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Analysis of Driving Patterns in Car Using
Sequential Clustering
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ABSTRACT

Recognizing car foll owing behavior of the driver isessential when the mode of transportation isby car asdrivingis
adaily routinefor peopleevery timedrivershit the road they face many threatsand it isessential to provide asafety
and efficient driving.It isproposed to concentration on traffic saf ety and efficiency which isvery important for the
driver to drive the car in safe and comfortable manner. Driver behavior is vital to model vehicle dynamicsin a
traffic simulation environment. Driver behavior depends on many circumstances that are not feasibletocollect in
driver behavior studies.A new sequential clustering algorithm is devel oped to find out the driving behaviors and
incorporate the comfort interface of the driver which will help to examine driving pattern aso. The clustering is
based on different datadictionariessuch as speed, trip identifier, time, heading, gas pedal position, light intensity;
break on off, turn signal state, acceleration etc. that will help toimprove the efficiency of car-following behavior as
well as driving pattern. Enhance corporate social responsibilities and duty of cares.

Index Terms: Clustering methods, datamining, I TS (Intelligent Transportation System)

. INTRODUCTION

A driver’s behavior is the way adriver reactsto his’her current systems (e.g. speed, distance, accelerate or
steer). His’lher behavior can, therefore, be formally defined as the function that maps traffic states to a
driver’s actions. Typically, driver behavior studies collect data that encompass both states and actions and
attempts to develop a more accurate mapping between them. These efforts do not usually include many
influencing factors of human behavior, such as emotion, personality, hunger, age, gender [18].

The driver’s internal factors are Essential in impacting traffic safety in addition to vehicle road
environment. The driver’s internal factors include the driver psychological characteristics. The differences
of driver’s age, gender, driving experience and individuality result in different psychological characteristics
and the different psychological characteristics are reflected as driving tendencies. The system of driving
inclination recognition plays an important role in improving the applicability and accuracy of vehicle active
safety systems (collison avoidance as warning system) drivers choose their own desired level of task
difficulty [16]. The proposed system is structured such that a known state can be linked to multiple actions
thus accounting for the effects of developing a new driving state. A sequential clustering algorithm is
developed and used for the clustering of driving behaviors. It is proposed to use sequential clustering
algorithm which will segment and cluster a car following behaviors based on different variables such as
speed, trip identifier, time, heading, gas pedal position, light intensity; break on off, turn signal state etc.
Driver behavior iswhat the driver chooses to do with these attributes. The objective of this systemisto find
a perspective set of driving state. Driving is a complicated task. It requires people to see and hear clearly,
pay close attention to other cars, traffic signs, signals and react quickly to events. Better driving style and
encourage self-management, active driver feedback promotes safety by presenting live feedback and drivers
behavior.
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II. CAR-FOLLOWING BEHAVIOR

In recent years, modeling and recognizing driver behavior have become crucial to understanding intelligent
transport system, human vehicle systems, and intelligent vehicle system (ITS) [5].Intelligent transportation
systems (ITS) are advanced applications which, without embodying intelligence as such, aim to provide
innovative services relating to different modes of transport and traffic management and enable various
users to be better informed and make safer, more coordinated, and ‘smarter’ use of transport networks.
Intelligent transport systems vary in technologies applied, from basic management systems such as car
navigation, traffic signal control systems, container management systems, variable message signs, automatic
number plate recognition or speed camerasto monitor applications, such as security CCTV systems, and to
more advanced applications that integrate live data and feedback from a number of other sources,
such as parking guidance and information systems; weather information, bridge de-icing (US deicing)
systems.

Inthefield of transportation and engineering many research and field experimentsto study car-following
behavior have been conducted on test tracks and roadways, and then modeled to represent driver’s behavior
[17]. A car the following model was first proposed by Reachel (1950) and Pipes (1953) and was greatly
extended by Herman (1959~1967) and has been continuously refined up to present with various approaches
to describing relationships between the leader and the following vehicles. Most of the researches into
clustering have occurred outside of the field transportation engineering. Largely, there have been two kinds
of data collection methods for car-following experiments, using either video recording (or aeria film) to
capture many anonymous vehicles, or wire-linked test vehicleson atest track or aroadway [19]. Inthefirst
case, it should note that thistype of data collectionis very difficult and tediouswork. One advantage isthat
real drivers are being observed; who are unaware that the experiment is taking place, thus, their behavior is
as “natural” as can be expected.

(A) Data Collection M ethod

Car-Following studies typically collect vehicle tragjectory data through various factors, including
naturalistic, simulator and video data collection methods. It also considers the different lane, weather
factor, road construction, types of vehicle and traffic flow to analyze it. Data collection mainly observed
the drivers physical actions as well as steering movement. The following table gives the description
about the different data type and their advantages and flaws including driver’s reaction into a different
environment. It captures and analyze. The 100 car naturalistic driving study was an instrumented vehicle
study conducted in the Northern Virginia/Washington, D.C. area over a two year period. The primary
purpose of the study was to collect large scale naturalistic driving data to this end the instrumentation
was designed to be discreet, study participants were given no special instructions, and experimenters
were not present. Approximately 100 vehicles wereinstrumented with a suite of sensorsincluding forward
and rearward radar, lateral and longitudinal accelerometers, gyro, GPS, access to the vehicle CAN, and
five channels of compressed digital video. Collection rates for the various sensors ranged from 1Hz to
10Hz. This collection effort resulted in approximately 2,000,000 vehicles miles and 43,000 hours of
driving data

Tablel
Data Type Description Srengths Weaknesses
Naturaligtic Aninstrumental vehicleis -Thedriver isin thenatural Driversknow they are
driven in normal driving environment. being observed.
routines -Multipletrajectoriesare

observed for each driver.
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(B) Data Clustering

Cluster analysis is a method of unsupervised learning and a statistical methodology used to categories
individual objects into groups with similar meanings (homogeneous) there are several clustering techniques
are available within each group, but for the application car-following behavior, the time-series clustering is
more suitable. Time series clustering is to partition time series data into groups based on similarity or
distance, so that time series in the same cluster are similar. For time series clustering with R, the first step
isto work out an appropriate distance/similarity metric, and then, at the second step, use existing clustering
techniques, such as k-means, hierarchical clustering, and density-based clustering or subspace clustering,
to find clustering structures. Clustering the segments shows how certain behaviors repeat throughout the
data within and between drivers.

[I1. IMPLEMENTATION

Sequentia clustering technique is used to capture the full range of state—action clusters for car drivers.
First, observed the naturalistic database, followed by extract car-following periods from the huge amount
of data. Next, the datais divided into different states to finding a cluster. A car-following period is defined
as a period during which one vehicle is reacting to a leading vehicle in the same direction of the car. The
behavior is the link between the data set and the action variables that the driver expresses (acceleration,
deceleration, lane change, turning). The segmentation process divides each car-following period into multiple
segments, and each segment will be defined as a new data set. The sequential clustering process group’s
similar segments into a single cluster for the new dataset will generate. Thus, a cluster gives the grouping
of a certain behavior. Fig 1 shows coordinate system. To compare the different patterns associated with
multiple drivers and observing similarities and differences between different drivers.

(A) Naturalistic Driving Data

Naturalistic driving data refer to the data collected from drivers in their natura environment. This is
taken by different vehicles with specialized sensors and “vehicle network” recording equipment’s, then
allowing the driversto drive the vehicles asthey feel comfortable. The equipment records alarge number
of variables (e.g., speed, acceleration, and steering wheel positions, lane markings), and of particular
interest to car following, a radar system positioned at the front of the vehicle records the differencesin
the position of the car and the speed between the target and leading vehicles. The equipment also includes
cameras that record what the driver sees from the front as well as from the two side mirrors, the driver’s
face, and what the driver is doing inside the vehicle. The naturalistic data used in this system were
collected by VTTI. These data were collected from 100 cars that were used by multiple drivers. The 100
Car Naturalistic Driving Study was an instrumented vehicle study conducted in the Northern Virginia /
Washington, D.C. areaover atwo-year period. These data describe crashes or near crashesfrom the 100
Car Naturalistic Driving Study (Dingus et al., 2006). The datainclude 68 crashes and 760 near crashes.
Each file contains the time series data spanning 30s before an event and 10s after an event. The datain
the files is stored as comma delimited text, with each column representing a variable, and each row
representing a time sample.

(B) Data Dictionaries

There are different variables used for deriving driver pattern. The variables record will be taken for each
individual driver and analyze it. The Table shows the different variables used this variable will help to take
arecord of driver reacting with those variables.

» List of Dictionary Fields— A description of the components or fields described in the dictionary for
each variable entry.
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» List of Variables— A list of the entries (variables) in the dictionary which can be used as a table of

contents to locate specific variables in the document.

» Conversions, Coordinate System, and Formulas — A catalog of unit conversions, sign conventions
and formulas which may be of value to researchers working with these data.

» DataDictionary Entries — The dictionary entries themselves, one for each variable included in the

data set.

The vehicle speed, the lane offset, yaw angle, the range rate represent state variables. The lateral
acceleration and theyaw rate represent the driver’saction of steering. Thelongitudinal acceleration represents

the driver’s actions of accelerating or breaking.

Tablell

List of Variables in proposed system
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The following variables are included in the text

files.

Name

Trip Identifier

Swvnc

Time

Gas pedal position

Speed, vehicle composite

Speed, GPS horizontal

Yaw rate

Heading, GPS

Lateral acceleration

Longitudinal acceleration

Lane Markings, Continuity, Left Side
Left Line

Lane Markings, Continuity, Left Side
Right Line

Lane Markings, Continuity, Right Side,
Left Line

Lane Markings, Continuity, Right Side,
Right Line

Lane Markings, distance left

Lane Markings, distance right

Lane Markings, tvpe left

Lane Markings, tvpe right

Lane markings, probability left

Lane markings, probability right

Radar. forward. ID

Radar. rearward, ID

Radar, forward, range

Radar, rearward, range

Radar, forward, range rate

Radar, rearward, range rate

Radar. forward azimuth

Radar, rearward azimuth

Light intensity

Brake on off

Tum signal state
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(C) Sequential Clustering

The second part of this methodology clusters the segments, which were found by the segmentation algorithm,
in order to find similar segments or behaviors in the car-following data. Clustering the segments shows
how certain behaviorsrepeat throughout the datawithin and between drivers. Sequential clustering algorithm
performs easy computations and processes pattern samples sequentially without special storage requirements.
Its behavior is biased by the first patterns passed to the algorithms.

(D) Algorithm
Let d(x, C) denote the distance between data vector x and a cluster C. Furthermore, q is the alowed
threshold of dissimilarity. [9]
Let m=1
C. X
Fori=2toN,
Find C:d(x C)=min ____
If (d (x,C,)>-") AND (m<q),
m=m+1
C =x
Else,
C=CUx
Where necessary, update representatives
end
end

d(x,C)
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Figure 3: Flow Chart
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The agorithm begins choosing the first cluster center among all the pattern samples arbitrarily. Then, it
processes the remaining the patterns sequentialy. It computes the distance from the actual pattern to its
nearest cluster center. If it issmaller than or equal to x, the patternis assigned to its nearer cluster. If not, a
new cluster isformed with the actual pattern. Every m patterns, clusters are merged using a distance criterion
(two clusters are combined into one if the distance between their centroids is below C). If there are till
more than k clusters, clusters are lumped together using a size criterion (clusters with less than patterns are
merged with their nearest clusters). If we still have too many clusters, the nearest pairs of clusters are
merged until there are exactly k clusters |eft.

TABLEII
Cluster ¢ m / T (S) | RMSE (m/s)
| 60.07 6.40 7.95 2.95 0.06
2 -42.41 4.00 5.73 3.00 0.69
3 -70.01 -2.39 043 3.00 0.78
4 -41.66 | -5.25 -2.15 0.20 0.16
5 -4.35 2.34 3.11 3.00 1.13
6 -3.54 0.00 1.00 0.11 1.38
7 -58.81 | -6.08 | -1.76 2.87 0.74
8 -8.26 -0.24 1.10 1.68 0.61
9 -10.97 0.00 1.00 0.01 1.21
10 -90.72 | -3.05 1.00 2.94 1.70
12| -27.02 | 10.00 | 9.41 | 291 0.20
13| -0.07 | 052 | -0.14 | 0.00 0.71
14 -22.28 | -0.67 0.83 0.06 0.94
15 -1296 | -1.15 0.34 0.62 0.74
16 -27.86 | -0.65 1.08 0.01 0.79
17 -18.54 | 9.18 -3.97 1.93 0.04
19 -31.99 | -0.43 1.24 0.53 1.07
20 -72.83 2.86 4.16 3.00 0.63
21 35.27 8.03 10.00 3.00 0.26
23 -21.70 | -4.34 | -1.85 2.75 0.13
24 3890 | -2.04 1.53 1.31 0.43
25 -1.77 0.51 1.10 1.40 0.80
26 -49.54 | -1.70 1.00 2.17 0.95
27 23.76 2.04 7.26 2.58 0.01
28 -94.66 | -0.55 1.37 0.08 0.86
29 -72.12 | -1.25 0.94 1.28 0.73
30 -16.03 | 0.06 2.03 1.64 0.79
Sampleoutput

V. CONCLUSION

It is proposed to find a prescriptive set of state-action clusters that can be used to characterized possible
driving patterns of car driver aswell asit will help to improve efficiency and safety of the driver. It will help
to trained drivers.
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