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Abstract

This research effort aims to shed some light upon the behaviors that drivers show during and
immediately before safety critical events. The 100-car Naturalistic Driving Study conducted by the
Virginia Tech Transportation Institute (VTTI) collected very useful data in this regard. By
instrumenting automobiles and alowing them to be used in normal daily routines, the data collected
included normal driving as well as safety critical events. This allows the two to be compared in order to
find any differences. A discriminant analysis was used for this task which resulted in interesting results
when analyzing the data immediately before safety critical events for two drivers. The discriminant
analysisresulted in away to “predict” events as the discriminant scores of the dataimmediately before a
safety critical event show a deviation from normal car following behavior.
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INTRODUCTION

Many efforts have been put forward in order to increase traffic safety [1-4]. The focus of the past has
been on analyzing vehicle crashes through crash testing[5]. The key to improving safety is to
understand the behavior of drivers. The 100-car Naturalistic Driving Data [6] offers a new way to view
and analyze driver behavior. The 100-Car Naturalistic Driving Study data includes data that was
collected during crashes and near crashes. Near crashes are very similar to crashes except that a
successful evasive maneuver or action is taken in order to avoid a collision. Whissell and Bigelow
created seven driving attitude scales to represent driver behavior and beliefs. The scales were analyzed
using discriminant analyses in order to find out that the Speeding Attitude Scale was sufficient in
explaining the cause of speeding tickets[7]. Mayer and Treat conducted a study to find the contributing
factors to high accident drivers. The study used a discriminant analysis to find the the major
contributing factors were that the high accident group scored higher in persona maladjustment, social
mal adjustment[8].

|. METHODOLOGY

For thisresearch, data from the VTTI 100-car Naturalistic Driving Study was used. As opposed to
traditional epidemiological and experimental / empirical approaches, thisin situ process uses drivers
who operate vehicles that have been equipped with specialized sensors along with processing and



recording equipment. In effect, the vehicle becomes the data collection device. The drivers operate and
interact with these vehicles during their normal driving routines while the data collection equipment is
continuously recording numerous items of interest during the entire driving. Naturalistic data collection
methods require a sophisticated network of sensor, processing, and recording systems. This system
provides a diverse collection of both on-road driving and driver (participant, non-driving) data,
including measures such as driver input and performance (e.g., lane position, headway, etc.), four
cameravideo views, and driver activity data. Thisinformation may be supplemented by subjective data,
such as questionnaire data.

Three forms of data were collected by the 100-car Naturalistic Driving Study DAS: video, dynamic
performance, and audio. Approximately 43,000 driving-data hours covering 2,000,000 miles traveled
were collected. One hundred cars were instrumented with the DAS.

Thefollowing isatypical description of how the data collection is performed, along with accompanying
screen shots and information describing how the system works and how data can be used. Four cameras
monitor and record the driver’ s face, forward road view, and |eft- and right-side of the tractor trailer,
which are used to observe the traffic actions of other vehicles around the vehicle. Figure 1 displays the
four cameraviews. Low-level infrared lighting (not visible to the driver) illuminates the vehicle cab so
the driver’ s face and hands could be viewed via the camera during nighttime driving. The sensor data
associated with the project were originaly collected in a proprietary binary file format. A database
schema was devised and the necessary tables were created. The schema preserves the organization of
datainto modules; i.e., al of the variables associated with a particular module are stored in one table in
the database. The import processitself consisted of reading the binary files, writing the data to
intermediate comma separated value (CSV) files and "bulk inserting” the CSV files into the database. A
stored procedure is available that allows one to query the database using the module and variable names
rather than database table and column names.

Driver’s face Forward road

Right Left rearward = \
rearward bot

Figure 1: View of DAS data Collection

The methodology employed in this research effort involves four different steps: the identification and
extraction of car following periods, the identification and extraction of safety critical events,
discriminant analysis of the previously identified data sets, and validation of the results. The steps are
described in detail, but the general ideais to use adiscriminant analysis to find a method of classifying a
car following behavior as safe or safety critical.

Identification and extraction of car following periods

Car-following situations were automatically extracted from the enormous volume of driving datain
the database in order to analyze the car following driver behavior. The filtering processis an iterative
process whereinitial values and conditions are used and after the events are flagged they are reviewed in
the video data to adjust the values accordingly in order to obtain minimum noise. Visual inspection of
the first subsets created revealed some non car-following events, so additional filtering was thus
performed to remove these events from the database.



Specifically, car following periods were extracted automatically according to these conditions:
e Radar Target ID>0

This eliminates the pointsin time without a radar target detected
e Radar Range<=120 meters

This represents four seconds of headway at 70 mph
e -1.9 meters<Range* Sin (Azimuth) <1.9 meters
Thisrestricts the data to only one lane in front of the lead vehicle
e Speed>=20km/h

This speed was used in order to minimize the effect of traffic jams, but still leave the
influence of congestion in the data
e Rho-inverse <=1/610 meters™

This limits the curvature of the roadway such that vehicles are not misidentified asbeing in
the same lane as the subject vehicle when roadway curvature is present.
Length of car following period >= 30 seconds

The automatic extraction process was verified from a sample of events through video analysis. For the
random sample of 50 periods, all 50 were valid car following periods.

B-A. ldentification and extraction of safety critical events

The methodology employed in this research effort involves four different steps: the identification and
extraction of car following periods, the identification and extraction of safety critical events,
discriminant analysis of the previously identified data sets, and validation of the results. The stepsare
described in detail, but the general ideaisto use adiscriminant analysis to find a method of classifying a
car following behavior as safe or safety critical.

The safety critical events were identified and analyzed in aprevious work by VTTI[9]. The method
used to identify the safety critical events were triggers or thresholds on individual variables that were
collected. For an event to be flagged, only one of the triggers has to be met. Thosetriggers are as
follows:

e Longitudinal Acceleration greater than or equal to -0.2g

e Forward Time-to-Collision of lessthan or equal to 2 seconds
e Swerve greater than or equal to 2 rad/sec?

e Lane Tracker Status equals abort (lane deviation)

e Critical Incident Button

e Analyst Identified

These triggers resulted in a number of potential safety critical events that were anayzed by trained data
analyststhat verified al of the potential events. This reduction resulted in the number of crashes and
near crashes that are shown in Table 1. The near crashes occurring directly in front of the vehicle
involving multiple vehicles are the events that are the closest match to car following behavior. Of the
numerous near crashes that did not occur directly in front of the vehicle, most occurred to the sides of
the vehicle which means no radar datais available for these events. The only means of identifying that a
vehicleis beside of the subject vehicle is through the use of the video recording.



Table 1: Enumeration of Crash and Near Crash Data

Near
Type of Event Crashes Crashes
Animal 2 10
Pedestrian 6
1 Vehicle no objects 23 46
1 Vehicle with aobjects 12 15
Multiple Vehicles:
Not Directly in front or behind 5 227
Directly in front or behind 27 457

C.B. Discriminant analysis

For the discriminant analysis, thirty data points from different car following periods were used for
each driver along with the event data for that driver. Thirty car following or normal driving points,
selected at random, were used in order to gain afair representation of normal driving behavior while not
overpowering the safety critical event data in the analysis. Seven variables were used for the
discriminant analysis which are as follows: Longitudinal Acceleration, Latera Acceleration, Vehicle
Speed, Yaw Angle, Lane Offset, Range, and Range Rate. A discriminant analysisis a statistical method
that finds coefficients for the input variables that when summed creates a value that can be used to
distinguish between datasets, in this case two datasets. Equation 1 below describes the mathematical
form of the resulting discriminant score and how it relates to the coefficients for each variable.

Discriminant Score = ), B; * X; Q)
Where:

B; isthe coefficient for variablei

X; isvariablei

For this analysis, there are seven variable and thus seven corresponding coefficients. When these
seven variables and coefficients are combined to create the discriminant score, the score will serve as a
way to classify the data points as norma car following behavior or safety critical behavior.
Misclassification can occur and needs to be taken into consideration when choosing the best set of
coefficients.

HEIL. RESULTS

Table 2 presents the coefficient values resulting from a discriminant analysis at different time steps
before the occurrence of safety critical events. The safety critical events were verified as safety critical
through video reduction and the time of the event was noted during the video reduction. The time steps
up to the event are simply the data points that occur when stepping back in time from the occurrence of
the safety critical event. The data used for Driver 103-A is nine near crash events and thirty data points
from normal car following periods. The table shows that consistency exists in some of the coefficients
over time while the rest of the coefficients appear to be time dependent. Figure 2 shows the percent of
misclassification error at each time step with 0 being the time that the safety critical events occurred.
The time step at 6 seconds is chosen because it is the highest amount of time that still maintains
relatively low error as shown by Figure 2. Figure 3 shows the results of applying the coefficients of the
different time steps to the near crash data as well as the normal car following data. The results show



some separation between the datasets at each time step with some overlapping occurring. Figure 2
shows that the error weighs on the side of misclassifying safety critical events as normal driving
behavior which is not an acceptable error. Time step 6 shows a clear separation between the two
datasets which means that the coefficients belonging to that dataset would be the optimal choice for use
in further study.

Table 2: Discriminant Coefficientsfor Driver 103-A

Time
L ongitudinal
Acceleration

Lateral
Acceleration

Speed
Lane Offset
Yaw Angle

RANGE

Range Rate

0 54 27 0051 0019 -04 0.013 012
1 15 -131 0.013 0.019 16 0.013 0.15
2 -103 -106 0030 0022 -54 0.030 0.18
3 40 -59 0057 0017 21 0024 019
4 18 -87 0053 0014 153 0.000 0.13
5 -179 142 -0005 -0.003 -16.3 -0.004 -0.15
6 165 -281 -0026 0014 380 0.000 0.15
7 98 -122 0006 0.009 232 0014 0.16
8 220 -175 -0009 0.016 375 0.008 0.20
9 -148 153 0.006 -0.007 -3.0 -0.004 -0.15
10 143 -123 -0004 0014 -35 0.007 0.14
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Figure 2: Percent of Misclassified Data Pointsfor Driver 103-A
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Figure 3: Discriminant Scoresfor Driver 103-A

Figure 4 shows the resulting discriminant scores result from when the coefficients from the 6-second
time step are applied to afull car following period. The figure shows some erratic behavior but the
discriminant scores are till above a value of -3 which isthe highest point of the near crash datain
Figure 3 for the 6-second time step which means that the full car following period would be correctly
identified without misclassification occuring. Figure 5 shows the results of applying the same
coefficientsto a sample near crash event. The discriminant scores seem similar to anormal car
following period at the beginning of the episode up until the score suddenly jumps below a value of -5.
This jump corresponds to the sudden lane change of a vehicle to the same lane as the subject vehicle
with alow distance |eft between the vehicles. In plainer terms, this refers to one driver “ cutting off”
another driver.

Figure 6 shows the speed trajectory of the same near crash event along with a marker of the 6-second
prediction given by the discriminant coefficients. The 6-second prediction iswell before the driver’s
reaction. Also, the discriminant score plateaus around avalue of -5 immediately after the 6-second
prediction. This means that the driving conditions remain dangerous, but the driver has not adjusted to
the change in driving conditions. When the driver decelerates, as seen in the tragjectory, the discriminant
score increases indicating a change from dangerous conditions to safe, normal driving conditions.
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Figure4f Discriminant Scores of a Sample Car Following Period
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Figure 5: Discriminant Scores of a Sample Near Crash Event
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Figure6: Trajectory of a Sample Near Crash Event

Table 3 shows the discriminant coefficients for repeating the same process as Driver 103-A for Driver
352-A. The acceleration coefficients show that the discriminant score for this driver relies on the
longitudinal acceleration more than the lateral acceleration. Driver 103-A showed more of a balance
between the two accel erations which servesto show that every person is different and each has unique
behaviors. Figure 7 shows the percent misclassification associated with each set of discriminant
coefficients.

Table 3: Discriminant Coefficients of Driver 352-A
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0 -151 -23 064 -002 149 -002 021
1 1212 28 039 004 -90 001 -0.10
2 -268 00 032 002 -133 -001 0.01
3 -323 -01 066 -001 26 -002 0.05
4 -287 09 033 0.00 42 -001 0.02



© 00 N o O

10
11
12
13
14
15

-30.6
-27.4
-31.2
28.2
-11.6
12.3
31
-10.3
-7.1
-85
51

0.2
1.0
0.3
-0.7
24
3.3
28
3.3
0.0
-34
-1.7

031 000 -18 -0.02
021 0.00 0.7 -0.01
029 -0.01 58 -0.02
-0.21  0.00 42 001
014 003 -214 0.00
014 002 -143 0.02
014 002 -193 0.02
014 001 -15 0.00
014 001 -57 001
014 000 -76 001
015 0.02 -289 0.01

0.04
0.03
0.04
-0.01
-0.07
-0.10
-0.06
-0.01
0.05
0.08
-0.02

60%

50%

Percentage of Misclassification

10%

40%

30%

20%

Percent Misclassification

0% = + = = 8 B ® 8B B + + + +

0

5 10
Time (s)

. o+ @

15

+ Following

= Near Crash

Figure 7: Percent Misclassification for Driver 352-A

Figure 8 shows the discriminant scores for data from two near crash events and normal car following
data of Driver 352-A. These scores are calculated by multiplying the discriminant coefficients by the
appropriate data values and then taking the summation. There is a separation between the normal car
following periods and the near crash eventsin Driver 352-A at most time steps up until the 9-second
time step as shown in Figure 8. At the 9-second time step, the analysis begins to show a
misclassification of one of the near crash events as normal driving behavior as shown by Figure 7. To
avoid this error and the reversal of the term relationships as seen in the 8-second time step, the
coefficients at the 7-second time step should be considered optimal.
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Figure 8: Discriminant Scoresfor Driver 352-A

Figure 9 shows the resulting discriminant scores when the coefficients of the 7 second time step are
applied to afull car following period. Figure 10 shows the results of applying the same coefficients are
to the data from a near crash event. In Figure 9 the scores remain relatively between the values of 10
and 12 which suggests that the normal car following behavior of this driver isfairly constant. Whilein
Figure 10, the discriminant scores decrease before the event occurs. Also, the discriminant scores from
10to 12 seconds in Figure 10 appear to be similar to the scores seen in the normal car following period.
This means that a deterioration of the discriminant score can be seen as the data before the near crash
event transitions from safe to unsafe driving conditions. Figure 11 shows the trgjectory during the near
crash event as the driver decelerates suddenly in order to avoid a collision. Figure 11 also shows that the
7 second prediction, given by the discriminant scores, appears well before the reaction of the driver.

Figure9:

Discriminant Scores of a Car Following Period
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Figure 10: Discriminant Scores of a Sample Near Crash Event

Subject Vehicle Near Crash Trajectory
60

50

M
e

40

w
o

+ Followin,
-~ wing

Speed (km/h)

.
® 7 second
Prediction

(%)
o

-
o

o
o
w

10 15 20 25
Time (s)

Figure 11: Trajectory of a Sample Near Crash Event with the 7-second Crash Prediction point
highlighted

Pl CONCLUSIONSAND FUTURE RECOMMENDATIONS

The results support that using the seven selected variables al ong with the corresponding coefficients
creates a discriminant score that can accurately distinguish between safe and unsafe driving conditions.
For Driver 103-A, this distinction can be made 6 seconds before an event occurs. Also, in the case of
Driver 352-A, this distinction can be made 7 seconds before an event occurs. The trgjectories analyzed
also show that the discriminant score increases back to anormal, safe level once adriver has reacted to
the unsafe conditions.

The results of the discriminant analysis for both of drivers are obtained by the specific combination of
the seven variables selected for analysis: longitudinal acceleration, lateral acceleration, vehicle speed,
lane offset, yaw angle, range, and range rate. This means that the warning signs of an impending safety
critical event are captured and represented by these seven selected variables. These warning signs are
subtle changes in the conditions that go unnoticed when analyzing individual variables, but using the
specific combination of the seven variables as defined by the discriminant analysis, resultsin a
noticeable warning sign.
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Future recommendations for research are to expand upon this method by adding more drivers. This
paper shows that the discriminant analysis results in adriver specific set of parameters, but it would be
beneficial to determineif these results apply to al drivers or if the drivers could be divided into groups
based upon multiple variables that characterize the behavior of drivers.
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