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Abstract
Adverse weather has a direct effect on traffic congestion, capacity, and road safety. Rain
can influence traffic flow and headway. Thus, it is important to study the impact of weather
conditions on traffic. In this thesis, headway data from a north-south highway in Tehran is
categorized according to weather conditions and traffic flow. A statistical analysis of this
data is presented which show that the mean time headway increases in rainy weather and
the traffic flow rate is lower. The probability density functions fit to the headway data and
these distributions are then evaluated using the Chi-Squared (C-S) and Kolmogorov-
Smirnov (K-S) tests to determine which is the most suitable. To generalize results for
different traffic flow rates, another highway was selected for data collection. The results
obtained show that the Burr distribution is the best to model the headway data in clear and
rainy weather with a higher traffic flow. Moreover, the generalized extreme value
distribution is the best to model the headway data in clear and rainy weather with a lower
traffic flow. This justifies the use of different time headway distributions in rainy and clear

weather conditions and different traffic flow rates for traffic modeling.
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Chapter 1

Introduction

1.1 Motivation and background

Congestion on a road occurs when demand exceeds the capacity of road facilities. Traffic
congestion is increasing in every major metropolitan area. Consequently, traffic modeling
has become an important field of research in solving traffic engineering problems. There
are two main types of traffic models based on the level of detail: macroscopic and
microscopic. Macroscopic models consider the average traffic flow and related parameters
such as speed and density. Microscopic models consider individual vehicles and their
interactions. These models characterize vehicle behaviour on a road and focus on small
changes in the traffic flow over time and space. This requires collecting data for individual

vehicles [1].

Headway is one of the vehicle parameters used in traffic modeling. There are two types of
headway: time headway and distance headway. Distance headway is usually called
spacing, and time headway is referred to here as just headway. Headway is defined as the
time between two consecutive vehicles and is the difference in time when the front bumpers
pass a reference point on a road in a lane [2]. If the ith vehicle (xi) passes the reference

point at time t,; and the next vehicle (xi+1) passes this point at time ¢, , the headway is

hy, = to,,. — by, (1.1)

and the distance headway is



dy, = hy, X 5y, (1.2)
where s, is the ith vehicle speed. Traffic engineers typically use headway data for analysis

because it is easier to collect than spacing data.

On highways with free flow traffic, the capacity is defined as the maximum rate at which
vehicles traverse a specified segment of the roadway. This depends on the road and traffic
conditions, and is related to the minimum headway. In fact, there is an inverse relationship
between headway and highway capacity. A qualitative measure of traffic flow is the level
of service [2]. There are six levels, A to F ranging from the best quality of traffic when it
is free flow to the worst quality when vehicles have very low speeds. At higher service
levels, vehicles have more freedom to choose their speed and headway and to change lanes.

Headway is an important indicator of traffic congestion, level of service, and road capacity

[3].

The complexity of real-world traffic behaviour makes simulation an efficient way to
analyze traffic [4]. It is used to plan and improve traffic conditions based on models of real
traffic data [5]. Parameters such as speed and headway are required to accurately simulate
traffic flow. For instance, the effect of road width and weather on the interaction between
drivers has been determined based on the car type, vehicle speed, and headway [6]. The

distributions of these values can be determined from headway statistics.

Driving behaviour depends on laws and their implementation, culture, social behaviour,
and road conditions. Therefore, traffic statistics differ depending on where and when the

data has been obtained. The influence of weather and type of vehicles on traffic flow rates



3
can be quantified by collecting data and developing probabilistic distributions to

characterize parameters such as the headway, traffic flow, and speed [7]. These models can
be used to characterize the effect of vehicle size, time of day, visibility, and weather

conditions on the headway and traffic [8].

Rainfall causes reduced visibility which increases headway [9]. A study in Putrajaya,
Malaysia showed that the speed is reduced by 4.2% from dry weather to wet weather [10].
A study of vehicle headway during rainfall at night in Pontian, Malaysia showed that the
mean headway increases with rainfall intensity. The headway increased by 3.39% in light
rain, and 16.52% in moderate rain, while there was a 46.83% increase in heavy rain [11].
Another study of a principal road in Johor Bahru, Malaysia indicated that the mean
headway was reduced by 15.66% in light rain. In addition, there was a 19.97% headway

reduction in medium rain, while the reduction in heavy rain was 25.65% [7].

Several statistical distributions have been proposed to describe headway under different
traffic flow conditions. The negative exponential, shifted exponential, and Erlang
distributions have been used to characterize traffic flow [12]. Furthermore, a lognormal
distribution was used for low traffic flow and a log-logistic distribution for high traffic flow
[13]. A semi-Poisson distribution was used to model headway in normal traffic flow
conditions on a two-lane road in Dunedin, New Zealand [14]. Shifted gamma and shifted
lognormal distributions have been used to model headway data from different freeway
sections such as a basic section without any interruptions in traffic flow, a ramp merge, a
lane drop, and a ramp weave [15]. A double displaced negative exponential distribution

was proposed in [16] to model headway in urban areas.
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The effect of different times on the headway has been examined for High Occupancy

Vehicle (HOV) and general purpose lanes which are used by all vehicles without any
restrictions [17]. A double displaced negative exponential distribution was proposed to
model headway data in HOV lanes with high traffic flow rates, and a shifted lognormal

distribution was used to model headway in general purpose lanes [18].

The effect of adverse weather on the headway has also been analyzed. The Burr probability
distribution was used in [7] to model headway for different rainfall intensities. Further,
freeway traffic flow under different rain conditions was studied in [19] to explore the effect
of rainfall intensity on traffic speed. It was found that traffic speed is inversely proportional

to the rain intensity in free flow traffic.

In this thesis, headway under clear and rainy weather conditions is studied using data
collected from two highways in Tehran, Iran. Several statistical distributions are considered
for headway to determine which are the best. The distribution parameters are obtained and

three goodness of fit tests are used to evaluate and compare the distributions.

1.2 Thesis Organization

Chapter 1 provided an introduction to headway and its importance in traffic flow modeling.
Based on previous studies, the factors which influence the headway were presented. The
statistical distributions that have been used to model headway in different conditions were

presented.

Chapter 2 explains the collection of headway data and the corresponding statistical

parameters. This data is categorized into eight datasets according to weather conditions,
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traffic flow rates, and average speeds. Statistical characteristics for each dataset are

determined.

In Chapter 3, the probability distributions considered in this thesis are presented. The
methodology and selection of appropriate distributions are explained. The distribution
parameters are determined by fitting the probability density functions to the data. These
distributions are then evaluated using the Chi-Squared (C-S) and Kolmogorov-Smirnov
(K-S) tests. The results of the goodness of fit tests are discussed in detail to determine the

best distributions.

In Chapter 4, headway data from another highway is modeled to compare with the headway
distributions obtained in Chapter 3. The goodness of fit tests are used to determine the best

distributions.

Chapter 5 concludes the thesis and compares the headway distributions for the two different
highways. A summary of the thesis contributions is given along with some suggestions for

future work.



Chapter 2

Data Collection and Analysis

Tehran does not have many rainy days and has high air pollution levels. These conditions
result in slippery roads during the first few hours of rain. Slippery roads and reduced
visibility lead to reduced control which may increase accident risk. Understanding how
weather conditions can affect headway is important in making policies and installing

variable message signs on highways [10].

The headway data was obtained from the Emam Ali Highway, Tehran, Iran. It is an eight-
lane highway with the two center lanes dedicated to the Bus Rapid Transit (BRT) system
and emergency vehicles. The speed limit on this highway is 90 kilometers per hour (km/h).
The location of the data collection point on Google maps is shown in Figure 2.1. This
section of highway is free of emergency refuge areas, ramps, and bus stops as well as traffic

lights and intersections, so there is free flow traffic.

Video was used to collect the headway data. The video camera belongs to the United Bus
Company of Tehran. It is used to monitor bus lanes and detect cars using these lanes
illegally. It is installed on the Kosar Bus Rapid Transit stop of BRT line 9. This camera
also captures traffic on the highway moving in a north-south direction. The guardrail base
plates serve as reference points to extract data as they can be easily distinguished in the

video. These reference points are indicated in Figure 2.2.



Figure 2.2: An image taken from the video data showing the two reference points.
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The video was recorded at a rate of 30 frames per second and the traffic data was extracted

manually. Information such as the vehicle type, vehicle headway, and vehicle speed was
obtained. The time headway was determined using the time when the front bumper of a
vehicle crosses the first reference point. Vehicle speed was obtained using the two

reference points on the highway which are six meters apart.

The video was recorded on four weekdays between 12:30 and 13:00 in the fall of 2017,
two rainy days (November 5th and 11th) and two clear days (November 6th and 12th). It
was recorded in 15 min segments. The data was filtered to remove unusual vehicle
behaviour. For example, motorcycles and taxis often move parallel to each other in the
right lane and sometimes taxis and automobiles stop to drop off or pick up passengers in
the right lane as shown on the left in Figure 2.1. Thus, to obtain accurate data, headway
data was extracted only from the two left lanes in one direction (north to south). Trucks
over 3.5 tonnes are not allowed on this highway during the daytime. As a result, heavy

vehicles had a minimal effect on the data during the observation times.

2.1 Data Classification

Both headway and speed data were collected. Each 15 min segment of video was divided
into three 5 min sections for analysis. The average speed and traffic flow rate were obtained

for each section. The traffic flow rate is defined as the number of vehicles per hour per lane

(vphpl)

fo=my X 12 (2.1)

where n; is the number of vehicles per lane in the 5 min interval. Based on the average

speeds and traffic flow rates obtained, the data was divided into eight datasets as indicated
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in Table 2.1. The data was divided into two groups according to the weather, rainy or clear.

For the clear weather data, there are two average speeds: 80 to 90 (km/h) and 70 to 80
(km/h). For the rainy weather data, there are also two average speeds: 80 to 90 (km/h) and
60 to 80 (km/h). The data was further classified based on traffic flow rates: less than 1,600
vphpl, between 1,600 and 1,900 vphpl, and greater than 1,900 vphpl for clear weather, and

in rainy weather: less than 1,000 vphpl, between 1,000 and 1,300 vphpl, and greater than

1,300 vphpl.
Table 2.1: Dataset parameters
Dataset Weather condition Traffic flow rate Average speed

(vphpl) (km/h)
N1 Clear >1900 80to 90
N2 Clear Between 1600-1900 80 to 90
N3 Clear <1600 70to 80
N4 Clear Between 1600-1900 70to 80
R1 Rainy >1300 80to 90
R2 Rainy Between 1000-1300 80 to 90
R3 Rainy Between 1000-1300 60 to 80
R4 Rainy <1000 60 to 80

The statistical parameters considered in this thesis are as follows.

Mean

The mean is [21]

S|

H==Y R (2.2)

n
i=1

where n is the number of data values and h; is the ith value.

Median



Put the data h; in ascending order h'; = min hy, h',, ..., A" _,h';

corresponds to the middle of the ordered values

10

= max h;. The median

n+1
m=h'y , k= > n odd (2.3)
= (h' R ) (2.4)
m=—=|h"m 1 n even .
2V @)
Variance
The variance is defined as
n
_ 1 Z(h )2 2.5
var = =3 ) (hi— p (2.5)
i=1
where p is the mean.
Standard Deviation
The standard deviation is
s =+var (2.6)
Table 2.2: Statistical characteristics of the headway data
Dataset N1 N2 N3 N4 R1 R2 R3 R4
Sample size 693 948 869 563 650 603 583 254
Mean 1.72 2.10 2.42 1.91 2.35 2.77 2.99 4.09
Median 1.32 1.65 1.86 1.49 1.83 2.26 2.49 2.80
Variance 1.83 2.04 3.23 2.18 3.16 3.18 3.80 12.29
Std Dev 1.35 1.55 1.80 1.48 1.78 1.78 1.95 3.51
Max 11.00 11.45 1400 1212 1534 1534 13.34 23.00
Min 0.47 0.46 0.50 0.52 0.66 0.67 0.80 1.07
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The number of headway values obtained was 5163. The number of values for each dataset

is shown in Table 2.2 along with the corresponding statistical parameters. This shows that
the median headway is smaller than the mean in all datasets and this difference decreases
with increasing traffic flow rate. Thus, the data is more concentrated in the low values and

IS not symmetric.

In clear weather, the mean headway in heavy traffic flow (1600-2200 vphpl) is 1.72 s,
whereas this value in light traffic flow (less than 1600 vphpl) is 2.42 s. In rainy weather,
the mean headway is between 2.32 sand 4.09 s, while this value in clear weather is between
1.69 s and 2.42 s. This shows that drivers are more careful in rain as the headway is larger
to decrease the probability of an accident. These results confirm that rainy weather has a

considerable impact on headway.

Table 2.2 shows that the variance and standard deviation of headway increase with
decreasing traffic flow rate. The safe headway is defined as 2 s in good visibility and dry
road conditions [22]. Figure 2.3 presents the headway cumulative probability distributions.
In clear weather, a large number of drivers adopt a headway lower than the safe headway
because of the higher traffic flow and speed. During clear weather with a high traffic flow
(N1 dataset), 80% of the vehicles have a headway less than 2 s. This percentage is the
highest among the datasets, followed by N4 and N2 (lower traffic flow rates with 73% and
65% of the vehicles with a headway less than 2s, respectively). Table 2.3 shows that these
percentages decrease with a reduction in traffic flow rate and a change in weather from
clear to rainy. For example, 31% of the vehicles have a headway less than 2 s in rainy

weather and a low traffic flow. Because the risk of an accident is higher with a small



12

headway, especially during peak hours, the need arises to use safety measures such as

variable message signs on highways and following distance warning systems.

1

e
o

Cumulative probability
2 2o 9o 9
[ L =y Ln

=
=

=]

N1
NZ
N3
M4
R1
R2
R3
R4

10

Headway

20

Figure 2.3: The cumulative probability distributions for the eight headway datasets.

Table 2.3: The percentage of vehicles with a headway less than 2 s.

Dataset

N1

N2

N3

N4

R1

R2 R3

R4

Percentage of vehicles 80

65

56

73

57

40 32

31
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Chapter 3

Headway Statistical Distributions

Both single distributions and a mix of two or more distributions have been used to model
headway [23]. The Probability Density Functions (PDFs) of mixed models are complicated
and so parameter estimation is difficult [24]. Thus, single probability distributions are used
in this thesis to model the headway data for both clear and rainy weather. Three goodness

of fit tests are used to evaluate how well a distribution fits a dataset.

To be consistent with previous research, the following distributions are used here to model
the headway data: Burr, generalized extreme value, logistic, lognormal, t location-scale,
log-logistic, Weibull, exponential, extreme value, gamma, and normal. Some of these
distributions have scale, location, and shape parameters. The scale parameter determines
the dispersion or spread of the probability distribution. Figure 3.1 shows the PDF of the
Burr distribution with the same shape parameter but different scale parameters. The
distribution with a scale parameter of 1 is shown in green and is more dispersed than with
a scale parameter of 10 which is shown in red. The location parameter determines the
location or shift of a distribution. It indicates where the distribution is centered on the
horizontal axis. Figure 3.2 shows the PDF of the generalized extreme value distribution
with the same shape and scale parameters but different location parameters. The shape
parameter affects the shape of a distribution. Figure 3.3 shows the PDF of the Burr
distribution with different shape parameters. The distributions used to model the headway

data are described below.


https://en.wikipedia.org/wiki/Statistical_dispersion
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Burr distribution
The Burr distribution has been used to analyze headway data and the effect of rainy weather

on vehicle behaviour [7]. The PDF of the Burr distribution Type XII for non-negative x is

[21]

kc (x\¢ 1
e .
(1+@))

where ¢ and k are shape parameters and « is the scale parameter. The Cumulative

flx) =

Distribution Function (CDF) of the Burr distribution is

F(x)=1- ;k (3.2)

(1+())

Generalized extreme value distribution
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The generalized extreme value distribution is a combination of the Gumbel, Fréchet, and

Weibull distributions. In Type I, k = 0, in Type Il k>0, and in Type Ill k < 0. The PDF

of the generalized extreme value distribution is [21]

1

3 -1 3 -1-%
f(x)=(§)exp —<1+k(xaﬁ))k <<1+k(xaﬁ)>) k # 0 (3.3)

flx) = (l> exp <—exp <—(Xa— '8)> - (= 'B)> k=20 (3.4)

a a

where k is the shape parameter, g is the location parameter, and o is a non-negative scale

parameter. The CDF of the generalized extreme value distribution is

-1

F(X) = exp —<1+k(x;ﬁ)>k k+0 (3.5)
F(X) =exp (—exp (#)) k=0 (3.6)
Logistic distribution
The PDF of the logistic distribution is [21]
exp(EE)
fx) = z (3.7)

a(l+ exp(%))2
where g is the location parameter and « is a non-negative scale parameter. The CDF of the
logistic distribution is
x —
exp—E)

F(x) =
g 1+exp(¥)

(3.8)

Lognormal distribution
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The lognormal distribution has been used to model headway data in non-peak hours [25].

The PDF of the lognormal distribution for non-negative x is [26]

) = 1 exp (—(log(x/a)) )

3.9
xk 21 2k? (3.9)

where k and « are shape and scale parameters, respectively. The CDF of the lognormal

distribution is

1 —(log(x/a))2
F(X) = j_mmexp (2—1(2) du (310)

t location-scale distribution

This distribution is suitable for data with a large standard deviation [21]. The PDF of the t

location-scale distribution is [26]

k+1y [ 4 ]
fx) = F( )i <k I (3.11)
a\/EF( )[ |

where I7 «) is the gamma function, k is the shape parameter, o is the scale parameter,

and g is the location parameter. The CDF of the t location-scale distribution is

2-(5)
k+ 1y [ 4 (v=BY]
F(x)—f r( 2|k+< a >| du (3.12)
walkr(z)] ©

Log-logistic distribution
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The log-logistic distribution has been used to model headway data in moderate traffic flows

and during peak hours [25]. The PDF of the log-logistic distribution for non-negative x is

[27]

= [+ @) x>0 (3.13)

a

where k and « are the shape and scale parameters, respectively. Moreover, the CDF of

the log-logistic distribution is

xk
F(x) = T (3.14)
Weibull distribution
The PDF of the Weibull distribution is [26]
kxk‘l
fO) =—73—X exp(—(x/a)¥) (3.15)

where k and «a are the shape and scale parameters, respectively. The CDF of the Weibull

distribution for non-negative X is

F(x) =1—exp(—(x/a)*) (3.16)

Exponential distribution

The PDF of the exponential distribution is [26]

f(x) = (1/a) —exp (—x/a) (3.17)
where a is the scale parameter. The CDF of the exponential distribution is

F(x)=1—exp (—x/a) (3.18)
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Extreme value distribution

The PDF of the extreme value distribution is [26]

fG) = (1/a) x exp[—(x — p)/a] X exp(—exp [-(x — B)/al) (3.19)

where B and « are the location and scale parameters, respectively. The CDF of the

extreme value distribution is

F(x) = exp(—exp [-(x = p)/al) (3.20)

Gamma distribution

The PDF of the Gamma distribution is [26]

fx) = (x/a)* [exp(—x/a)]/al (k) (3.21)

where 77 «) is the Gamma function, k is the shape parameter and « is the scale parameter.

The CDF of the Gamma distribution is

1
akr (k)

F(x) = fx tk=1 exp((—t/a)) dt (3.22)

Normal distribution

The normal distribution is applicable to a wide range of data. The PDF of the normal

distribution is [26]

exp(—(x — B)*/2a?)
aV2m

fx) = (3.23)
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where B and « are the location and scale parameters, respectively. The CDF of the normal

distribution is

1 X —(t-p)*
F(x) = j e 2a% (dt (3.24)
av2tJ_w

Maximum likelihood estimation

In statistics, Maximum Likelihood Estimation (MLE) is used to estimate the parameters of
a statistical distribution. MLE finds the parameter values that maximize the likelihood
function given the data (observations). The likelihood function is a function of the
parameters of a statistical distribution. This method uses the observed data and obtains

values of the distribution parameters, 6, that maximize the likelihood function

L(8|X) = Hf(xi, 6) (3.25)

where x; is the ith observed data value, n is number of values, and f(x;, 8) is the PDF of

the statistical distribution with parameters 8 = [0, 9,, ..., 6;] [28].

To find 8;, take the first derivative of the likelihood function with respect to 6; [29] and set

it to zero which gives

d n
[ [rao0=0 (3.26)


https://en.wikipedia.org/wiki/Estimator
https://en.wikipedia.org/wiki/Statistical_parameter
https://en.wikipedia.org/wiki/Statistical_model
https://en.wikipedia.org/wiki/Likelihood_function
https://en.wikipedia.org/wiki/Likelihood_function
https://en.wikipedia.org/wiki/Statistical_parameter
https://en.wikipedia.org/wiki/Statistical_model
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3.1. Distribution Parameter Estimation

The procedure of fitting a distribution to the data begins with a histogram which provides
a representation of the shape of the underlying probability density function. The shape of
the histogram helps to identify distribution candidates. In this thesis, the PDF of each
distribution was fit to each headway dataset separately using the MLE technique. For
example, the PDF of Burr distribution for the N1 dataset has parameters k = 0.25, ¢ = 9.07
and o = 0.99.

To find the best headway distribution, the eleven PDFs described previously distributions
were used to model each headway dataset. The parameters of these distributions were
calculated using the MLE technique. The parameters for each distribution for the eight
datasets are given in Table 3.1. This shows that the scale parameter increases with
decreasing flow for most datasets. The PDFs of these distributions and the histogram of
the headway data for each dataset are presented in Figures 3.4 to 3.11. These figures show
that the histograms of the headway datasets are right skewed. Figure 3.4 shows that the N1
headway dataset has the largest percentage of very small headway values (less than 1.1 s)
and this is because of congestion. The histogram of the R4 dataset for rainy weather with
a traffic flow rate less than 1000 vphpl in Figure 3.11 shows that there is a large variation
in headway. This indicates that vehicle behaviour varies more in rainy weather. In the next

section, the goodness of fit tests are conducted.
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Table 3.1: Statistical distribution parameters for the headway data

26

Probability Dataset Shape Scale Location
distribution parameters parameter parameter
Burr N1 k=0.25¢=9.07 a =0.99 -
N2 k=0.33¢c=5.98 a=115 -
N3 k=0.37c=5.08 a=1.28 -
N4 k=0.24c=8.45 a=1.03 -
R1 k=0.33c=6.01 a=128 -
R2 k=0.42c=5.88 a=1.75 -
R3 k=0.52c=4.83 a =197 -
R4 k=0.16 c=8.50 a =156 -
Generalized N1 k=0.36 a=0.43 p=1.19
extreme N2 k=0.31 a =0.64 p =142
value N3 k=0.42 a=0.75 B =155
N4 k=0.41 a =0.49 p=1.29
R1 k=0.42 a =0.67 B =155
R2 k=0.30 a=0.77 p=1.95
R3 k=0.29 a=0.91 p =210
R4 k=0.65 a=113 p =227
Log-logistic N1 k=0.33 a =0.25 -
N2 k=0.53 a=0.30 -
N3 k =0.65 a=0.33 -
N4 k=0.43 a=0.27 -
R1 k =0.64 a=0.30 -
R2 k=0.83 a=0.26 -
R3 k =0.92 a=0.28 -
R4 k=1.09 a=0.38 -
Lognormal N1 k=0.39 a =0.49 -
N2 k =0.57 a=0.54 -
N3 k =0.69 a =0.58 -
N4 k=0.48 a=0.51 -
R1 k =0.68 a=0.54 -
R2 k =0.87 a =0.48 -
R3 k =0.95 a=0.51 -
R4 k=1.16 a =0.66 -
t location- N1 k=1.33 a=0.32 p =127
scale N2 k=1.58 a =0.57 =170
N3 k=179 a=0.74 p=1.74
N4 k=141 a=0.41 p=1.44
R1 k=178 a=0.64 p=172
R2 k=221 a =0.69 S =1.86
R3 k=243 a=0.82 S =1.90
R4 k=253 a=1.03 p=1.21




27

Logistic N1 - a=0.47 p=144
N2 - a =0.66 p=1.83
N3 - a =0.87 p=215
N4 - a =0.58 p =164
R1 - a=0.73 p=2.02
R2 - a =0.83 p =242
R3 - a =0.86 B =2.66
R4 - a =163 B =3.40
Weibull N1 k=151 a =190 -
N2 k=157 a=2.36 -
N3 k=152 a=277 -
N4 k=154 a =215 -
R1 k=155 a =261 -
R2 k=157 a=3.19 -
R3 k=172 a=3.38 -
R4 k=1.36 a =453 -
Exponential N1 - a=1.69 -
N2 - a=2.10 -
N3 - a =247 -
N4 - a=191 -
R1 - a =232 -
R2 - a=2.83 -
R3 - a =298 -
R4 - a =4.09 -
Extreme N1 - a =261 S =259
value N2 - a =259 p=3.04
N3 - a=2.90 p=3.57
N4 - a =2.68 p=2.83
R1 - a=3.12 p =341
R2 - a=3.44 p=4.13
R3 - a =3.05 p=4.15
R4 - a=5.18 p=6.13
Gamma N1 k=23.44 a =0.49 -
N2 k =3.09 a =0.68 -
N3 k =2.65 a=0.93 -
N4 k=3.25 a =0.59 -
R1 k =3.08 a=0.75 -
R2 k=3.30 a=0.86 -
R3 k=3.63 a=0.82 -
R4 k=213 a=192 -
Normal N1 - a=1.39 S =169
N2 - a =155 p=2.10
N3 - a=1.87 p =247
N4 - a=148 p=191
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R1 - a=176 f=232
R2 - a=212 f =283
R3 - a=195 £ =299
R4 - a =351 B =4.09

3.2. Goodness of Fit
The goodness of fit of a statistical distribution indicates how well it fits a set of
observations. Because there are many statistical distributions, three goodness of fit tests

are used here to evaluate how well the distributions fit the headway datasets [30].

First, a quantile-quantile (Q-Q) plot is obtained to indicate graphically the closeness of the
data to the specific distribution. First, the dataset of size n (x4, x5, ..., x,,) 1S ordered from
smallest to largest [31]. Then the ith ordered value of the dataset is plotted against
F~1([i- 0.5]/n) where F is the CDF of the distribution. If the points in the Q-Q plot fall
along a 45 degree line, then the dataset likely comes from this distribution. The Q-Q plots

of all eleven distributions for the eight datasets are presented in Figures 3.12 to 3.19.

Figure 3.12 shows the Q-Q plots of the eleven distributions for the N1 dataset. Comparing
these plots shows that the Burr distribution Q-Q plot in Figure 3.12(a) is closest to the 45
degree line than the other ten distributions, so it provides the best fit for this dataset. Figures
3.13 and 3.19 show that the Burr distribution is also closer to the 45 degree line compared
to the Q-Q plots of the other ten distributions. Figure 3.14 shows that the Q-Q plots for the
Burr, generalized extreme value, log-logistic, and exponential distributions are closer to
the 45 degree line than the other seven distributions. The Q-Q plots for the R4 dataset show
that the Burr and generalized extreme value distributions are closest to the 45 degree line

than the other nine distributions. Comparing the Q-Q plots for the datasets indicates that


https://en.wikipedia.org/wiki/Statistical_model
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the Burr and generalized extreme value distributions better fit the datasets compared to the

other distributions. The nonlinear shape of the Q-Q plots for the t location-scale, logistic,
lognormal, Weibull, extreme value, Gamma, and normal distributions for all datasets

suggests that are not suitable for modeling headway data.
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Figure 3.12: The Q-Q plots for the N1 dataset.
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Figure 3.13: The Q-Q plots for the N2 dataset.
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Figure 3.14: The Q-Q plots for the N3 dataset.
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Figure 3.15: The Q-Q plots for the N4 dataset.
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Figure 3.16: The Q-Q plots for the R1 dataset.
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Figure 3.17: The Q-Q plots for the R2 dataset.
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Figure 3.18: The Q-Q plots for the R3 dataset.
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Figure 3.19: The Q-Q plots for the R4 dataset.
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In order to provide numerical results to support the visual evaluation, two statistical

goodness of fit tests are used in this thesis. The Chi-Squared (C-S) and Kolmogorov-
Smirnov (K-S) tests are the two most popular tests used to examine the goodness of fit of

a distribution [6, 19].

3.2.1. The Kolmogorov-Smirnov (K-S) Test

For data, x4, x5, ..., X,,, the empirical cumulative density function (ECDF) is defined as [32]
S,(x)=k/n (3.27)

where Kk is the number of observations less than or equal to x. The K-S test compares the

ECDF of the data with the CDF of the distribution, so the K-S statistic is [32]

d= mJ?XIF(x) - S, ()] (3.28)

Then d is the maximum absolute difference between the CDF and ECDF over the entire

dataset. A significance level of 5% is used to test the following hypotheses.
H,: the data comes from the distribution.
H,: the data does not come from the distribution.

To test the hypotheses, the p value associated with the K-S statistic is compared with the

significance level. The p value is defined as [33]

In(1-a)] T
(d + —) (3.29)
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If p is greater than 5%, and the distribution is accepted by the goodness of fit test and the

distribution is rejected if p is smaller than 5%. Table 3.2 gives the K-S test results and p

values for all distributions for each dataset.
3.2.1. The Chi-Squared (C-S) Test

Another statistical test for distributions is the Chi-Squared (C-S) goodness of fit test. The
C-S test is used to determine if a dataset comes from a given probability distribution. This

test applies to binned data so the data is divided into N bins.

The goodness of fit results are dependent on the bin size. The results obtained can be

different if the bin size is too small. The Stat::fit [34] statistical software package

recommends N = 3/2n while in [35] N = 2 n§ was determined to be optimum. Therefore,
the latter value is used here. Then the number of data values that fall into each bin is
compared to the expected number of values for that bin. An important feature of the C-S
test is that it can be applied to any distribution that has a CDF. For data, x4, x5, ..., x,, and
PDF f(x), the C-Stest is used to determine whether there is a significant difference between

the expected frequencies and the observed frequencies. The C-S test-statistic is [24]

N
0; - E)2
Z (3.30)

i=1

where 0; is the observed frequency for the ith bin and E; is the expected frequency for this

bin defined as [34]

Ei :nXPi (331)
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with Pi = P[xl <x< xi+1] = F(xi+1) - F(xl) (332)

where P; is the probability that a value falls in the ith bin, F is the CDF of the distribution,

and x;,; and x; are the boundries of the ith bin. The hypotheses for this test are as follows.
H,: there is no significant difference between the expected and observed frequencies.
H,: the expected and observed frequencies are different.

The hypothesis test for a distribution was conducted with a 5% significance by comparing
the test statistic to a critical value from the C-S distribution with N — k — 1 degrees of
freedom where k is the number of parameters in each distribution, for example for the Burr
distribution, k = 3. The critical values for the C-S test statistic are given in Table A.1 in

Appendix A. The p value associated with the C-S statistic (y?) is [36]
p=1—F,(xN—k—1) (3.33)

where sz(.;N —k — 1) is the CDF of a y2 distribution with N —k — 1 degrees of

freedom and y2 is the C-S statistics of the data. A larger p value represents a more
compatible distribution for a dataset. Table 3.2 gives the C-S test results and p values for

all distributions for each dataset.

Table 3.2: Goodness of fit test results for the headway data

Probability Dataset Chi- p Kolmogorov- p
distribution Squared test Smirnov test
Burr N1 accepted 0.069 accepted 0.772
N2 accepted 0.421 accepted 0.156
N3 rejected 9.455e-05 accepted 0.222
N4 accepted 0.324 accepted 0.438

R1 accepted 0.099 accepted 0.170




R2 accepted 0.603 accepted 0.499
R3 accepted 0.657 accepted 0.790
R4 rejected 0.031 accepted 0.313
Generalized N1 rejected 2.656e-06 rejected 0.015
extreme N2 rejected 0.011 accepted 0.235
value N3 accepted 0.072 accepted 0.828
N4 rejected 0.031 accepted 0.602
R1 accepted 0.193 accepted 0.824
R2 accepted 0.053 accepted 0.817
R3 accepted 0.067 accepted 0.813
R4 accepted 0.072 accepted 0.883
Log-logistic N1 rejected 7.319e-14 rejected 9.051e-04
N2 rejected 1.154e-08 rejected 0.002
N3 rejected 1.228e-04 rejected 0.001
N4 rejected 8.190e-10 rejected 0.014
R1 rejected 1.538e-05 rejected 0.042
R2 rejected 1.019e-13 accepted 0.239
R3 rejected 4.617e-04 accepted 0.649
R4 rejected 1.366e-05 accepted 0.099
Lognormal N1 rejected 4.091e-15 rejected 2.653e-10
N2 rejected 5.171e-19 rejected 5.751e-05
N3 rejected 8.161e-11 rejected 3.984e-05
N4 rejected 1.924e-13 rejected 3.301e-06
R1 rejected 1.316e-09 rejected 0.003
R2 rejected 2.400e-32 rejected 6.096e-06
R3 rejected 5.906e-09 rejected 0.014
R4 rejected 1.252e-05 rejected 0.006
t location- N1 rejected 1.325e-14 rejected 3.120e-10
scale N2 rejected 3.289%¢-20 rejected 4.136e-17
N3 rejected 6.400e-20 rejected 9.487e-20
N4 rejected 4.983e-12 rejected 1.706e-10
R1 rejected 9.778e-13 rejected 9.512e-11
R2 rejected 2.621e-13 rejected 4.052e-09
R3 rejected 3.081e-09 rejected 6.761e-06
R4 rejected 2.034e-12 rejected 4.004e-08
Logistic N1 rejected 2.987e-34 rejected 9.334e-20
N2 rejected 3.625e-36 rejected 2.712e-20
N3 rejected 3.403e-36 rejected 2.123e-19
N4 rejected 3.161e-23 rejected 1.716e-14
R1 rejected 9.127e-19 rejected 2.465e-13
R2 rejected 7.754e-12 rejected 2.785e-14
R3 rejected 4.246e-15 rejected 1.857e-07
R4 rejected 2.879%-10 rejected 4.014e-09
Weibull N1 rejected 2.586e-27 rejected 7.038e-28
N2 rejected 1.106e-26 rejected 2.951e-19

49



N3 rejected 8.503e-16 rejected 7.650e-13

N4 rejected 5.912e-14 rejected 4.139%e-16

R1 rejected 5.708e-14 rejected 1.951e-13

R2 rejected 4.131e-31 rejected 8.772e-16

R3 rejected 2.236e-23 rejected 5.513e-09

R4 rejected 2.689e-07 rejected 5.060e-05

Exponential N1 rejected 6.148e-16 rejected 2.913e-74
N2 rejected 5.215e-64 rejected 6.437e-76

N3 rejected 7.1730e-10 rejected 2.632e-52

N4 rejected 5.537e-08 rejected 2.214e-52

R1 rejected 6.911e-09 rejected 1.090e-50

R2 rejected 1.452e-36 rejected 7.359e-52

R3 rejected 2.081e-50 rejected 1.053e-44

R4 rejected 1.351e-23 rejected 3.135e-14

Extreme N1 rejected 2.291e-50 rejected 6.182e-86
value N2 rejected 9.411e-176 rejected 5.238e-89
N3 rejected 5.014e-43 rejected 2.728e-68

N4 rejected 9.591e-35 rejected 3.140e-65

R1 rejected 5.606e-38 rejected 1.669e-66

R2 rejected 3.825e-93 rejected 2.588e-53

R3 rejected 8.978e-88 rejected 7.780e-43

R4 rejected 8.398e-12 rejected 1.790e-22

Gamma N1 rejected 4.105e-22 rejected 5.003e-19
N2 rejected 2.386e-24 rejected 1.890e-12

N3 rejected 7.170e-21 rejected 1.657e-08

N4 rejected 8.876e-21 rejected 4.516e-12

R1 rejected 1.877e-19 rejected 3.445e-08

R2 rejected 4.316e-18 rejected 1.313e-12

R3 rejected 8.117e-13 rejected 2.556e-06

R4 rejected 3.079e-09 rejected 1.532e-05

N1 rejected 7.007e-49 rejected 1.355e-37

N2 rejected 1.540e-62 rejected 4.897e-30

N3 rejected 2.272e-26 rejected 3.953e-22

N4 rejected 1.324e-28 rejected 9.790e-24

Normal R1 rejected 8.201e-34 rejected 5.129e-20
R2 rejected 5.337e-31 rejected 7.160e-29

R3 rejected 4.203e-31 rejected 2.043e-17

R4 rejected 3.611e-14 rejected 2.389%-11
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If ap value in Table 3.2 is less than 0.05, the distribution is rejected by the goodness of fit test,

and if this value is larger than 0.05, the distribution is accepted. According to the K-S and C-
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S test results, the Burr distribution was accepted by both tests for the N1, N2, and N4

datasets. Thus, it provides the best fit for the headway data in clear weather with higher
traffic flow rates (more than 1600 vphpl). This distribution was also accepted by both tests
for the R1, R2, and R3 datasets. Thus, the Burr distribution passed both goodness of fit
tests at 5% significance for six of the eight datasets in clear weather with traffic flow rates

higher than 1600 vphpl and in rainy weather with traffic flow rates higher than 1000 vphpl.

The generalized extreme value distribution provides the best fit for the R1 dataset as it has
a higher p value for both tests than the Burr distribution. The C-S test p values for the Burr
and generalized extreme value distributions are 0.099 and 0.193, respectively, and for the
K-S test are 0.170 and 0.824. This distribution also provides the best fit for the N3 and R4
datasets. The generalized extreme value distribution passed both goodness of fit tests at 5%
significance for the datasets with the lowest traffic flow rates (less than 1600 vphpl in clear
weather and less than 1000 vphpl in rainy weather). These results indicate that the headway
in clear weather conditions with low traffic flow rates and low average speeds has a similar

distribution to the headway in rainy weather.

The generalized extreme value distribution also passed both goodness of fit tests at 5%
significance for the R2 and R3 datasets. The generalized extreme value distribution was
accepted by the C-S test at 5% significance for five of the datasets. The C-S test results at
5% significance indicate that the generalized extreme value distribution fits the headway
data with lower traffic flow rates. Further, the K-S and C-S test results support the Q-Q
plot results which indicated that the Burr and generalized extreme value distributions are

the best for headway data.
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The log-logistic distribution passed just the K-S test at 5% significance for the rainy

weather datasets with low traffic flow rates less than 1300 vphpl (R2, R3, and R4). All the
other distributions failed the goodness of fit tests at 5% significance for all eight datasets.
Thus, the lognormal, t location-scale, logistic, Weibull, exponential, extreme value,

Gamma, and normal distributions are not suitable to model headway data.
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Chapter 4

Analysis of New Clear Weather Data

A highway similar to Emam Ali highway was considered to validate the results for traffic
in clear weather in Chapter 3. The new headway data was obtained from the Sayad Shirazi
Highway, Tehran, Iran. This is a six-lane highway that runs in a north-south direction. The
speed limit on this highway is 90 kilometers per hour (km/h). The location of the data

collection point on Google maps is shown in Figure 4.1, and Figure 4.2 shows the location

of the new highway relative to the previous one.

Figure 4.1: The location of the new data collection point on Google maps [37].
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Figure 4.2: The locations on the two highways on Google maps where headway data was

collected [38].

Figure 4.3: An image taken from the video data showing the reference point.
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Video from a location on a 1.5 km straight highway section was used to obtain traffic data.

The highway light pole shown in Figure 4.3 serves as a reference point to extract headway
data. The video was recorded on a weekday in clear weather at the same time as on the
Emam Ali highway, between 12:20 and 13:00, on July 30, 2018. To be consistent with the
previous results, headway data was extracted only from the two left lanes in one direction.
The video was divided into 5 min sections for analysis. Based on the traffic flow rate in
each 5 min section, the data was divided into three datasets as indicated in Table 4.1. The
number of data values is 2626.

Table 4.1: New dataset parameters

Dataset Weather condition Traffic flow rate
(vphpl)
T1 Clear >2100
T2 Clear Between 1700-2100
T3 Clear <1700

The statistical parameters were obtained for each dataset and the results are shown in Table
4.2. The mean and median headway increase with a decrease in traffic flow rate as do the
variance and standard deviation. This table shows that the median headway is smaller than
the mean in all datasets and this difference decreases with increasing traffic flow rate. Thus,
the median headway is smaller than the mean in all datasets and this difference decreases

with increasing flow rate.

Compared to the Emam Ali highway data, the new data has a higher traffic flow rate, so
there is a decrease in the mean headway in all datasets in clear weather. The lower variance
and standard deviation also show that the headway in datasets T1 to T3 tends to be very

close to the mean of headway. A comparison of the mean and median for all three datasets
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shows that the mean is larger than the median which indicates that most vehicles have a

headway less than the mean and there is a high concentration of short headways.
Comparing of Tables 2.2 and 4.2 indicates that the max value, variance and standard
deviation of headway in the T1, T2, and T3 datasets compared to those of the datasets
obtained previously have decreased because of the increased traffic flow rates and the more

constant headway.

Table 4.2: Statistical characteristics of the new headway data

Dataset T1 T2 T3
Sample size 1148 1099 379
Mean 1.43 1.72 2.14
Median 1.32 1.56 1.63
Variance 0.35 0.52 3.32
Std Dev 0.59 0.72 1.82
Max 8.67 9.82 16.33
Min 0.16 0.53 0.46

4.1. Distribution Parameter Estimation

Based on the results obtained in Chapter 3, the p values for the goodness of fit tests for the
extreme value and exponential distributions were near to zero, thus these distributions were
not fit to the new datasets in this chapter. To find the best distributions, the Burr,
generalized extreme value, log-logistic, lognormal, t location-scale, logistic, Weibull,
Gamma, and normal distributions were fit to each headway dataset using the MLE

technique. The PDFs of these distributions and the histogram of the new headway data for
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each dataset are presented in Figures 4.4 to 4.6. The distribution parameters obtained for

the three datasets are given in Table 4.3.
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Figure 4.4: The PDFs of all distributions for the T1 dataset.
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Figure 4.5: The PDFs of all distributions for the T2 dataset.
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Figure 4.6: The PDFs of all distributions for the T3 dataset.

Table 4.3: Statistical distribution parameters for the new headway data
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Probability Dataset Shape Scale Location
distribution Parameters parameter parameter
Burr Tl k=0.63c=6.55 a=118 -
T2 k=0.40c=5.24 a=121 -
T3 k=0.49c=7.05 a=131 -
Generalized Tl k =0.06 a=0.38 p =119
extreme T2 k=0.35 a=0.64 £ =140
value T3 k=0.14 a =0.44 B =140
Log-logistic Tl k=0.28 a=0.19 -
T2 k =0.53 a=0.30 -
T3 k=0.46 a=0.20 -
Lognormal Tl k=0.29 a =0.35 -
T2 k =0.57 a =0.56 -
T3 k=0.48 a=0.35 -
t location- T1 k=131 a=0.31 p =245
scale T2 k=162 a =0.60 p=2.36
T3 k=158 a =0.45 p=3.32
Logistic T1 - a=0.27 p =135
T2 - a =0.69 p =183
T3 - a =0.35 p=1.63
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Weibull T1 k=237 a=1.60
T2 k=145 a=2.39
T3 k=2.36 a=1.93
Gamma T1 k=28.01 a=0.18
T2 k=2.80 a=0.76
T3 k=7.63 a=0.23
Normal T1 k=0.59 a =143
T2 k=182 a=214
T3 k=0.72 a=1.72

4.2. Goodness of Fit

The best distributions for each dataset are determined using the goodness of fit tests. The

Q-Q plots of the nine distributions for the three datasets are presented in Figures 4.7 to 4.9.

Figure 4.7 gives the Q-Q plots of the nine distributions for the T1 dataset. This shows that

the Burr distribution is a better fit for the T1 dataset compared to the other eight

distributions. Figure 4.8 shows that the generalized extreme value distribution is closer to

the 45 degree line compared to the Q-Q plots of the other eight distributions. Figure 4.9

shows that the Q-Q plots for the lognormal and generalized extreme value distributions are

closer to this line than the other distributions. The nonlinear shape of the Q-Q plots for the

t location-scale, logistic, Weibull, Gamma, and normal distributions indicates that they are

not suitable for these headway datasets.
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Quantile of the t location-scale distribution

e) The Q-Q plot for the t location-scale distribution.
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Quantile of input sample

Quantile of the Weibull distribution Quantile of the Gamma distribution

g) The Q-Q plot for the Weibull distribution. h) The Q-Q plot for the Gamma distribution.

Quantile of input sample

Quantile of the normal distribution
i) The Q-Q plot for the normal distribution.
Figure 4.7: The Q-Q plots for the T1 dataset.
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d) The Q-Q plot for the lognormal distribution.
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Quantile of the Weibull distribution

g) The Q-Q plot for the Weibull distribution.
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Figure 4.8: The Q-Q plots for the T2 dataset.
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Figure 4.9: The Q-Q plots for the T3 dataset.
The C-S and K-S tests are used to determine the goodness of fit of each distribution. The
results of the goodness of fit tests are presented in Table 4.4. The Burr distribution passed
both goodness of fit tests at 5% significance for both the T1 and T2 datasets with higher
traffic flow rates. The generalized extreme value distribution was accepted by both tests

for the T2 and T3 datasets. The lognormal and log-logistic distributions passed just the K-

S test for the T2 dataset. All the other distributions failed the goodness of fit tests for all
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three datasets. Thus, the lognormal, t location-scale, logistic, Weibull, Gamma, and normal

distributions are not suitable to model headway data.

Comparing the p values of both tests indicates that the generalized extreme value
distribution has higher p values than the Burr distribution. Thus, the generalized extreme
value distribution provides the best fit for the T2 and T3 datasets with lower traffic flow
rates (less than 2100 vphpl). The Burr distribution is the second best distribution for the T2
dataset. In addition, the Burr distribution provides the best fit for the T1 dataset with higher
traffic flow rates (more than 2100 vphpl). The C-S and K-S tests support the Q-Q test result
that the Burr distribution is the best for the T1 dataset and the generalized extreme value

distribution is the best for the T2 and T3 datasets.

Table 4.4: Goodness of fit test results for the new headway data

Probability Dataset Chi- p Kolmogorov- p
distribution Squared test Smirnov

T1 accepted 0.224 accepted 0.584
Burr T2 accepted 0.150 accepted 0.821

T3 rejected 2.451e-04  accepted 0.099
Generalized 14 rejected 2.008e-06  rejected 0.012
extreme
value T2 accepted 0.185 accepted 0.882

T3 accepted 0.056 accepted 0.350

T1 rejected 3.030e-04  rgjected 0.012
Log-logistic "5 rejected 0.011 accepted 0.281

T3 rejected 1.200e-04  rejected 0.029

T1 rejected 1.753e-08  rejected 0.012
Lognormal T2 rejected 0.003 accepted 0.051

T3 rejected 3.000e-04  rejected 2.975e-04

. T1 rejected 1.343e-06  rejected 0.012

t location- : .
scale T2 re!ected 2.231e-08 re J_ected 1.053e-05

T3 rejected 2.781e-04  rejected 3.011e-08

T1 rejected 1.693e-34  rejected 6.787e-07
Logistic T2 rejected 2.310e-26  rejected 5.707e-08

T3 rejected 2.718e-21  rejected 2.358e-08




T1 rejected 1.573e-42  rejected 1.371e-21
Weibull T2 rejected 6.365e-06  rejected 1.393e-08

T3 rejected 3.350e-12  rejected 1.889e-18

T1 rejected 4.131e-15  rejected 1.896e-07
Gamma T2 rejected 1.603e-06  rejected 1.958e-05

T3 rejected 8.681e-08  rejected 0

T1 rejected 1.283e-34  rejected 2.208e-20
Normal T2 rejected 1.736e-13  rejected 2.532e-15

T3 rejected 1.516e-13  rejected 1.277e-16
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Chapter 5

Conclusion

To understand the behaviour of drivers, the impact of weather on headway was examined
in this thesis. Data obtained from the Emam Ali highway in Tehran was used to determine
the statistical characteristics of headway and several distributions were considered. The
headway data, traffic flow rates, and average speeds under rainy weather conditions differ
from those in clear weather. The headway in clear weather with traffic flows greater than
1900 vphpl is the smallest and is the largest in rainy weather with less than 1000 vphpl
traffic flow. This is consistent with previous results that rainy weather causes an increase
in headway because of slippery roads, poorer braking efficiency, and lower visibility. The
influence of rainy weather on the headway and average speeds suggests that drivers modify

their behaviour under rainy conditions.

Finding appropriate headway distributions is essential for traffic simulation. In this thesis,
various statistical distributions were examined and their fit to the headway data was
determined using three goodness of fit tests, Q-Q plot, K-S, and C-S. While some
distributions passed one or two tests, some were rejected by all three tests. In clear weather,
the Burr distribution was found to provide the best fit for high traffic flows, i.e. for rainy
weather with a high traffic flow. This confirms that the Burr distribution is suitable to
model headway in clear and rainy weather conditions with a high traffic flow [7]. The
generalized extreme value distribution was found to provide the best fit for headway in

rainy weather or clear weather with a low traffic flow.
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The headway distributions of the eight datasets show that the distribution patterns in high

traffic flows (greater than 1300 vphpl) and high average speeds (between 80-90 km/h) are
very similar. However, with low traffic flows and low average speeds, there is a similar
pattern.

Comparing the results for the new headway data with the previous results confirms that the
Burr distribution is the best for higher traffic rates. This means that the Burr distribution
fits large headways better than small headways while the generalized extreme value
distribution provides the best fit for lower traffic flow rates. These results show the relation
between headway distributions and traffic conditions. They will be useful in selecting
suitable headway distributions for traffic management and control under different weather
conditions. The results of this thesis can be applied to other traffic applications such as

estimating capacity and the level of service.

5.1 Future Work

Future work can consider further vehicle headway analysis. The data obtained corresponds
to medium traffic flow rates only. Thus, it would be interesting to collect data and find
suitable distributions for rush hour and other situations to generalize the results to all traffic

conditions. Further, the headway can be examined in night conditions.
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Appendix A

Table A.1. Critical values for the C-S test statistic

Degrees of 0.1 0.05 0.01
freedom

1 2.706 3.841 6.635
2 4.605 5.991 9.210
3 6.251 7.815 11.345
4 7.779 9.488 13.277
5 9.236 11.070 15.086
6 10.645 12.592 16.812
7 12.017 14.067 18.475
8 13.362 15.507 20.090
9 14.684 16.919 21.666
10 15.987 18.307 23.209
20 28.412 31.410 37.566
30 40.256 43.773 50.892
40 51.805 55.759 63.691
50 63.167 67.505 76.154
60 74.397 79.082 88.380
70 85.527 90.531 100.425
80 96.578 101.880 112.329
90 107.565 113.145 124.117

100 118.498 124.342 135.807




