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ABSTRACT

To improve traffic safety on freeways, many traffic researchers have used real time data to
predict the likelihood of crashes, using number of crashes as the measure of safety. The
parameters of speed, volume or density have been used extensively in previous research to

calculate the crash likelihood.

This research studied the combined effects of volume and density to predict crash
likelihood using real time data a short time before crash occurrence. The volume-density
relationship provided a measure of growth and dissipation of queue on the freeway, known
as the shock wave speed. Using this shock wave speed and quantifying various types of

shock waves, analysis was done to predict crash likelihood.

The results of logistic regression analysis indicated that increasing the speed of forward
shock wave decrease crash likelihood. Using .a log-linear relationship and including
exposure measures, it was found that diverging sections, norma!l weather conditions, low shock
wave speeds and forward moving shock waves indicated increased likelihood of crashes. Finally,
using an odds ratio to compare the combined effects of shock wave speed and shock wave type,
it was determined that forward moving shock waves yield a greater likelihood of crash for both

low and high shock wave speeds.
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1 INTRODUCTION
11 Overview

Over the last half century, the transportation industry has become an essential need for many
people around the world, especially in North America, whether it is freight shipping for
businesses or for one’s personal use to travel to and from work. Due to increase in demand for
trips by motor vehicle, the increased capacity of road is needed. Qver the years, there have
been significant advances in road design and traffic management to alleviate congestion and
improve safety for travelers. Some of the road design and traffic management methods include-
enhancing road geometric conditions such as increased lane width, increased stretches of
straight roadways, strengthened and reinforced pavements, increased and enhanced traffic

signage, and intelligent traffic control.

Prior to any additions or upgrades to the road network, studies must be conducted to determine
if there is a need for any changes, and how the changes will affect the current traffic situation in
the study area. Safety can be measured in many ways; however it is commonly measured in

terms of number and severity of crashes in the network.

Existing road networks are continually monitored by researchers and planners to identify the
locations with high number of severe crashes. In more recent years, given that crashes tend to
occur due to short term variation in traffic flow, traffic conditions have been monitored in real
time. These real-time traffic flow parameters have been related to the potential of crash
occurrence. With the adaptation of real-time traffic conditions, it is possible to predict the
dangerous conditions in advance and prevent crashes. Research is focused on proactive

approaches to prevent crashes rather than reactive measures. The goal of the research is to use



proactive approaches to determine whether or not a crash will occur based on the most up to

date traffic conditions.

12 Research Objectives
The goals of this research are as follows:
1. To understand how a queue forms or dissipates in a short time period before a crash
oceurs.
2. To estimate the likelihood of crash occurrence — based on queue formation and

dissipation.

1.3  Organization of Thesis

The thesis is organized in six chapters. Chapter 2 deals with literature review of traffic flow
theory, shock wave theory, studies on real-time analysis of traffic data and the likelihood of
crash risk and studies indicating the effects of shock wave speed on traffic flow. Chapter 3
describes the data used in this study. Chapter 4 covers the procedure used in the study.
Chapter 5 presents results and analysis of the study. Chapter 6 includes the conclusions and

recommends future research.



2 LITERATURE REVIEW
2.1  Traffic Flow Theory

Traffic flow theory explains interaction between vehicles and the roadway system. The theory
was developed from physics and mathematics to explain the relationships of traffic stream
parameters. Traffic stream parameters are classified as one of two broad categories:

microscopic parameters and macroscopic parameters.

Microscopic parameters reflect the behaviour of individual vehicles in a traffic stream and the
microscopic traffic flow models describe the behaviour of the car following. The parameters
used for an individual vehicle are: spacing (s;), headway (h;) and speed (u). The spacing is
defined as the distance between two successive vehicles and has units of distance per vehicle.
The headway is defined as the time between two successive vehicles, in the units of time per
vehicle. The speed is the distance per unit time for each vehicle. The spacing, headway and
speed can be measured using a time-space diagram of vehicle trajectory. In Figure 2.1, the
spacing is the vertical distance between the vehicle’s trajectories, whereas the headway is the
horizontal distance between the vehicle’s trajectories. The instantaneous speed is the slope of a
line tangent to any point on the vehicle’s path. The vehicle trajectories in the following figure
indicate that the vehicles are not travelling at a constant speed given that the paths are not

straight lines.



Time Space Diagram of Vehicle Trajectory

e

Instantaneous Speed = slope

Distance
: —&— Vehicle B
Spacing
—— Vehicle A

Direction
of travel

Time

Figure 2.1: Time Space Diagram of Vehicle Trajectory
Macroscopic parameters are the average behaviour of a group of vehicles. The traffic flow
models for these parameters describe the relationships among volume, speed and density.
Volume (q) is defined as the number of vehicles that pass through a given interval in a specified
period and is typically measured in vehicles per hour. Density (k) is the number of vehicles that
pass a given length of road, usually recorded in vehicles per kilometre. These three parameters

are interrelated in the following fundamental equation of traffic flow:
k=2 (1)
u

Given that it is very difficult to measure the density in the field, the density is usually calculated

using this equation.

Traffic flow can be classified into two principle categories: 1) uninterrupted flow: flow of traffic
is not disrupted by external factors (e.g. freeway flows), and 2) interrupted flow: traffic flow is
disrupted periodically by external factors such as traffic signals or signage in the road network.
Even if the freeway is in a congested state, it is still classified as uninterrupted flow due to the

fact the disruption is not periodically disrupted by external factors.

4



For uninterrupted flow, the combinations of speed, volume and density are able to produce
further two-dimensional relationships, which can be used to extract valuable information about
the traffic flow in the area of interest. Figure 2.2 shows the relationship between volume and
density, which forms an inverted parabolic shape. In this figure, the highest point of the
parabola in the g-axis represents the capacity and the critical density of the roadway, with all
values to the left of the point being in the uncongested state and all values to the right of this
point being in the congested state. The capacity is the point in which the road network is
considered to have reached its maximum number of vehicles per unit time. The point where the
congested side of the parabola intersects with the k-axis is the jam density. The jam density is
the maximum number of vehicles per unit distance, which occurs when volume is zero (i.e. all

vehicles are stopped).

Critical Density, Capacity

Uncongested

(@

i
i
I
i
I
!
i
1
i
]
nsity

Density (k) Jam Density

Figure 2.2: Volume-Density Relationship
The relationship between the speed and the volume also forms a parabolic relationship as
shown in Figure 2.3. The highest point in the g-axis again represents the capacity of the
roadway, and the speed at capacity is called the critical speed. This critical speed specifies the
boundary between uncongested and congested flow. The uncongested flow is represented by

the top portion of the graph (when the speed is greater than the critical speed) whereas the



congested flow is represented by the lower portion of the graph (when the speed is lower than
the critical speed. The other important point from this graph is the free flow speed, which
occurs when the volume is zero and the speed is maximum (highest point on the graph). Traffic
engineers use this graph to find the level of service of a road network. The system assigns a
grade based on the traffic flow from A to F, with A being the free flow speed, progressing along
to E, which is the critical speed and capacity, and the congested phase, represented by level of
service F. This is primarily used when determining what roads need to be upgraded within a
system when a change occurs to increase the capacity of the road (e.g. new subdivision, new

commercial centre, etc.).

- Uncongested.
e ) Capacity, Critical Speed

Speedfwe. s . wm o et ma s e mms e e e e

{x)

Congested--

Volume {q)

Figure 2.3A: Speed-Yolume Relationship
The third relationship is between speed and density is shown in Figure 2.4. The form of this may
not necessarily be a straight line, but in general, speed and density simultaneously increase and
decrease. From this graph, the free flow speed and the jam density can easily be obtained,
using the intersection points of the u-axis and k-axis respectively for the values. There exists a
transition point between uncongested and congested flow, specifically at the critical speed and

critical density. However this point is unable to be determined directly from this graph.
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Figure 2.4: Speed-Density Relationship

As shown in the previous three figures, all three traffic flow parameters are closely related to
each other. it should be noted that the volume itself cannot reflect the level of congestion due
to the fact the same volume can occur for both uncongested and congested conditions. Another
useful method of quantifying the level of congestion on the freeways is to investigate the effects

of the rate of growth and congestion of queue on freeways. This is called shock wave analysis.

22 Shock wave Theory

Shock wave theory is a classical theory that was first derived by Richards (1956) and later
developed by Lighthill and Whitham (1957). The traffic state is represented by flow and
concentration of traffic (or density). Shock wave is defined as the change in volume (measured
in veh/hour) divided by the change in density {measured in veh/km) between two traffic states.
The speed of the shock wave is typically measured in km/hour. The equation of a shock wave

represents the formula for the slope of a line as follows:

Aq _ 9a—Qs
== 2
WAB = 3 ™ Yaka 2)
Where,
@hs = speed of shock wave moving from traffic state A to traffic state 8;

gs gs = volumes at traffic states A and B, respectively;



ka, ks = densities at traffic states A and B, respectively.
Since the parameters for measuring shock wave speed are volume and density, the graphical
relationship shown in Figure 2.5 can be used to calculate the speed of the shock wave. Shock

wave theory is useful for quantifying the rate of growth or dissipation of queue.

Traffic State A~

Vohume

{a}

(kp.g)

Density (K

Figure 2.5: Calculating Shock Wave Speed

2.3 Real-Time Crash Analysis

To investigate the impact of traffic flow on crash likelihood, it is worthwhile to examine traffic
conditions during the short time immediately before a crash occurs. Hall et al. (1986) concluded
that real-time traffic analysis is advantageous in identifying patterns that exist on a roadway
that may not be visible when using scatter diagrams of traffic data. They also found that the
real time traffic analysis can identify transition points between congested and uncongested

flow, which may not be visible in scatter diagrams.



Since real-time data has become readily available and easily accessed, numerous researchers in
recent years have attributed analysis of real-time traffic flow on a freeway as an important tool
for predicting crash likelihood. Oh et al. (2001) investigated the factors that contributed to
traffic accidents in real-time using probability density functions distinguishing typical and
disruptive traffic conditions, and concluded that the reduction in speed variation is crucial to
reduce accident likelihood. Lee et al. (2002) investigated real-time crash precursors of variability
on speed and traffic density on a stretch of freeway to predict potential for crashes using a log
linear model, which accounted for exposures. The results of this paper indicate that these crash
precursors are significant with controls for geometry, weather and time of day. Lee et al. (2003}
expands the previous study by re-evaluating the model and suggesting methods to determine
the crash precursors objectively and to test and compare this modified model with the previous
model. After comparing these models, it was noted that the variables could be determined
experimentally and less subjective judgment is required for determining categories of crash
precursors. Another finding from this study was that crashes were more likely to occur when
there was a significant difference in speed between a downstream and an upstream detector,

indicating that the formation and/or dissipation of traffic queue is affecting crash risk.

Golob et al. (2004) presents a strong relationship between traffic flow conditions and likelihood
of crashes. In this study, the mean volume and median speed, as well as the temporal variations
in volume and speed determined 30 minutes prior to a crash occurrence had a strong
association with the type of crash. The researchers in this study believe that identifying the type

of crash is instrumental in enhancing safety on the roadway.



Abdel-Aty et al. (2004) developed a crash likelihood prediction model using real time traffic flow
data and tested the crash identification percent. The first finding of the study was that 5 to 10
minute occupancy upstream of the crash site and the 5-minute coefficient of static variation in
speed downstream of the crash site had the greatest impact on crashes. Using these factors,
and with a threshold value of 1.0 for the log-odds ratio, 69% of the crash identification was
achieved. From this conclusion, it can also be said that real time traffic data can indeed predict
crashes. In a similar study, Songchitruksa and Balke (2006) determined that the same variables
of 5-minute average occupancy and coefficient of variation in speed are good indicators of
freeway crashes. The nested and nonnested multinomial logit models provided in this paper
demonstrated how the variables mentioned detected the probability of an incident in the next
15-minutes using the real time data. Also, by comparing crash and non-crash data, there was a
low false alarm rate. This paper also demonstrated factors other than traffic flow variables can
determine the incident type using the same logit model. These factors included, visibility,

lighting and time of day.

Pande and Abdel Aty {2005) expanded on a previous study to show the log of coefficient of
temporal variation in speed, standard deviation of volume, and average occupancy expressed as
percentage are significant in determining potential occurrence of a crash. Using these findings,
another case-controlled logistic regression model was adapted to proactively determine
whether or not a crash will occur, and using the data once again, the model was able to predict
if a crash was going to occur in the upcoming 15 to 20 minute period. The authors also mention
they have used a general model, and to use on a specific freeway, location, geometry, day, day
of week would have to be used to calibrate the model to the particular section of freeway.

Expanding on that study, Abdel Aty and Pemmanaboina (2006) modified the previous model to
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include a rain index variable, and determined along with the rain index, the 5 minute average
occupancy, the standard deviation of the volume downstream and 5 minute coefficient of
variation in speed 5-10 minutes prior to the crash had significant affects on the crash occurrence

and that it is possible to predict the likelihood of a crash prior to occurring.

A more empirical approach was studied by Hourdos et al. (2006). This study used individual
vehicle speeds and headways from video cameras and tested the relationship between real time
traffic conditions and likelthood of a crash by using only certain sections of the freeway with
crash prone conditions, by first developing a model specific for the crash prone area. The
authors also stress the importance of testing the models that are developed to test for accuracy.
The crash model yielded a 58% success rate in predicting crashes, with only a 6.8% false
detection rate. Qi et al. (2007) also presented an empirical analysis of real time traffic data to
develop an accident frequency model using time series and cross sectional measures and the
results indicated traffic flow characteristics, weather, and geometry were statistically significant
with traffic accidents. A study by Son et al. (2009) used real-time individual vehicle and crash
data similar to Hourdos et al. (2006) to determine shorter headway is more likely to contribute

to crashes.

As mentioned in the previous section, the theory of shock waves was originally derived by
Richards {1956) and Lighthill and Whitham (1957). Since then, researchers have used different
methods to estimate shock wave speeds. Messer et al. (1976) used combined equations of the
kinematic wave model and Greenshields’ macroscopic traffic flow to estimate the speeds of
shock waves formed after an incident occurs and a lane-blocking ensues. More recently, Hurdle

and Son (2000) used density contour maps containing spatial and temporal propagation of
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traffic regimes with similar densities to estimate the shock wave speeds. Expanding on the
previous paper, Hurdle and Son (2001) used three examples to demonstrate that shock waves,
arrival and departure curves for modeling freeway congestion curves are indeed compatible.
Another method of shock wave estimation by Windover and Cassidy (2001) compared
cumulative counts composed from vehicle counts. The previous two papers measured shock
waves at fixed locations in the freeways studied; however Lu and Skabardonis (2007)
determined shock waves based on individual vehicle trajectories under congested conditions.
Although these papers discuss methods to determine shock waves, none of them has related

the speed or type of shock wave to the likelihood of freeway crashes.

24  Evaluation of Literature

In recent years, many studies have been conducted to predict real-time crash risk using real-
time measures of speed, volume and/or density for stretches of highways. These studies work
better in predicting crashes than the studies that used average traffic data such as the annual
average daily traffic volumes (AADT). The other advantage of using real-time data is that high
crash risk can be detected in advance and crash occurrence can be potentially prevented before
the crash actually occurs. This is valuable because it should significantly reduce the number of
crashes once real time models can be implemented in traffic management systems. At the very
least, traffic management centres can be prepared for incidents that may occur using real-time
predictor models, leading to better response times when an incident occurs, thus decreasing
wait times due to lane closures or blockages that may occur. Another important finding that has
been noted in a majority of these studies that variations in speeds between loop detector
stations is a strong indicator of crash occurrence, and the recommendations from these studies

express the need for studying the effects of growth or dissipation of queue {shock waves) since
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methods such as standard deviations some time period cannot show proper growth and

dissipation effects.

Although shock wave speeds have been studied and methods to determine speed of shock wave
are being established, there seems to be no link between this and crash likelihood methods.
With the readily available short-term aggregated loop detector data, the choice of using this

data as opposed to vehicle trajectories, as in the previous studies, needs to be investigated.

13



3 DATA

3.1 Traffic Data

The data for this thesis were collected through loop detector stations located on a section of the
Gardiner Expressway in Toronto, Ontario, Canada. The Gardiner Expressway is an urban
freeway, frequently used by local commuters going to and from downtown Toronto. The
studied section of the freeway analyzed has three fanes in each direction and is a fairly straight
stretch of road. The westbound section is especially important because of the Jameson Ave. on
ramp, which is closed from 3 pm to 6 pm in an attempt to alleviate congestion of the mainline
traffic. An off-ramp is located upstream of the on-ramp, where significantly higher number of
crashes occurs than other sections of the freeway {mainline station 80). The eastbound lanes
have an on-ramp and two off-ramps on the studied section. The schematic drawing of this
section of freeway is shown in Figure 3.1. Also shown in the figure are the distances between
each of the loop detectors, in metres. The closest upstream station to the crash is assumed to

be the crash location.

120 i i
Not to Scale Jameson Ave. 11\0 Distance between Stations (m)
110 / 90 \ 70
5. 0. O o o S 4.0 —

> > > S > OWestbound & e
L0 I . < QS O Eastbound O = —
R G OO Qo Qo O . .—

Q f:'<>v & Q- 9 £ O —

120 \\ 100 / / 80 / 60

' Loop Detectors Station

Figure 3.1: Detector Location on the Gardiner Expressway
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The loop detectors monitor and record the 20-second volume, occupancy and speed data in
each lane. The sections of interest were mainline stations 60, 70, 80, 90, 100, 110 and 120 for
both eastbound and westbound lanes and ramp loop detector stations 110 and 120 in the
westbound direction. For the ramp loop detector stations, only the one-lane 20-second volume
was available. A total of 114 crashes occurred in the westbound lanes and 56 crashes occurred
in the eastbound lanes for the 13-month period from January 1%, 1998 to January 31%, 1999. A
sample of the raw data obtained at the loop detector station 60 is shown in Table 3-1.

Table 3-1: Sample Raw Data

TIME SPEED {km/hr) VOLWME {veh/hr) OCCUPANCY (%)
median | middle | ‘shoulder median middle shoulder median middle shoulder
18:00:03 37 41 54 2340 1800 2340 35 27 25
18:00:23 41 52 60 1800. 1800 2160 25 22 22
18:00:43 44 51 59 1980 1980 1620 26 24 17
18:01:03 47 45 56 2160 1980 1620 27 29 19
18:01:23 49 52 S6 2160 1800 1980 26 2 23
18:01:43 36 47 S6 2340 2160 1800 38 29 19
18:02:03 29 49 56 ] 1980 1980 2160. 38 24 24
18:02:23 39 44 S4 1980 1800 2340 29. 27 25
18:02:43 43 49 58 1980 1980 1800 -26: 26 21

3.2 Incident Logs

Data for crashes were obtained through incident logs at the City of Toronto’s traffic
management centre. Every incident which blocks one or more lanes of the freeway is logged
and all of the following information is recorded: a unique ID {for cases that a crash occurred,
this was the crash |D number), date (year, month, day, day of week), station (closest upstream
station}, the reported time and the weather condition. The time of crash occurrence was
estimated based on the speed profiles using the time and speed values in each of the cases, and
was determined to be the time when the speed abruptly drops. Figure 3.2 shows an example of

the estimated time of crash at the detector station immediately upstream of the crash location.
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Figure 3.2: Speed Profile - Station 60

In traffic research, it is common that traffic flow conditions are distinctly different in the three
time periods of the day — morning peak, afternoon peak and an off peak groups. This is the
approach used for the eastbound traffic using a morning peak of 6 am to 9 am, an off peak
period of 9 am to 3 pm and 8 pm to 11 pm, and an afternoon peak period from 3 pm to 8 pm.
Due to the closure of the Jameson Ave. ramp, the afternoon peak period for the westbound
lanes is further broken into two categories, afternoon peak with the ramp closed (from 3 pm to
6 pm) and afternoon peak with the ramp open (6 pm to 8 pm). The morning peak period runs

the same as the eastbound lanes from 6 am to 9 am and the off peak period goes from 9 am to 3

pm and 8 pm to 11 pm (no crashes were recorded from 11 pm to 7 am in either direction).

33 Weather Data

Weather data for the freeway were also obtained. Hourly weather data, provided by
Environment Canada, is labeled as either normal or adverse (rain, snow) condition each hour.
Although different adverse weather conditions lead to different driver reactions, all of them

were grouped due to lack of adverse weather data. In the 13-month period, 86.8% of the time
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was considered to be normal weather conditions, and 13.2% of the time was considered to be

adverse weather conditions.

34 Exposure
To account for the effect of exposure on crash frequency, exposure needs to be estimated. In
traffic safety research, exposure is typically measured as the number of vehicles multiplied by

the length of the road section.

The total number of vehicles*kilometres for the 13-month period in each road section was
calculated using daily traffic volume data obtained from loop detectors, AADT was multiplied by
the length of the road section(i.e. distance between two successive loop detectors). This was
multiplied by the number of weekdays in the 13-month period since this study only considers
weekdays. The total exposures for road sections of each geometric type (straight, merging and

diverging) are summarized in Table 3-2.
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Table 3-2: Exposure for Each Road Section

AADT | AADT |Distance| Total Total Total
Lane Detector ID | Lanes [Road Type! {weh/hr) [{veh/day}l {m]) | veh*km |veh*km/13-month | veh®*km/13-month

dw0060dwg| 3 | straight | 4,116 | 98,784 | 570 | 56,307 15,934,847
dw0070dwg! 3 straight | 4,104 | 98,495 490 48263 13,658.312
dw0030dwg! 3 straight | 3,827 | 91,847 510 46,842 13,256,289
WESTBOUND dw0110dwg] 3 | straight | 4209 | 101,014 | 620 | 62,629 17,723,913
dw0120dwg! 3 straight | 4,178 | 100,275 590 59,162 . 16,742,878

TOTAL STRAIGHT 20,434 | 490,415 | 2,780 (1,363,354 385,829,158 77,165332

dwD100dwg) 3 | merging | 3,612 | 86681 | 660 | 57,209 16,190,205 16,190,205

dw0080dwg! 3 | diverging | 3,975 | 95,400 640 61,056 17,278,848 17,278,848
dw0060deg | 3 straight 4,011 | 96,264 790 76,049 21,521,742
dw0070deg| 3 straight 4101 | 98,428 570 56,104 15,877,371
dw080deg| 3 straight 3,991 | 95,780 490 46,932 13,281,855
dw0120deg| 3 straight 3953 | 94,880 620 58,826 16,647,699

EASTBOUND TOTAL STRAIGHT 16,056 | 385,352 | 2,470 | 951,820 269,365,117 67,341,279
dw0090deg | 3 merging 3,976 | 95434 640 61,078 17,285,034
dw0100deg| 3 merging 3514 | 84,331 500 42,166 11,932,891

TOTAL MERGING 74390 | 179,766 | 1,140 | 204,933 57,995,958 28,997,979

dw0110deg| 3 | diverging | 3949 | 94,765 670 63,492 - 17,968,377 17,968,377
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4 PROCEDURE

41 Classification of Shock waves

There are various ways of classifying shock waves based on the movement of shock wave
between the two traffic states (A and B). This thesis classifies the shock waves based on three
criteria. The first criterion is the direction of shock wave movement. If shock wave is moving in
the same direction as the traffic flow (indicated by the positive slope of shock wave in the
volume-density curve), it is classified as a forward moving shock wave. If shock wave is moving
in the opposite direction of traffic flow (indicated by a negative slope of shock wave in the

volume-density curve), it is classified as a backward moving shock wave.

The second criterion is the growth/dissipation of congestion. If the queue is growing over time
(indicated by increasing density), the shock wave is forming. If the queue is dissipating over

time (indicated by decreasing density), the shock wave is recovering.

The third criterion is the traffic state for each point. Some shock waves occur in the same traffic
state (congested or uncongested) and some shock waves move between two traffic states
(moving from congested to uncongested or vice versa). Using these three criteria, the following
eight types of shock waves can be classified:

Type 1-1: Forward forming shock wave in uncongested region;

Type 1-2: Forward forming shock wave moving from uncongested to congested region;

Type 2-1: Forward recovery shock wave in uncongested region;

Type 2-2: Forward recovery shock wave moving from congested to uncongested region;

Type 3-1: Backward forming shock wave in the congested region;

Type 3-2: Backward forming shock wave moving from uncongested to congested region;
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Type 4-1: Backward recovery shock wave in the congested region;
Type 4-2: Backward recovery shock wave moving from congested to uncongested region.

Each type of shock wave is shown graphically in Figure 4.1.

Volume
{ar
Density k) Deesity ()
(a) Forward Forming (b) Forward Recovery
Volume
@

Density (k) Density (k)
(c) Backward Forming (d) Backward Recovery

Figure 4.1: Shock wave Types

472 Critical Values and Trends

Prior to analyzing data, it was required to determine the critical density and capacity values on
the freeway to identify the congested and uncongested states. To determine these values, 1-

minute lane average volumes and densities were plotted on a graph to observe the general
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volume-density relationship. This was done separately for different time periods of the day
(morning peak, off peak, and afternoon peak periods) to observe the differences in traffic
patterns. It was observed from these graphs that a critical density is approximately 30 veh/km

and the roadway has a capacity of approximately 2300 veh/hour/lane.

Clear differences among the time periods were observed from the graphs. In the westbound
lanes, the traffic flow conditions are split into four distinct time periods, morning peak, off peak,
afternoon peak with the ramp closed and afternoon peak with the ramp open. In the morning
peak period, more points are concentrated in the uncongested zone with fewer points in the
congested zone. In the off peak period, points are more evenly scattered in both the
uncongested zone and congested zone. In both of the afternoon peak periods, with and without
ramp cfosure, a majority of points are scattered in the congested zone. However, the points are
clustered around the critical density and capacity of the roadway when the ramp is closed,
whereas more points are scattered in the congested region with the ramp open, likely due to

the severe congestion when the ramp opens. The graphs are shown in Figure 4.2,
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Figure 4.2: Volume-Density Graphs for Westhound Traffic
For the Eastbound traffic, only the typical three time periods were used, morning peak period,
off peak and afternoon peak period because there was no ramp closure. A strong linear trend
can be observed in the morning peak period in the uncongested zone, with a small cluster of
points in the congested zone. A similar trend was observed in the uncongested zone, but more
points are scattered in the congested zone during the off-peak period. Finally, similar volume-
density pattern was observed during the afternoon peak period. The volume-density graphs for
the eastbound traffic are shown in Figure 4.3. Overall, the volume-density patterns are not

distinctly different in the eastbound traffic unlike the westbound traffic.
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Figure 4.3 : Volume-Density Graphs for Eastbound Traffic
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43 Determining Shock wave

Once the critical density and capacity were determined from the volume-density graphs, a
volume-density curve was plotted for a ten-minute period (arbitrarily chosen) prior to the time
of crash for each crash case. Although the original data were recorded in 20-second intervals,
one-minute cumulative average data were used to account for possible random fluctuation of
values in the data. In each crash case, the presence of shock wave was checked. If shock wave
was present, the type and speed of the shock wave were measured. Shock waves were
measured in two ways. In the first method, if the points showed a linear trend, simple linear
regression was used to calculate the shock wave speed as shown in Figure 4.4 three or four
minutes prior to crash time. This method was used mainly for crashes that stayed in the same
zone {uncongested or congested) since they showed linear trends. The second method was to
take an average of the cluster of points in different parts of the last ten minutes then measuring
the slope of the line between the dots representing the average of the cluster of points. Figure
4.5 (a) shows no real trend of the points, but by taking the average of the clusters of the first
two points and the average of the last six points and joining the two average points, good shock
wave estimation is produced as shown in Figure 4.5 (b). This method was not used often, but
was typically used for cases that switched from uncongested zone to congested zone or vice

versa.

In the westbound lanes, there were a total of 114 crashes, with 62 cases {54%) showing a shock
wave occurrence in the last 10-minutes, and 75 cases (66%) in the last 3-10 minutes (called
“short term”) prior to the crash time. Of the 56 crashes in the eastbound lanes, 28 cases (50%)

showed a shock wave in the last 10-minutes, whereas 36 cases (64%) showed a shock wave in
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the short term prior to the crash time. Figure 4.4 shows examples of different shock wave types

observed in the last ten minutes and the short term prior to the crash time.
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(d) Backward Recovery Shock wave (Afternoon Peak — Entrance Ramp Closed — WBL)
Figure 4.4: Shock wave Types
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Figure 4.5: Averaging Points

In Figure 4.4, it can be observed that the shock wave type observed in the short term is not
always consistent with the shock wave type observed in the last ten minutes. Since the short
term changes immediately before crash occurrence are more likely to affect crash occurrence,
the shock wave type observed in the short term may be more important than the one observed

in the longer term.

44  Effect of Ramps on Mainline Traffic

Ramp traffic can directly or indirectly influence the flow of traffic on the freeway. In particular,
mainline detector station 80 immediately upstream of the off ramp accounted for 56% of the
total crashes in the study period. Thus, it is possible that the ramp traffic may have contributed
to high number of crashes. For this reason, traffic volume on ramp prior to crash time were

collected from loop detectors and compared graphically with the mainline traffic volume.

45 Statistical Analysis Techniques
Some statistical analysis techniques are used to investigate the effect of shock wave on crash
likelihood. The theoretical background of the two statistical models — logistic regression model

and log-linear model — is explained in this section.
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451 Logistic Regression Model
Logistic regression model is ideal for the analysis, using the variables are dichotomous (e.g.

crash or non-crash). The model eliminates the lower and upper bound that limits linear

regression (Allison, 1999). The logistic regression model is described in the following equation:

P(Y=i)
In 1-P(Y=i)

a+ Bixit + BaXiz + -+ + PrXik (3)
Where,
P(Y = i) = the probability of occurrence of a crash (i = 1 for crash and i = O for non-crash);

o =aconstant;

P« = a coefficient for the explanatory variable;

Xx = explanatory variable,
The left side of the equation denotes the probability of crash (Y=1) to the probability of non-
crash (Y=0). Another name for this ratio is the odds of crash to non-crash. This is a popular

model because the coefficients are simple to understand, and the model can be generalized to

allow for multiple unordered categories for the dependent variable (Allison, 1999).

452 Loglinear Model
The log linear model is ideal for identifying impacts of factors on crash frequency accounting for

the exposure. The exposure takes into account the frequency of events that may cause crashes
so that the likelihood of crash occurrence (or crash rate) can be estimated more logically. For
example, since most days are in normal weather conditions more crashes tend to occur in
normal weather conditions. However, this does not necessarily mean normal weather
conditions are more likely to contribute to crashes than adverse weather conditions. Similarly,
there are more sections of road that are straight than there are curved road sections and more
crashes tend to occur on straight road sections. However, this does not necessarily mean that

crashes are more likely to occur on the straight road section.
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For instance, the log-linear model including two categorical variables A and B is described in the

following equation:

In(Fy) = p + A + A8 + X#B + Bexp * In(exp) (4)
Where,
1} = intercept;
Fi = expected frequency for variable A with category i and variable B with category j;

AN 7\,-5 = main effect variables on frequency (i.e. parameters that change according to the
category of variable A or B);

A;;AB = interaction effect of variables A and B on frequency (i.e. parameter that change
according to the categories of variable A and B);

Bexo = coefficient of the exposure measure;

exp = exposure.

The relationship between expected frequency and explanatory variables is assumed to be non-
linear to avoid potential negative frequency values (Jovanis and Chang, 1986). From this, it is
assumed that these variables are not correlated. The above equation is a saturated model
because it includes all the one-way and two-way effects. The model becomes unsaturated if
some of the effects are zero. If the A;"® term is removed, the model becomes an independence

model, meaning that A has no effect on B or vice versa (Jeansonne, 2002).

Crashes distribution does not follow a normal distribution since the plot of the number of road
sections against the number of crashes does not have a symmetrical distribution. it is expected
that there will be a high number of crashes at only a few road sections, meaning a higher peak
sooner in the graph and a long tail with few crashes. For this reason, the distributions of
expected frequency are commonly assumed to follow Poisson distribution or negative binomial

distribution. First the Poisson distribution is defined as follows (Jovanis and Chang, 1986):
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e—lil (i k
Pik) = L0

(5)
Where,

Pi(k) = probability that frequency of event is (k=0, 1, 2, 3, ...);

A = expected value of event frequency for ith interval;

t = number of intervals.

The Poisson distribution assumes that the mean and the standard deviation of the distribution
are equal. However, if the variance is far greater than the mean (called “over-dispersion”), this
assumption of Poisson is no longer valid. Hauer (2001) explains that when over dispersion may
occur, meaning the differences between accident counts and model predictions are larger than
what would be consistent with the assumption of Poisson distributed accident counts. For this
reason, negative binomial regression is preferred by researchers to represent the distribution of

accidents. The negative binomial distribution using the overdispersion parameter is as follows

(Hauer, 2001}):

ryi+¢) , ¢ 1] )
PYi=w) = K 4 6
Yi=yp) @yt e Grorg) (6)

Where,
Y = random variable of accident counts on entity i;
Vi = specific accident count on entity j;
b = overdispersion parameter;
n; = expected number of events.

The Pearson Chi-Squared statistic is commonly used to test for goodness-of-fit of the log-linear
model and independence of two variables. This test is useful to determine if an observed
frequency distribution differs from a theoretical distribution and also assesses whether or not
two variables are independent of each other {Agresti, 2002). The statistic is calculated using the

following equation:

30



)2
x =3, 7)

Where,

X = chi-squared statistic;
n = observed frequency;
M = expected frequency.

The expected frequencies estimated by log-linear analysis can also be used to estimate the
relative probability of a certain case compared to a base case. The relative probability is
computed by dividing the expected frequency of the case by the expected frequency of the base

case. This ratio is defined as the “odds ratio”. The odds ratio is calculated using the following

equation:
Fij
In (—) = In(Fy) — In(Fx)
Flj
Fii
ln(F—l,) = (6 + Ao + Ao + bow) — (6 + ) + Aye) + Agap)
]
Fyp
In (ﬁ) = (o ~ @) + (o) — Agap)
]
Fi = o @o—2x) 4 g Pyiy—Auyrp) (8)
Flj
Where,
Fi = expected frequency of case;
F = expected frequency of base case;
2] = constant;
Ay Mgy = coefficients for variables X and Y;
Aytiin Avyiap) = coefficient for interaction of variables X and Y;
Ay = coefficient for base case.

The odds ratio greater than 1 implies that the case is more likely to occur than the base case.

The odds ratio less than 1 implies that the case is less likely to occur than the base case.
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5 RESULTS AND ANALYSIS

51 Shock waves

In the previous chapter, the procedure for measuring a shock wave was presented. Using a

critical density of 30 veh/km and a capacity of 2300 veh/hr, shock wave speed and type

described in chapter 2 were determined. The results show 28 cases (50%) and 36 cases (64%) in

the 10-minute and short term period, respectively, for the 56 crashes in the eastbound lanes

and 62 cases (54%) and 75 cases (66%) in the 10-minute and short term period for the 114

westbound lane crashes. Table 5-1 shows the breakdown of crashes by type for each time

period. Majority of the non-classified crash cases occurred in the congested period after the

ramp opens in the afternoon, due to the large fluctuation of the data points during that time

period.
Tabie 5-1: Shock waves Sorted by Shock wave Type {Crash Cases)
(a) Westbound Lanes

AM Peak Off Peak PM Peak Ramp Closed| PM Peak Ramp Open

TYPE [10.minute Ishort term |10 minute lshort term |10 minute [short term 10 minute short term
1-1 13 7 14 13 9 7 2 1
1-2 0 1] 1 1 1 1 2 4
2-1 3 9 1 3 1 5 4 0 1
2-2 0. 0 0: 1 1 0 1 1
3-1 0 0 0 0 2 1 4 4
32 0 0 0 0 0 0 0 0
41 0 0 0 2 1 1 0 6
4-2 0 0 0 0 5 6 2 2
| NO TYPE 10 10 13 9 9 B 20 12
TOTAL 26 26 29 29 28 28 31 31
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(b) Eastbound Lanes

AM Peak Off Peak PM Peak
TYPE |10 minute [short term [10 minute 'short term |10 minute [short term

11 1 1 4 5 5 5
12 0 0 0 0 1 1
21 3 3 5 7 6 6
22 0 1 0 1 1 1
31 0 0 0 0 0 1
32 1 1 0 0 0 0
41 0 0 1 1 0 0
42 0 2 0 0 0 0
NOTYPE| 5 2 11 7 12 11
TOTAL| 10 10 21 27 25 25

It was found that the total number of cases where shock waves were observed generally greater
for the short term than the 10-minute time period. This may be because a shock wave can
occur within a time frame shorter than 10 minutes typically three to five minutes prior to the
crash. If there was no trend, meaning the last few points were not in the same direction, but
the density and volume were either increasing or decreasing, the whole 10-minute period was

used.

It was also found that a majority of the crashes occurred as shock waves move forward (i.e. in
the same direction of traffic flow). The higher number of backward moving shock waves was
observed in the afternoon peak period on the westbound lanes, both with the ramp closed and
with the ramp open. This is reasonable because a queue forms more frequently during these
congested time periods. During the three-hour period when the Jameson Ave. ramp is closed,
the road conditions are near capacity and after the ramp opens, there is a large influx of vehicles

that enter the freeway.
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An average value was taken to determine typical speeds by shock wave type. Table 5-2 shows
the average shock wave values by type.

Table 5-2: Average Shock wave Speed by Type {Crash Cases)
(a) Westbound Lanes

AM Peak 7 Off Peak PM Peak Ramp Closed| PM Peak Ramp Open
TYPE [10'minute short term [10 minute [short term |10 minute |short term |10 minute [short term
11 | 60.62 59.86 69.82 70.76 47.92 53.42 34.95 64.44
1-2 — — 2.27 1.67 7.80 19.80 28.22 30.92
21| 49.22 54.84 70.71 60.35 — 55.14 — 33.19
2-2 — — — 42.15 15.10 — 11.96 24.23
31 — — — — -21.72 -25.90 | -1830 | -19.21
3.2 — — — — — — — —
41 — | — — -28.11 | -29.00 -54.49 — -20.05
a2 — — — — -19.94 -16.07 -14.40 | -14.40

(b) Eastbound Lanes

AM Peak Off Peak PM Peak
TYPE!10 minlgte short term {10 minute |short term (10 minute |short term
1-1 | 62.02 62.02 66.41 58.50 52.74 51.64
1-2 — — — = 7.11 7.11
21| 5146 | 6111 | 5986 | 5751 | 6518 | 67.62
2-2 — 26.17 — 16.55 1.05 1.05
31| — — — — — -38.16
32| 2106 | 2106 | — | — | — |
4-1 — — -21.34 -21.34 — —_
42| — 2192 | — | — | — —

For most cases, the average shock wave speeds are relatively similar. The only notable
exception is in the afternoon peak period for the ramp closed in the westbound lanes, which has
a value of -54.49 km/hr. As expected, the type 1-1 and type 2-1 shock waves produce the
highest shock wave values, because queue is either forming or dissipating solely in the
uncongested zone and a typical volume-density graph for shock waves shows a better trend in
the uncongested regime. Also, in real time, it is difficult to quantify speed, volume and

occupancy values in the congested regime due to the fluctuation of points.
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To identify the effect of shock wave on crash likelihood, shock waves were also estimated for
the normal traffic conditions when a crash did not occur. Shock waves were observed in the
same manner as the crash cases using the loop detector data obtained during normal traffic
conditions. These data are called “non-crash” data. The non-crash data were obtained from the
same detector station and at the same time period and weather conditions as the crash data but
on different weekdays when a crash did not occur. The purpose of this data extraction is to

control for the confounding effects of road geometry and weather on crash likelihood.

For the non-crash data, 43 cases (77%) in the 10-minute period and 46 cases (82%) in the short
term period of the eastbound lanes showed a type of shock wave, whereas for the westbound
lanes, 75 cases (66%) in the 10-minute period and 84 cases (74%) in the short term period
showed some type of shock wave. In every period, the non-crash data had more cases of shock
waves occurring than in the crash cases. It was found that the shock wave speeds differ for each
time period for crash and non-crash cases. The results are broken up again by shock wave type

as shown in Table 5-3.

Table 5-3: Shock waves by Shock wave Type (Non-Crash Cases)}
(a) Westbound Lanes

AM Peak Off Peak PM Peak Ramp Closed; PM Peak Ramp Open

TYPE |10 minute lshort term {10 minute short term |10 minute [short term 10 minute short term.
1-1 12 11 12 13. 9 11 2 3
1-2. 0 0 0 0 2 3 3 3
2-1 9 11 5 a 4 3 0 2
2-2 -0 0 (1] o 1 (1] 3 1
31 0 0 1 2 2 3 3 4
3-2 0 0 0 0 0 1 2 0
41 0 1 0 1 1 1 3 5
4-2 0 0 0 0 0 (1] 1 1
NOTYPE 5 3 11 9 9 6 14 12
|_TOTAL 26 26 29 29 28 28 31 31

35



(b) Eastbound Lanes

AM Peak Off Peak PM Peak
TYPE {10 minute /short term [10 minuteqshort term {10 minute [short term
11 2 2 6 6 6 7
1-2 2 1 0 0 0 1
2-1 2 2 5 5 14 13
2-2 0 1 0 0 0 (1]
31 0 0 0 0 0 1
3-2 1 1 1 1 1 1
41 2 2 0 0 0 0
4-2 o (1] 1 2 13 1
NO TYPE 1 1 8 7 4 2
TOTAL 10 10 21 21 25 25

Table 5-3 shows that a dominant type of shock wave is forward moving shock waves, similar to
the crash cases. The total number of crashes with an observed visible shock wave is again
greater for the short term data than the 10-minute data, for the same reason as the crash cases.

In addition, more backward moving shock waves were observed in the afternoon peak periods

of the westbound lanes.

crashes of shock waves by type. The average shock wave values shown in Table 5-4 and have
the same patterns occurring between crash and non-crash cases as well, with the higher shock

wave speeds for the forward moving shock waves, and lower speeds for the backward moving

shock waves.
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Table 5-4: Average Shock wave Speed by Type {Non-Crash Cases)

(a) Westbound Lanes

For a detailed comparison of the results presented, the average shock wave values have been
computed. The average forward moving shock wave is 60.63 km/hr and 60.27 km/hr in the
eastbound and westbound directions respectively. These values are well below the average of
100 km/hr from the findings of Hurdle and Son (2001). The reason this occurs is Hurdle and Son
(2001) measured forward moving shock waves based on free flow speed, and this study
measures it at free flow speed, as well as times when the flow is near congestion. As it is shown
in the previous charts as well as through analysis of the volume-density curve, the shock wave
speed is significantly lower near the capacity, and when the shock wave is in transition between
the congested and uncongested phases (type 1-2 and type 2-2). The average backward moving

shock waves of 22.72 km/hr and 22.53 km/hr in the eastbound and westbound direction
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AM Peak - Off Peak PM Peak Ramp Closed| PM Peak Ramp Open
TYPE|10 minute [short:term |10 minute ishort term |10 minute [short term {10 minute [short term
11| 6901 | 7047 77.74 77.87 59.80 63.21 82.36 67.59
12, — — — — 3583 | 34.87 34.34 36.37
21| 5896 | 67.21 69.78 70.73 5368 | 5165 — 59.96
22 — - | = — 32.69 — 21.99 41.92
31| — — 1175 | -12.31 | -2036 | -19.89 | -16.05 | -33.12
32 — — — — — -2.50 8.17 —
41| — -43.08 — 2493 | -37.04 | 3704 | -1822 | -13.13
az| — — — — — — 1441 | -16.36
(b} Eastbound Lanes
_AM Peak Off Peak PM Peak
TYPE{10 minute fshort term {10 minute [short term |10 minute short term
11| 5104 | 6480 | 7666 | 77.58 | 73.04 | 63.77
1-2| 3051 48.76 — — — 35.99
21| 47.24 4194 | 8246 | 82.73 69.19 68.05
22 — 20.05 — — — —
32| -1530 | -1743 | -4.40 440 | -2407 | -24.07
41| -19.85 | -22.85 — — — —
42 — — -24.27 | -12.73 — -43.87




respectively are comparable to the values of 18.34 km/hr from Lu and Skabardonis (2007) and

25 km/hr from Hurdle and Son (2001).

The distributions of shock wave speed are shown in Figure 5.1 for the eastbound and
westbound lanes. Conventionally, backward moving shock waves are negative based on the
formula of a shock wave (the volume and density will carry different signs) but for analysis, an
absolute value is used. 1t is interesting to note that in both cases, a higher shock wave speed is
observed for the non-crash cases. This is against the expectation that a faster moving shock

wave has a higher influence on crash risk.
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Figure 5.1: Frequency of Crashes

Thus, the distributions of shock wave speed were compared separately for the two different
directions of movement — a forward moving wave or a backward moving wave. Figure 5.2 (a)

shows the forward moving shock wave distribution for the eastbound lanes and Figure 5.2 (b)
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shows the distribution for the westbound lanes. It is clear in both cases that a faster moving
forward shockwave has a positive effect on crash risk. This conclusion is conceivable because
when vehicles progress faster in uncongested zone or vehicles deparf from a congested region
faster, the vehicles approaching the congested area are less likely to slow down and
consequently crash likelihood decreases. This is consistent with findings from Abdel-Aty et al.

(2007), where faster removal of congestion prevents growth of queue, but also reduces crash

risk.
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Figure 5.2: Frequency of Crashes —~ Forward Shock waves

In the case of backward moving shock waves, as shown in Figure 5.3, there seems to be a higher
frequency of cases with faster moving shock waves in the crash cases than in the non-crash
cases. This would lead to the conclusion that a faster moving backward shock wave has higher
crash likelihood. A higher crash risk with a faster moving backward shock wave is plausible,

given that when a queue grows faster, it is difficult for vehicles entering queue to react quicker
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and adjust speeds to avoid a crash. Unfortunately, there are a limited number of cases available

for proper comparison.
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Figure 5.3: Frequency of Crashes— Backward Shock waves

Detailed results of shock wave type and speed for both crash and non-crash cases in both the

10-minute and short term periods can be found in Appendix A.

52  Effect of Ramps on Mainline Traffic

Data was available for the on and off ramps in the westbound lanes for 60 of the 114 crash
cases. This data was used to analyze what effect the ramps have on traffic conditions prior to a
crash. Figure 5.4 graphically compares the mainline stations (60, 70, 80, 90, and 100) to the off
ramp (110) and the on ramp (120) for one crash case. In this particular case, the crash occurs at
18:32:03, the time when the volume is decreasing, but both the on and off ramps do not seem

to be effected by the crash occurrence. Similar phenomena were observed in all other cases.
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This may be because the detector stations on ramps are distant from the area influenced by

mainline traffic. Due to this limitation, no further analysis was conducted in the scope of this

thesis.
40 - —
30 T
: -ois RIES
Volume 20 - ta S _ S
{veh/20sec) B :

errrdl

10

l.‘,‘
l“
-~ vi
1] ~*H~‘n—rﬁ§z‘r; i#‘m‘r»"‘l'.‘]‘v’m-i’ﬁ"!‘ﬁ,“:‘w?“ﬂ"!"’r"ﬁﬁ’?r;“:i=!"r»‘rr‘:'i’7‘r“v"x“i‘(‘7‘l‘i"ﬁ T P T T T TP T AT
O W O 0N g O WO W o ng w O W o WO O WO 1n
I A = R e e R R I = = TE= B S B B I B B N T
Time of Day
[ ...... 60 = e=110 120'

Figure 5.4: Comparison of Ramp and Mainline Traffic Volumes
53 ideal Time Period
Throughout the course of this thesis, both the 10-minute and short term periods have been
evaluated thus far. However, given that there are more cases available with the short term data
and the traffic conditions during the short term period prior to the crash time has a greater

impact on the traffic; the short term data were used for future analysis.

54  Logistic Regression Model

The results in section 5.1 show that the distributions of frequency were different between crash
and non-crash cases. To determine the statistical significance of these results, a logistic
regression is used to develop a model based on shock wave speed. In this particular model, the
time of day, geometry and weather conditions are controlled for since these variables are the

same for both crash and non-crash cases. Thus, the pure effect of the shock wave type and
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speed on crash likelihood can be tested. Following the results in section 5.1, the cases have

been split up by the type of shock wave.

Several variables such as shock wave speed, forming and recovery waves, and change in zone
and no change in zone waves were considered to develop a model for different directions of
shock wave movement. Among the variables, only shock wave speed was found to be the
significant factor. For the case of forward moving shock waves in the eastbound lanes, the

logistic regression model was estimated as follows:

P(Y=i) _ _
lnm = 1.2820 — 0.0247 * ShockSpeed (9)

where ShockSpeed is the actual shock wave speed in km/hr. For the westbound lanes, logistic

regression model was estimated as follows:

P(Y=i) _ _
lnm = 1.0319 — 0.0205 * ShockSpeed (10)

The shock wave speed was statistically significant at a 95% confidence interval with the p-values
of 0.0267 and 0.0332, respectively. The negative coefficients indicate that a slower moving
forward shock wave will increase the odds of a crash. This means that faster progression of
vehicles will not only help alleviate congestion, but also reduce the chance of a crash

occurrence.

Similar analysis was performed for the backward moving shock waves. in both cases (eastbound
and westbound), no significant variables was found. Although there was no significant variable,
it is worth to note that the sign of the coefficient was positive, which indicate a faster moving
backward shock wave would increase the odds of a crash. To confirm this assumption, more

cases of backward moving shock waves are needed.
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55 Loglinear Model

As mentioned in the previous chapter, the log linear model is ideal for the crash analysis
because it can account for the exposure. Annual average traffic volume (AADT), road geometry
(straight, merge or diverge) and weather conditions (normal or adverse)} were considered as
exposure. Weather conditions were labeled as normal for days with good weather and were
marked adverse for the rest of the days, whether it was heavy rain, drizzle, snow, sleet, or any
other condition. They were labeled in this manner to avoid multiple factors for weather and to
avoid zero values when calculating exposure. For the log linear model, only the crash cases are
used for the two directions of traffic flow (eastbound and westbound). Four categorical
variables including geometry, weather, shock wave type (forward or backward} and shock wave
speed (low or high) were considered in the development of this model. An interaction term

between shock wave type and shock wave speed is also considered in this analysis.

The shock wave speeds were categorized as low or high speed based on the median value for
the non-crash cases in their respective direction of travel (64.96 km/hr for eastbound lanes and
60.29 km/hr for westbound lanes). The exposure is the only continuous variable in the model.
The values for calculated exposure rate in veh-km are given in Table 3-2, with the values for
normal and adverse weather conditions being 86.8% and 13.2%, respectively. To calculate the
exposure for the given road section and given weather condition, total AADT for each road
section type is multiplied by the percentage of time for normal or adverse weather conditions.
Negative binomial regression model was developed to avoid the assumption from the Poisson

regression (mean = standard deviation).
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In the eastbound lanes, the weather, type and speed were found to have statistical significance

at 95% using a total of 36 cases, based on the Poisson analysis and the model for this is:

In(Fy) = —8.95 + Awgatuer + Asnockryee + Asuockspeep + 0.434 * In(exp) (11)
Where,

F; = expected frequency of crash;

AWEATHER = coefficient for weather (normal or adverse);

AsHockTyPE = coefficient for shock wave type (forward or backward);

AsnockspeeD = coefficient for shock wave speed (low or high);

exp = continuous value of exposure.

The interaction term between shock wave type and shock wave speed is not significant in the
easfbound lanes. The coefficients for each variable are given in Table 5-5. Negative binomial
regression did not yield any significant results. However, Poisson regression may be used in this
instance because the overdispersion does not exist, indicated by the Pearson Chi-Square divided
by degrees of freedom (1.0312) being close to one. When comparing the values from the base
values, positive coefficients for normal weather conditions, forward moving shock waves and
low shock wave speed indicates that these factors contribute to higher crash likelihood than the
adverse weather conditions, backward moving shock waves, and high shock wave speed,
respectively. The positive effect of normal weather conditions is likely due to the fact drivers
can be less cautious when driving in normal weather conditions. Also, due to better visibility, it
can be speculated that drivers are more inclined to use excessive speeds, and attempt passing

maneuvers.

44



Table 5-5: Results of Log Linear Model - Eastbound Lanes

Condition Value p-value

. Normal 1.26 0.0174
Mt advere | 0 =
o Forward 1.82 0.0002
Asyocxrvee Backward 0 _

\ Low 0.82 0.0233 |
Asyocxseeen High 0 —

In the westbound lanes, negative binomial regression is used with a total of 75 cases and all of

the factors tested are statistically significant at 95%. The formula for the westbound lanes is:

In(Fij) = —7.38 + Aceometry + AweaTHER + Asnockryee + Asvockspesp + Ars + 0.434 * In(exp)

(12)
Where,
Fi= expected frequency of crash;
Ascomerry = coefficient for geometric condition (straight, merging or diverging);
AWEATHER = coefficient for weather (normal or adverse);
AshockTyeE = coefficient for shock wave type (forward or backward);
Ashockspeed = coefficient for shock wave speed (low or high);
ArvpEspeen = coefficient for interaction between shock wave type and shock wave speed;
exp= continuous value of exposure.

Since the Pearson Chi-Square parameter divided by the degrees of freedom is close to one
(1.68), the overdispersion does not exist in this model. The model also considers an interaction
term between the shock wave type and shock wave speed. This term will be used later for log-
odds ratio calculations. Comparing the coefficients shown in Table 5-6 in a similar fashion to the
eastbound lanes, normal weather conditions, forward moving shock waves and lower speed
shock waves are all positive contributors to crash risk. The comparison of coefficients for three
geometry variables shows that the diverging section has the highest crash risk (indicated by the

highest coefficient value), followed by the merging sections and then by the straight sections of
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roads. This result can be attributed to more difficuity with reducing speed to exit from mainline
freeway in the diverging road sections compared to other road section types.

Table 5-6: Results of Log Linear Model - Westbound Lanes

Condition Value »p—val,ue 7
Straight <152 | <0.0001_

Agromemy Merging | -141 | <0.0001

Diverging | 0 —
, Normal | 084 | 0.0041
Aweamer Adverse o ‘__'
As Forward 1.76 0.0004
HOCKTYPE Backward 0 _
Low 1.71 0.0008
Asnocle;l'l:m High 0 —
Forward | ;36 | 00197
-and Low
Forward 0 _
and High
Arveeseeen Backward o _
and Low
Backward 0 .
and High

Using the formulas above, the expected frequency of crashes for each case can be calculated.
For example, the expected frequency for the westbound lanes for the 13-month period on
straight section, under normal weather conditions, in the case of a forward moving shock wave
and a low shock wave speed is calculated as follows:

In(Fy) = —7.38 + Acromerry + Aweather + Asnockryee + Ashockspeep + ArypespEep + Bexp * Iniexp)

In(F11) = —7.38 + (—1.52) + 0.84 + 1.76 + 1.71 + (—1.36) + (0.434) * Ini{$6,995,375)

ln(Fij) = 1.88
Fij — e1.88
F; = 6.55
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The expected frequencies can be calculated in a similar manner for all cases, and compared with
the observed frequencies to check for model fit. The results for the eastbound and westbound
lanes are shown in Table 5-7. The observed and expected frequencies correspond well for the
eastbound lanes; however there is more variance in the westbound lanes. The observed and

expected frequencies are different because of the high number of zero cells in the westbound

lanes.
Table 5-7: Observed and Expected Freguencies
(a) Eastbound Lanes
OBSERVED EXPECTED
WEATHER —> Normal | Adverse | Normnal | Adverse
' SHOCKTYPE | SHOCK SPEED
Forward Low 18 2 19.14 239
Forward High 9 2 8.42 1.05
Backward Low 5 0 3.09 0.39
Backward High 0 0 1.36 017
TOTAL 32 4 32.01 4.00
{b) Westbound Lanes
OBSERVED EXPECTED
WEATHER —> Normal | Adverse | Normal | Adverse
SHOCKTYPE | SHOCK SPEED | GEOMETRY +
Straight 4 0 6.58 1.25
Forward Low" Merging 3 1 3.73 0.71
' Diverging 16 6 15.68 | 2.98
Straight 8 0 4.61 0.88
Forward High Merging 5 0 2.61 '0.50
Diverging 8 2 10.98 2.09
Straight 7 0 441 | 0384
Backward Low Merging 1 (1) 2.50 0.47
Diverging 13 1 10.50 2.00
Straight 0 0 080 | 0.15
Backward ‘High Merging (1 0 0.45 0.09
Diverging 0 0 1.90 0.36
TOTAL 65- ‘10 64.75 | 12:32

As mentioned in the earlier, the exposure is essential to estimate the impact of factors on crash

likelihood. The results of the log linear models with and without exposure measures were
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compared. As shown in Table 5-7, there is noticeable difference between the two models.
Although the positive effect of normal weather conditions remains unchanged, the coefficient
has been increased in the model without exposure. In terms of road geometry, the coefficient
for the straight sections is now higher than the coefficient for the merging sections (i.e. crash
likelihood is higher on straight sections) although both coefficients are still lower than the
coefficient for the diverging sections. This result is counter-intuitive since drivers usually have
more difficulty with speed change and lane change on the merging section than the straight
section, crash likelihood is more likely to be higher on the merging section. The differences
stem from the fact that the model without exposure only considers the total number of crashes
and neglects the difference in exposure. As shown in Table 3-2, the total vehicle-kilometres of
travel for straight section is almost five times greater than the merging section (77 million
veh*km/13 months compared to 16 million veh*km/13 months). This means that inherently
higher crash frequency on the straight section than the merging section is expected due to the
longer road section and higher traffic volume. Thus, the results from the model with exposure

are considered more valid and realistic.

Tabie 5-8: Exposure Comparison ~ Westbound Lanes

Condition With Exposure | Without Exposure
Intercept -7.38 -1.02
Straight -1.52 0.87
Geometry Merging 141 -1.44
Diverging 0 0
Normal 0.84 1.66
Weather y
Adverse 0 0

Finally, odds ratios were computed to evaluate the effects of the interaction between shock

wave type and speed on the crash frequency for the westbound lanes. The formula derived in
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the previous chapter is used for calculations of the odds ratio. The backward moving shock
wave is set as base case. A sample calculation is shown below for the forward moving shock

wave at a low speed.

f_ii_ = A=) 4 o(Awir—Awan)
Fij
E?_U - e(/lx(O)_/lX(I)) * e(/lxy(oa)—ﬂxy(m))
F1o
Foo = 1.76-0) , o[(—1.36)-0]
F1o
Foo
—-— =149
Fio

Table 5-9 compares the odds ratio. The odds ratio greater than 1 for the forward moving shock
wave indicate that forward shock waves have a greater effect on crash risk than the backward
moving shock wave cases at both high and low shock wave speeds. However, the relative
impacts of forward moving shock wave to backward moving shock wave differ between high and

low shock wave speeds (1.49 and 5.81, respectively).

Table 5-9: Log-odds Ratio - Westbound Lanes

Shock wave Speed
Low (0} High (1)
Shock wave d 1.49
Type Forward (0} . 5.81
Backward (1) 1 1
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6 CONCLUSIONS AND RECOMMENDATIONS

6.1 Conclusions

Overall, several conclusions can be drawn based on the analysis. First, a new insight was
provided in determining shock wave speed. The presence of shock wave speed can be
estimated in real time using real-time traffic flow data and the volume-density relationship. The
estimated shock wave speeds were generally consistent with findings from other researchers.
Second, shock waves occur during a short time period before a crash occurrence and their
patterns are different in different time periods of the day. Using these important findings from

this thesis, the movement of queue was found to have significant effects on crash risk.

Using the shock wave speeds for crash and non-crash data on the stretch of studied freeway,
logistic regression models and log linear models were constructed to predict the likelihood of
crashes. The results of the logistic regression models show that as the speed of a forward
moving shock wave decreases crash likelihood increases. In contrast, the opposite trend was
observed for the backward moving shock waves. As the speed of backward moving shock wave
increases, crash likelihood also increases in spite of the statistical insignificance of the results

due to the lack of data.

The results of the log linear model show that normal weather conditions, forward moving shock
waves and high shock wave speeds increase the crash likelihood in both the eastbound and
westbound lanes. In the westbound lanes, it was also found that the road geometric conditions
were significant, with diverging sections having the highest crash likelihood, followed by
merging sections and straight sections. It is important to note that the inclusion of exposure in

the model produces different results and represents the effect of each factor on crash frequency
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more intuitively. Lastly, there exists an interaction between shock wave speed and shock wave
type on crash frequency. It was found based on the odds ratios that forward moving shock
waves have greater effect on crash likelihood than backward moving shock waves at both high
and low shock wave speed. This relative effect is more significant when shock wave speed is

higher.

6.2 Recommendations

Several recommendations are made based on the current findings. The first and most
important recommendation is to analyze the effect of backward moving shock waves on
freeway crash likelihood using additional data. It is also recommended to investigate “spatial”
(not only temporal) propagation of shock wave and its consequent effect on crash likelihood
using the traffic flow data both upstream and downstream of the crash locations. In addition,
the traffic data on ramps at the location closer to the mainline freeway can help capture the
effect of ramp traffic volume on shock wave and crash likelihood. To evaluate the transferability
of the findings, the same methodology can be applied to other sections of the studied freeway
and other freeways. Along the same lines, another set of detector and crash data in a longer
time period can be used for the same section of freeway to validate the models. Also, the
effects of other exploratory variables such as the number of lanes (if they are different across
the sections) can be examined. Also, the volume-density relationship can be altered based on
the weather conditions to produce a different graph in adverse conditions. By doing this, the
shock wave types may change, and may give slightly different results. Lastly, methodology to
automatically measure shock wave speed and type based on real-time data needs to be

investigated for real-time applications.
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As far as the practical applications are concerned, the findings of this research can be applied to
real time crash predictions and development of crash mitigation strategies, such as variable

speed limits and driver warning messages.
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TABLE A-1: Shock wave Types for Crash Cases

10 MINUTE SHORT TERM

LANE TIME PERIOD CRASH ID

TYPE SPEED TYPE SPEED
East AM Peak 1185 2-1 51.18 2-1 51.18
East AM Peak 1482 0 0
East AM Peak 2224 0 4-2 -25.62
East AM Peak 3540 2-1 76.54 2-1 105.48
East AM Peak 6278 3-2 -21.06 3-2 -21.06
East AM Peak 6312 0 0
East AM Peak 7419 0 4-2 -18.21
East AM Peak 8165 2-1 26.66 2-1 26.66
East AM Peak 8386 0 2-2 26.17
East AM Peak 9280 1-1 62.02 1-1 62‘.02
East Off Peak 161 4-1 -21.34 4-1 -21.34
East Off Peak 169 1-1 54.94 1-1 54.94
East Off Peak 450 0 0
East Off Peak 547 2-1 87.15 2-1 87.15
East Off Peak 1250 0 2-2 16.55
East Off Peak 1254 2-1 60.52 2-1 77.39
East Off Peak 1866 0 0
East Off Peak 1936 0 0
East Off Peak 3647 0 2-1 54.36
East Off Peak 5969 1-1 79.65 1-1 79.65
East Off Peak 6235 0 0
East Off Peak 6419 0 2-1 27.78
East Off Peak 6928 2-1 49.44 2-1 49.44
East Off Peak 7125 0 0
East Off Peak 7349 2-1 73.21 2-1 73.21
East Off Peak 7430 0 0
East Off Peak 7523 1-1 38.27 1-1 26.78
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East Off Peak 7637 1-1 92.78 1-1 78.62
East Off Peak 8675 0 1-1 52.49
East Off Peak 9307 0 0

East Off Peak 9865 2-1 28.98 2-1 33.24
East PM Peak 91 0 3-1 -38.16
East PM Peak 143 0 0

East PM Peak 901 2-1 59.11 2-1 59.11
East PM Peak 1285 0 0

East PM Peak 1813 0 0

East PM Peak 1978 0 0

East PM Peak 2019 1-2 7.11 1-2 7.11

East PM Peak 3302 2-1 64.39 2-1 79.01
East PM Peak 3801 2-1 65.57 2-1 65.57
East PM Peak 5816 0 0

East PM Peak 6167 0 0

East PM Peak 6246 2-1 83.74 2-1 83.74
East PM Peak 6293 2-2 1.05 2-2 1.05

East PM Peak 6569 0 0

East PM Peak 6675 1-1 63.34 1-1 63.34
East PM Peak 6826 0 0

East PM Peak 7009 2-1 71.53 2-1 71.53
East PM Peak 7527 0 0

East PM Peak 8453 0 0

East PM Peak 8767 1-1 42.04 1-1 42.04
East PM Peak 9106 0 0

East PM Peak 9165 1-1 47.27 1-1 47.27
East PM Peak 9687 2-1 46.76 2-1 46.76
East PM Peak 9703 1-1 3111 1-1 31.11
East PM Peak 9885 1-1 74.46 11 74.46
West AM Peak 25 2-1 32.24 2-1 32.24
West AM Peak 99 1-1 64.81 2-1 32.32
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West AM Peak 306 1-1 49.82 1-1 44.65
West AM Peak 420 1-1 65.92 1-1 65.92
West AM Peak 421 1-1 94.40 2-1 91.66
West AM Peak 1300 0 0
West AM Peak 1766 1-1 53.05 1-1 56.52
West AM Peak 1837 1-1 75.65 1-1 76.88
West AM Peak 1839 0 0
West AM Peak 2697 2-1 75.75 2-1 75.75
West AM Peak 3486 1-1 37.68 2-1 46.90
West AM Peak 6017 1-1 55.56 1-1 55.56
West AM Peak 6108 0 0
West AM Peak 6325 2-1 39.68 2-1 39.68
West AM Peak 6328 1-1 63.87 2-1 61.84
West AM Peak 6378 0 0
West AM Peak 7240 0 0
West AM Peak 7442 0 0
West AM Peak 7443 0 0
West AM Peak 7588 1-1 52.97 1-1 48.45
West AM Peak 7624 1-1 4494 2-1 66.03
West AM Peak 7661 0 0
West AM Peak 7954 0 0
West AM Peak 8476 1-1 58.32 2-1 47.14
West AM Peak 8712 0 0
West AM Peak 8897 1-1 71.03 1-1 71.03
West Off Peak 75 0 0
West Off Peak 323 1-1 75.53 1-1 75.53
West Off Peak 327 0 0
West Off Peak 941 11 81.36 11 80.72
West Off Peak 1018 0 4