
difference between prediction and reality [33]. The MARE is
a percentage and the MSE is a value. The MARE percentage
represents the difference between prediction result and obser-
vation data. A lower MARE percentage stands for the higher
prediction accuracy, and vice versa. However, the MARE
is hard to explore the difference between prediction and
observation when the error difference is small. The MSE is
more useful to enlarge error difference so that the prediction
error will be more obvious. In other words, the prediction
accuracy and inaccuracy are easier to be explored. A lower
MSE implies that the higher prediction accuracy, and vice
versa. Both methods are used to evaluate prediction accuracy
in the paper.

C. EXPERIMENT 1: REAL-TIME TRAFFIC ANALYSIS BASED
ON TRAFFIC REPORTS FROM DRIVERS

In this experiment, the real-time traffic reports from Police
Broadcasting Service in Taiwan are collected and matched
with the information retrieved by those vehicle detectors
where in the same region. As a result, the matched informa-
tion is more valuable than the information from vehicle detec-
tors without matching with traffic reports. The information
reported by drivers or passengers can reflect the congestion
level at that time. We investigate the number of traffic reports
under different car speed, which is captured in Fig. 9. It can
be observed that drivers report traffic jam more times when
the car speed equals to 50 to 60 and 90 to 100. It implies that
drivers not only report traffic jam when congestion happened,
sometimes drivers but also report traffic jam when there is a
slight congestion.

In addition, we also investigate the car speed of different
counties and cities in Taiwan, which is captured in Fig. 10.
The first four counties and cities are in north Taiwan, the last
three counties are in south Taiwan, and others are in the
middle of Taiwan. It can be observed that there are more
traffic report times in north Taiwan and fewer reports in
middle and south Taiwan. This result is mainly attributed to
the fact that drivers in north Taiwan are used to listen the
Police Broadcasting Service radio. Thus there are more traffic
reports in north than other counties and cities in Taiwan.
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FIGURE 9. Number of reports under different car speed.
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FIGURE 10. Number of reports in different counties and cities.

D. EXPERIMENT 2: REAL-TIME TRAFFIC ANALYSIS
OF A NON-RAINY DAY
In this experiment, real-time traffic in non-rainy day is
analyzed to examine whether weather influences traffic or
not. The traffic jam level of a non-rainy day is captured
in Fig. 11. The observation site is located in Hsinchu inter-
change, and the date is May 1, 2015. It can be observed that
from 9 am to 2 pm, the higher vehicle volume and lower
car speed leads to the higher traffic jam level. This result is
mainly attributed to the fact that Hsinchu is an industrial area
and from 9 am to 11 am is the commute time. In addition,
from 11 am to 2 pm is the lunchtime, Hsinchu industrial area
is lack of good restaurant so that engineers are used to drive
their cars for lunch.

InFig. 12, the traffic jam level of different lanes is captured.
It can be observed that the traffic jam level from 9 am to
2 pm is higher than other time periods. The commute time
and lunchtime result in the higher congestion level. On the
other hand, it can be observed that the congestion level of
inner lane and middle lane is steadier than that of outside
lane. This is attributed to the fact that cars in outside lane have
higher probability of leaving freeway and blocked by traffic
lights.
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FIGURE 11. Traffic jam level in a non-rainy day.

FIGURE 12. Traffic jam level of different lanes.

E. EXPERIMENT 3: REAL-TIME TRAFFIC ANALYSIS

OF A RAINY DAY

In this experiment, real-time traffic of a rainy day is analyzed.
In Fig. 13, the traffic data is captured by the vehicle detectors
from Taipei to Sanchong interchange, and the observation
data is June 14, 2015. It can be observed that the rain reaches
about 3 mm every ten minutes at 3:30 pm and slightly
decreases to 1.5 mm every ten minutes at 4 pm and 5 pm.
In general, rainy days affect driver’s sight and vision so that
drivers drive slowly. The car speed is obviously lower at 3 pm
than other time periods due to the heavy rain. In addition,
it can be observed that the vehicle volume at 3 pm is lower
than other time periods around 80 cars every five minutes but
the car speed is still low. This result is mainly attributed to the
fact that heavy rain leads to slower driving.

In Fig. 14, we also investigate the traffic jam level of the
same rainy day. The traffic jam level in Fig. 13 is evalu-
ated and obtained by the proposed fuzzy model. It can be
observed that the traffic jam level at 3 pm is higher than time,
the same phenomenon happened at 4:30 pm. Both results
mainly attributed to the fact that heavy rain results in drivers
drive slowly, thus the slower car speed leads to higher traffic
jam level. The fuzzy inference of proposed model is validated
by the results.
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FIGURE 13. Traffic analysis of a rainy day.

FIGURE 14. Traffic jam level of a rainy day.

F. EXPERIMENT 4: CAR SPEED PREDICTION
BY SRHTCP AND EWMA
In this experiment, real-time car speed is predicted by the
proposed SRHTCP method and the Exponentially Weighted
Moving Average (EWMA) method. The real-time car speed
of current, five minute and ten minute are used to be the train-
ing data. We propose SRHTCP model to explore the feature
values of different car speed so that the car speed in next
time period can be predicted accurately. The training data
collected from May 1, 2015 to June 9, 2015. The prediction
result records from June 10 to 16, 2015. The prediction results
of SRHTCP and EWMA are captured in Table 8. Note that
the lower MARE and MSE stand for the higher prediction
accuracy. It can be observed that the proposed SRHTCP
forecasts the car speed in next week accurately, which the
MARE and MSE is less than 4.27% and 88.89 respectively.
On the other hand, the SRHTCP method is compared
with the Exponentially Weighted Moving Average (EWMA)
method. The EWMA method is also used to forecast the car

speed of next time period, which is calculated by
EWMA, = a x price + (1 — a) * EWMA,_1, (18)

where EWMA,, is the prediction result of next time period, a
is a weighted value and price is current value, and EWMA,,_
is the prediction result of previous time period. Note that we
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TABLE 7. Prediction result of SRHTCP and EWMA.

Date SRHTCP EWMA SRHTCP EWMA
MARE MARE MSE MSE
June 10 2.96 % 439 % 29.99 39.01
June 11 4.14 % 424 % 38.10 37.80
June 12 4.15% 422 % 41.03 37.25
June 13 232 % 3.32% 19.07 27.30
June 14 4.27 % 4.18% 88.89 93.25
June 15 3.87 % 6.96 % 55.59 106.44
June 16 1.46 % 3.83 % 12.06 31.56
Average 331 % 4.45 % 40.68 53.20
TABLE 8. Prediction result of case 1 and case 2.

Date Case | MARE Case 2 MARE

June 10 3.85% 3.02%

June 11 5.14% 5.18%

June 12 4.15% 4.66%

June 13 3.44% 2.95%

June 14 4.50% 5.52%

June 15 7.31% 6.00%

June 16 3.78% 0.39%

Average 4.60% 3.93%

set the weight a equals to 0.125, which is a common value in
computer networks. The used training data in EWMA method
is the same with the training data in SRHTCP method. It can
be observed that the prediction accuracy of EWMA method is
worse than that of the proposed SRHTCP, no matter in what
kind of estimation criteria, i.e., MARE and MSE. Thereby we
can say that the proposed SRHTCP method is superior to the
EWMA method in terms of prediction accuracy.

G. EXPERIMENT 5: CAR SPEED PREDICTION BY USING
THE TRAINING DATA IN DIFFERENT TIME PERIODS

In this experiment, we use the proposed SRHTCP model to
predict the car speed of 30 minutes later. Two sets of training
data are used and named as case 1 and case 2. In case 1,
the SRHTCP model is trained by the data in current, previous
5 and 10 minutes. In case 2, training data is obtained from the
data in current, previous 10, 20 and 30 minutes. The SRHTCP
retrieves feature values from these two training data sets and
forecasts the car speed of 30 minutes later. The training data
of this experiment starts from May 1 to June 9, 2015. The
prediction results of SRHTCP in case 1 and case 2 are cap-
tured in Table 9. It can be observed that the SRHTCP model
yields the higher prediction accuracy in case 2 than case 1.
The average MARE value of SRHTCP in case 1 and case 2 is
4.6% and 3.93% respectively. The proposed SRHTCP model
improves 14.57% prediction accuracy in case 2 compared
with case 1. This result is mainly attributed to the fact that
the SRHTCP can find feature value more accurately in case 2
because there are more training data.

V. CONCLUSIONS

Unlike existing literatures used batch method to predict car
traffic, we utilize Apache Storm platform to achieve real-time
traffic prediction. The constructed platform integrates
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different kinds of open data, i.e., traffic data from Taiwan
Area National Freeway Bureau, weather data from Central
Weather Bureau, and social media data from Police Broad-
casting Service. By analyzing the great quantity of traffic
data, we found that there are two sorts of traffic pattern in
Taiwan, i.e., weekdays from Monday to Thursday and week-
end from Friday to Sunday. We analyzed social media data
and found that drivers in inner line inform traffic jam report
when car speed is lower than 60 km per hour. In addition,
drivers in south Taiwan inform traffic jam when car speed is
lower than 90 km per hour. It implies that drivers in south
Taiwan have less tolerance of car speed. In experiments,
we not only utilized fuzzy theory to analyze real-time traffic
and congestion level but also proposed SRHTCP model to
forecast the car speed of next time period. It has been shown
that the SRHTCP model is superior to the EWMA method
in terms of prediction accuracy no matter in MARE or MSE
analysis. In the future, we will try to verify the used open data
sets with t-test method.
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