LEABHARLANN CHOLAISTE NA TRIONOIDE, BATLE ATHA CLIATH | TRINITY COLLEGE LIBRARY DUBLIN
Ollscoil Atha Cliath | The University of Dublin

Terms and Conditions of Use of Digitised Theses from Trinity College Library Dublin
Copyright statement

All material supplied by Trinity College Library is protected by copyright (under the Copyright and
Related Rights Act, 2000 as amended) and other relevant Intellectual Property Rights. By accessing
and using a Digitised Thesis from Trinity College Library you acknowledge that all Intellectual Property
Rights in any Works supplied are the sole and exclusive property of the copyright and/or other IPR
holder. Specific copyright holders may not be explicitly identified. Use of materials from other sources
within a thesis should not be construed as a claim over them.

A non-exclusive, non-transferable licence is hereby granted to those using or reproducing, in whole or in
part, the material for valid purposes, providing the copyright owners are acknowledged using the normal
conventions. Where specific permission to use material is required, this is identified and such
permission must be sought from the copyright holder or agency cited.

Liability statement

By using a Digitised Thesis, | accept that Trinity College Dublin bears no legal responsibility for the
accuracy, legality or comprehensiveness of materials contained within the thesis, and that Trinity
College Dublin accepts no liability for indirect, consequential, or incidental, damages or losses arising
from use of the thesis for whatever reason. Information located in a thesis may be subject to specific
use constraints, details of which may not be explicitly described. It is the responsibility of potential and
actual users to be aware of such constraints and to abide by them. By making use of material from a
digitised thesis, you accept these copyright and disclaimer provisions. Where it is brought to the
attention of Trinity College Library that there may be a breach of copyright or other restraint, it is the
policy to withdraw or take down access to a thesis while the issue is being resolved.

Access Agreement

By using a Digitised Thesis from Trinity College Library you are bound by the following Terms &
Conditions. Please read them carefully.

| have read and | understand the following statement: All material supplied via a Digitised Thesis from
Trinity College Library is protected by copyright and other intellectual property rights, and duplication or
sale of all or part of any of a thesis is not permitted, except that material may be duplicated by you for
your research use or for educational purposes in electronic or print form providing the copyright owners
are acknowledged using the normal conventions. You must obtain permission for any other use.
Electronic or print copies may not be offered, whether for sale or otherwise to anyone. This copy has
been supplied on the understanding that it is copyright material and that no quotation from the thesis
may be published without proper acknowledgement.



H
1

Swav

.

Vel &

-

b b S mgriie s AN

-

SR L a

T Py

o

AT
Gt S

gt el

22 iy s

o A A BT
Lt

s Y

A
=

u il
- ﬁt‘

L
"

)

WL ETCTIITE | B BN A

“hJ
Prs LV

iy
J

v

i



Trinity College Library Dublin

University of Dublin

THIS THESIS MAY BE READ ONLY
IN THE LIBRARY

Trinity College Library College Street Dublin 2 Ireland



=}

L

2 ]
At s

bt
£t

e
& =
F

=

v
- D
“'.- "
s ’
a Iy,
I',‘ S
v
Ly "
Ay
}
I
[T &
| hd .
s v
Pl ,
v", h‘, ]
by ) X
i : s
=l =g b
1 v
| o . § b
4 0 i
.
.. !
L Ry W
%
-k,
. i
»
\'. ‘F’kv.v. 4
L
|
LA
Rl
S
I R
W'
e

K o
H 4
g ~ L
5| T
‘:l. Iy
\ ' {- s
r '
Ea
. 12
: s
| SRS
| ST

ﬁhf ) \-"ﬁlg"‘ _r:m

L

s ™ o
lI Ig?'g’{ i-'-»".!;l",}' Jl"-' .'3'; o3

e

it

-éJ‘.-.‘ ol

e

gttt

PN .5. T O gl
.- II E}r;? “an ﬂ “- :
{ : 1" :

wﬂ@%}
. :.}:. v:v« ';‘;‘F

_J-." ..'-. Lk

4,13‘..' \--.-.U." '| \..u.

"r'...' 11.;!\ v, |

.;ﬁgkyg'

S [ Y

ﬁw%ﬁ
el 'r;r_" -Lﬁr'rn'- i
en

ok

1..- i ‘l f;' |.-.-'f17:'

I'}J-}
.-*. : '-f—-.JI{—

i“:*’]‘ﬂ. B

A Ve -.1\.:.-[:: 3 lj_

L

)

o o™
eyl

.:{. :




MODELLING OF SITE-SPECIFIC TRAFFIC LOADING

ON SHORT TO MEDIUM SPAN BRIDGES

by

SAMUEL GRAVE

Thesis Submitted to the University of Dublin, Trinity College,

for the Degree of Doctor of Philosophy

October 2001



TRINITY COLLEGE
11 JUN 2002

lJ_BRARY DUBLIN




DEDICATION

Je dédie cette thése a mes parents, Jean-Pierre et Maryvonne, et a Victoria

11



DECLARATION

The author hereby declares that this thesis, in whole or in part, has not been submitted to
any other university as an exercise for a degree. Except where reference has been given in

the text, it is entirely the author’s own work.

The author confirms that the library may lend or copy this thesis upon request, for

academic purposes.

—
/ Samuel Grave
¢

October 2001

111



ABSTRACT

The management of existing bridges is an important task for road authorities; this task
involves the assessment of the structural safety of these bridges. Bridge design codes are
over conservative when applied to bridge assessment since they allow for uncertainty about
the future loading and resistance of a structure. Once a bridge is in service, evaluation can
be based upon the actual loads and resistance, thus enabling a more accurate assessment of
the structural safety. One of the most important sources of uncertainty when assessing road
bridges is that associated with traffic loading. There is therefore a need for methods that
consider site-specific traffic data. It is the aim in this thesis to model imposed traffic
loading on short to medium span bridges, 20 m - 40 m, which represent the majority of

existing bridges.

A number of traffic files representative of European traffic, and obtained from Weigh-In-
Motion measurements, were studied in detail and subsequently modelled by means of
statistical distributions. Representative trucks of known characteristics were derived for
each truck class (i.e., corresponding to a fixed number of axles). A FORTRAN program
was developed to generate traffic data files based on the characteristics (flow rates, traffic
composition, gross vehicle weights) of the measured traffic. These files were used to
simulate the passage of traffic over a series of bridges (simply supported & two-span
continuous, length from 20 m to 40 m). Another FORTRAN program was used to calculate
the effects induced in the structure as the trucks move along the bridge; six load effects
were considered for each bridge analysed. After a detailed analysis of the results, typical

critical loading situations were derived for each bridge configuration.

Simplified models were then developed to reproduce these critical loading situations
without having to perform the full simulations: one to deal with two lanes of opposing
traffic and another for two lanes of unidirectional traffic. In essence, for both models, pairs
of heavily loaded trucks are positioned at a critical location (for the bridge and load effect
considered), thus inducing the critical load effect in the structure. The models were
purposely kept simple, and can be employed by practicing engineers (for the assessment of
existing bridges, for example), but are also accurate since they are site-specific. For both

approaches, full simulations and simplified models, characteristic values were calculated

v
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for the load effects and bridges considered. Good agreement was found between the full

simulations and the simplified models.

The effect of the main traffic characteristics (i.e., truck weights, traffic intensity and truck
geometry) was assessed with respect to the critical loading situations and the extrapolated
values. The truck weights were shown to be most significant; as was the truck geometry for
the shorter bridges. The two factors, weight and geometry, can counteract each other; it
was shown that both factors should be accounted for jointly. Also, traffic intensity and
bridge length were shown to act jointly: the former having a substantial influence for
certain load effects but only for longer bridges (i.e., those making 3- or 4-truck events

possible).
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Chapter I  INTRODUCTION

1.1 BACKGROUND

Bridge design codes are applied in order to ensure a minimum safety in all structures. The
stock of road bridges in service today is perceived as acceptably safe but some bridges may
be safer than others. The actual structural safety of a bridge may in fact be different from
that implied by current design codes for a number of reasons, among which are: evolution
of the design codes over time, uncertainty at the design stage, reduction in the bridge
resistance and evolution of imposed loads during its lifetime. These four possible sources

of variation in the structural safety of a bridge deserve particular attention.

The older bridge design codes were based on: (i) the selection of reasonable upper bound
estimates of normal working loads, (ii) the use of elastic methods of structural analysis and
(111) the provision of some margin in strength by the selection of allowable working
stresses separated by a factor of safety from some critical stresses (such as the yield or
ultimate stress of the material) (O’Connor & Shaw 2000). This approach did not account
for the respective uncertainties associated with the various types of load. The concept of
limit states was then developed in order to enable partial safety factors to be assigned to a
given design variable (according to the uncertainty associated with it). More uniform levels
of safety were achieved using the approach of limit states (in comparison with the working
stress approach). Yet, both approaches have been used to build a stock of bridges that are
acceptably safe, but to varying extents depending on the design concept originally applied
(Bailey 1998). In addition, as traffic loads have increased over the years, loading codes
have evolved accordingly. Essentially, the safety of a bridge can vary as a function of the

design code that was in force at the time of its construction.

Next, the actual strength of materials and intensity of applied loads to which a structure is
subjected are likely to be different from those assumed during design because of the
inherent variability of material properties and applied loads. In order to ensure a minimum
level of safety while accounting for this inherent variability, conservative design values are

adopted. For example, the uncertainty associated with traffic loading at the design stage is



very high; to predict the traffic that will use a bridge is a very difficult task. For this reason,

the traffic load models used for design are inherently conservative.

Finally, the loads may change during the lifetime of a bridge (e.g., the traffic loads may
increase significantly over time) and the structural resistance may be reduced through
deterioration (e.g., apparition of cracks in the structure or corrosion of steel elements).
Clearly, for the various reasons explained above and possibly others, the structural safety
of an existing bridge is different to that assumed when it was built. In the constantly
evolving conditions of traffic and with respect to the always-increasing demand of safety
from road and bridge users, the assessment of the actual safety of the bridge stock has
become a priority. It is the aim of bridge assessment to determine whether a structure can
safely be kept in service by using all available data and taking into account the uncertainty

associated with that data.

1.2 MOTIVATION

An important task today is the management of existing bridges in an economically efficient
manner. This task involves the identification and prioritisation of needs for intervention
within a bridge stock through the evaluation of structural safety, which until recently has
been assessed using bridge design codes. Design codes are over conservative when applied
to bridge assessment (since they allow for uncertainty about the future loading and
resistance of a structure); there is therefore a need for methods that allow for consideration
of site-specific data. Once a bridge is in service, evaluation can be based upon the actual
loads and resistance, thus enabling a more accurate assessment of the structural safety than

during design.

One of the most important sources of uncertainty when assessing road bridges is the one
associated with traffic loading. Although the use of conservative design traffic load models
leads to a small increase in the cost of construction, the cost of an over-conservative
evaluation could be much greater once a structure is in service, if it makes the difference
between accepting or rejecting the bridge this justifies the use of an approach which
considers actual traffic and the effects it produces in a given structure. Therefore, the key
to the assessment of existing structures is the use of updated models of loads and resistance

derived from site-specific data (Bailey ef al. 2000). Indeed, the consideration of site data



reduces uncertainty and facilitates a more accurate assessment. In the case of road bridges,
the updating of traffic load models presents perhaps the greatest scope for reducing
uncertainty. During recent decades, the majority of research has been aimed at determining
load models for bridge design and very little work has addressed the site dependence of
traffic load effects. There is therefore a need for new methods that consider site-specific

traffic loads as a function of parameters describing the bridge and traffic.

1.3 RELATED WORK

The objectives of the BRIME (BRidge Management in Europe) project are to develop a
management system framework applicable to bridges on the European road network and to
examine the inputs required for such a system. The European road network is called on to
carry steadily increasing heavy goods traffic, and, from time to time, increases in legal
vehicle or axle loads (Kaschner ef al. 2000). This network contains many bridges built
before modern design standards were established. Furthermore, as bridges grow older,
deterioration caused by heavy traffic and an aggressive environment becomes increasingly
significant resulting in a higher frequency of repairs and a reduction in load carrying
capacity. For that reason, it is important that assessment standards are safe but not over-
conservative, because this will cause network operating costs to rise excessively as bridges
as strengthened or replaced unnecessarily and traffic restrictions are imposed. Among the
various tasks falling within the scope of the BRIME project figures the development of
models for taking into account the bridge specific traffic conditions and material

properties.

In England, the Highways Agency is responsible for making the most of the existing trunk
road network, which implies maintenance and improvement of the existing network.
Bridges form an important part of that network; their importance comes not only from their
visual impact on the surrounding environment but also from the substantial resources
required for their maintenance (Hays 2000). A 15-year bridge rehabilitation programme for
trunk road bridges was started in 1988 and aimed at improving the bridge stock so that it
continues to perform adequately under the traffic conditions of today. Local authorities and
other bridge owners also carried out similar exercises involving their own bridges (Das
2000). From the results coming out from these exercises so far, it is becoming clear that the

current assessment requirements, which are based on the worst possible traffic and other



conditions that may occur in any part of the country, are not flexible enough to deal with
bridges in less demanding situations. This is a very important limitation, considering the
enormous costs of dealing with the so-called substandard bridges, some of which may, in
reality, be at extremely low risk. As the rehabilitation programme progressed, it became
increasingly apparent that there were some fundamental limitations in the current
assessment rules, which clearly were too onerous for some bridge situations (Rochester
2000). For instance, the same assessment rules are applicable equally to bridges carrying
dense traffic of heavily loaded trucks and those carrying sparse traffic of lighter trucks, and
to bridges of different types irrespective of their deterioration rates. Essentially, the main
endeavour of this bridge rehabilitation programme has been to eliminate, as far as possible,

any unnecessary strengthening or repairs of bridges.

In his thesis, Bailey (1998) focused on the evaluation of structural safety of road bridges
with emphasis on the consideration of the actual traffic at a bridge site. Bridges of medium
span (30 to 150 m) are considered as well as types of traffic. In the author’s view, of all
basic variables, traffic actions are probably the most difficult to predict and are potentially
the source of the greatest uncertainty during bridge design and assessment. Design traffic
load models are therefore very conservative in certain cases, and there is a need for
methods that enable actual traffic to be considered during bridge assessment. In his work,
Bailey brings attention to the fact that, with the exception of the Eurocode models,
simulations are typically based on the bending moment at mid-span and therefore models
may not be appropriate for other action effects, in particular shear effects. Also, Bailey et
al. (2000) state that the most appropriate approach to gathering site specific traffic data is
certainly the use of Weigh-In-Motion techniques, based either on the instrumentation of a

bridge or the installation of pavement sensors.

1.4 AIMS OF THIS RESEARCH

Having introduced the background and the motivation of this research, the objectives of

this research are now presented:

e To show how Weigh-In-Motion data can be utilised in an appropriate modelling of

the traffic characteristics required for the study of traffic loading on bridges.



e To analyse the critical loading situations due to imposed traffic on existing bridges

under various traffic conditions.

e To perform this analysis for a number of effects (moment and shear), bridge
configurations (i.e. different bridge type and length) and traffic configurations (1.e.

unidirectional and bi-directional)

e To develop site-specific simplified models able to reproduce the critical loading
situations previously observed; these models should be accurate, easily applied and

robust.

e To assess the respective influence of two of the main parameters characterising a
type of traffic (traffic intensity and traffic weight) on the severity of traffic loading

on bridges.

e To obtain the characteristic values for a number of load effects, bridge lengths and

traffic types.

1.5 OUTLINE OF THE THESIS

Finally, having defined the aims of this research, the organisation of the thesis is now
outlined. In Chapter 2, probability concepts and statistical inference are presented; these
are fundamental notions that will be used throughout this thesis and need to be addressed
with respect to the subject of bridge loading. Chapter 3 is concerned with a thorough
examination of the literature covering three subjects directly related to this research: the
historical development of models for live loads on road and bridges, the use of Weigh-In-
Motion (WIM) data and the prediction of extreme effects. In Chapter 4, the WIM data
used throughout this thesis is described in detail, in terms of traffic intensity, gross vehicle
weights (GVW) and truck geometry. Then the static effects of traffic actions are illustrated
and the new concept of influence response is introduced. Finally, the traffic characteristics
necessary for the development of a live load model (e.g. weight distribution, truck
geometry) are modelled. These modelled characteristics are used in the two main programs
introduced in Chapter 5: one generates traffic files based upon the knowledge of site-

specific traffic characteristics, while the other simulates the passage of all the vehicles

6



contained in a traffic file over a bridge and simultaneously calculates the effects induced in
the structure. Chapter 6 deals with the case of bi-directional traffic on relatively short
bridges (20 to 40 m). Using the program presented earlier, full simulations are performed
for a number of traffic types; from the results of these simulations typical critical loading
situations are derived. A site-specific simplified model aiming at reproducing these critical
loading events is then developed; the model requires a knowledge of site characteristics
such as the traffic intensity and weight distribution. A comparative study of the
extrapolated values is also presented; the influence of a number of parameters (e.g. traffic
intensity and weight) is assessed for various bridge configurations. Chapter 7 is concerned
with unidirectional traffic. The process followed is identical: full simulations, then
derivation of typical critical loading situations and finally modelling of these through three
simplified models. The findings and achievements of this research are finally summarised

in Chapter 8 and future developments are suggested.



Chapter 2

PROBABILITY CONCEPTS
AND

STATISTICAL INFERENCE



Chapter 2  PROBABILITY CONCEPTS AND

STATISTICAL INFERENCE

2.1 INTRODUCTION

Probability and statistics are related fields. In problems in probability, statements are made
about chances that various events will take place, based on an assumed model, whereas in
problems in statistics some observed data is available and one wishes to determine a model
that can be used to describe the data (Hahn & Shapiro 1967). Both situations arise
frequently in engineering. For example, one may wish to predict the performance of a
system of known design, before building it, by assuming various models for the
components that make up the system. This requires application of the techniques of
probability theory. On other occasions test data on the performance of a system are given.
Statistical techniques are then used to construct an appropriate model and to estimate its
parameters. Once a model is obtained, it may, of course, be used to predict future

performance.

2.2 ELEMENTS OF PROBABILITY THEORY

2.2.1 Sample space and events

Probability refers to the likelihood of occurrence of an event relative to other events; in
other words, each event has more than one possibility of occurrence (implicitly at least),
otherwise the problem would be deterministic. For quantitative purposes, the probability of
an event can be considered as a numerical measure of the likelihood of occurrence of that
event relative to the set of all alternative events. Accordingly, the first requirement in the
formulation of a probabilistic problem is the determination of the set of all possibilities
(i.e., the possibility space or sample space) and the event of interest. Therefore, every
problem is defined with reference to a specific probability space (containing more than one

possibility), and events are composed of one or more possible outcomes within this
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possibility space. Furthermore the probability of an event depends on the probabilities of
the individual outcomes within a given possibility space. In order to calculate the
probability of an event, a basis for assigning probability measures to the various possible
outcomes is necessary. The assignment may be based on prior conditions, deduced on the

basis of prescribed assumptions or based on the results of empirical observations.

2.2.2 Terminology

As mentioned above, the set of all possibilities in a probabilistic problem is collectively a
sample space, and each of the individual possibilities is a sample point. An event then is
defined as a subset of the sample space. Sample spaces may be discrete or continuous. In
the discrete case, the sample points are individually discrete entities and countable; in the
continuous case, the sample space is composed of a continuum of sample points. A discrete
sample space may be finite (that is, composed of a finite number of sample points) or
infinite (that is, with a countably infinite number of sample points). In a continuous sample
space, the number of sample points is infinite. Whether a sample space is discrete or
continuous, however, an event is always a subset of the appropriate space; therefore an
event always contains one or more sample points (unless it is an impossible event), and the
realisation of any of these sample points constitutes the occurrence of the corresponding

event.

2.2.3 Combination of events

In many practical problems, the event of interest may be some combination of other events.
There are two basic ways that events may be combined or derived from other events: by

union or intersection. Consider two events E and E,: the union of £ and E,, denoted
E, U E,, is another event that means the occurrence of E or E,, or both. In other words,
E, U E, is the subset of sample points that belong to £ or E, (in set theory, “or” is used in
an inclusive sense, which means “and/or”). The intersection of E, and £E,, denoted
E NE,, (or simply EE,), is an event that means the joint occurrence of E and E,; in

other words, E E, is the subset of sample points belonging to both £ and E,. If the

occurrence of one event precludes the occurrence of another event, then the two events are
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mutually exclusive. The intersection of two mutually exclusive events E and E,, therefore,
is an impossible event; that is, E £, = . Three or more events are mutually exclusive if

the occurrence of one precludes the occurrence of all others. Finally, two or more events
are collectively exhaustive if the union of all these events constitute the underlying sample

space.

2.2.4 Mathematics of probability

The notation P(FE) is used to denote the probability of an event E. The three following

axioms are the basic assumptions of the mathematical theory of probability (e.g. Benjamin

& Cornell 1970, Ang & Tang 1975).

Axiom 1 - For every event E in a sample S, there is a probability P(E):

O0<P(E)=<1 Equation 2-1
Axiom 2 - The probability of the certain event S is unity:

P5)=10 Equation 2-2
Axiom 3 - For two events E1 and E2 that are mutually exclusive,

P(E, VE,)=P(E)+P(E,) Equation 2-3
From the aforementioned axioms, it can shown that

P(E)=1-P(E) Equation 2-4

where E is the complement of E. More generally, if £,and E, are not mutually exclusive,

then

P(E,VE,)=P(E )+ P(E,)-P(E\E,) Equation 2-5

The probability of an event may depend on the occurrence (or non-occurrence) of another

event. If this dependence exists, the associated probability is a conditional probability. The

conditional probability of E1 given E2 is given as
11



MEE.)
P(E2 ) Equation 2-6

P (El |Ez) %
If the occurrence (or non-occurrence) of one event does not affect the probability of

another event, the two events are statistically independent. Therefore, if £, and E,are
statistically independent, P(E, | E,) = P(E,) and P(E, |E,)= P(E,). The probability of the
jomnt event E.E, is P(E.E,)=P(E, |E,) P(E,) or P(E.E,)=P(E, |E,)P(E,).IfEl and
E2 are statistically independent events, then this multiplication rule becomes
P(E\E,)=P(E)) P(E,) Equation 2-7
Although straightforward, the above equations and axioms have been included, as they will

be used later in the derivation of the formula to predict the number of meeting events on a

bridge as a function of the flow rates (for two opposing lanes of traffic).

2.3 ANALYTICAL MODELS OF RANDOM PHENOMENA

2.3.1 Random variables and distributions

Most civil-engineering problems deal with quantitative measures. Thus in the familiar
deterministic formulations of engineering problems, the concepts of mathematical
variables and functions of variables have proved to be useful substitutes for quantitative
characterizations. Such 1s also the case in the probabilistic models, where the variable is
referred to as random variable. 1t 1s a numerical variable whose specific value cannot be
predicted with certainty before an experiment. The behaviour of a random variable is

described by its probability distribution (or probability law).

If Xis a random variable, its probability distribution can always be described by its

cumulative distribution function (CDF), which is

Fo(x)=P(X <x) forallx Equation 2-8

12



A standard notation is to denote a random variable with a capital letter, and its value with
the corresponding lowercase letter. For a discrete random variable X, its probability
distribution may also be described in terms of probability mass function (PMF), which is
simply a function expressing P(X =x)for all x. However, if Xis continuous,
probabilities are associated with intervals on the real line (since events are defined as
intervals on the real line); consequently, at a specific value of X, such as X = x, only the
density of probability is defined. Thus, for a continuous random variable, the probability

law may also be described in terms of probability density function (PDF), so that if f, (x)
is the PDF of X, the probability of X in the interval (a,b] is

b
Pla<X <b)= jfx (x) dx Equation 2-9

It follows then that the corresponding distribution function is

Fo(x)=P(X <x)= [f,(&)de

Equation 2-10

Accordingly, if F, (x) has a first derivative, then, from Equation 2-10,

Sx(x) :m

dx Equation 2-11
It is important to remember that f,(x) is not a probability; however,
fy(x)dx=P(x <X <x+dx) is the probability that values of X will be in the interval

(x,x+dx].

It should also be emphasized that any function used to represent the probability distribution
of a random variable must necessarily satisfy the axioms of probability (see 2.2.4
Mathematics of probability). For this reason, the function must be non-negative and the

probabilities associated with all possible values of the random variable must add up to 1.0.
In other words, if F, (x) is the distribution function of X, then it must have the following
properties:

o F,(—0)=0; F,(+20)=1.0

e F,(x)>0,and is non-decreasing with x
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e it is continuous with x.

2.3.2 Main description of a random variable

Because of the very nature of a random variable it is not possible to predict the exact value
that it will assume in any particular experiment, but a complete description of its behaviour
is contained in its probability law, as presented in the CDF (or PDF) of the variable. This
complete information can be communicated only by stipulating an entire function, e.g., the
PDF. In many situations this much information may not be necessary or available. More
concise descriptors, summarizing only the dominant features of the behaviour of a random
variable, are often sufficient. One or more simple numbers are used in place of a whole
probability density function. These numbers usually take the form of weighted averages of
certain functions of the random variable. The weights used are the PMF or the PDF, and

the average is called the mathematical expectation of the function.

Mathematical expectation — The notion of a weighted average or expected value can be

generalized for a function X . The expectation of a continuous function g(X) of a real
variable X', with respect to the probability function P[.], is denoted E[g(X)]. Given a
function g(X'), and when the probability function P[.] is specified by a probability

density function f(.), its expected value is given by:

Elg(X)]= [g(x)fy(x)dx Equation 2-12

Mean or expected value (a central value) — The mean describes the central tendency of a

random variable. For a continuous random variable X with PDF £ (x), the mean value is

E[X]: py = _J.x fy (x)dx Equation 2-13

Variance and standard deviation (measures of dispersion) — The most common and most

useful measure of the dispersion of a random variable is the varianceo ,”, that is, the
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quantity that gives a measure of how closely the values of the variate are clustered (or
conversely, how widely they are spread) around the central value. For a continuous random

variable X with PDF £ (x), the variance is

+0

Var(X) =07 = [(x=py)* fi(x)dx

—0

Equation 2-14

It can be observed that this is simply the weighted average of squared deviations, or in
accordance with Equation 2-12, it is the mathematical expectation of g(x)= (X -, i
Dimensionally, a more convenient measure of dispersion is the positive square root of the

variance, or the standard deviation o ; that is

1

Ty = \/O')(2 o (+)|: J.(x_ﬂx)z fx (x)dx} Equation 2-15

Moments — For any integer n=1,2,..., the expectation of g(X)=X" with respect to a

probability law, E[ X "], is called the n™ moment of the probability law. It should be noted
that the first moment and the mean of a probability law are the same. For any real number
¢, and for any integer n=1,2,..., E[(X —c)"] is called the n" moment of the probability

law about the point c. Of especial interest is the case in which ¢ is equal to the mean

E[X], in which case it is referred to as the n”" moment of the probability law about its

mean or, more briefly, the n” central moment of the probability law. The second central

moment is simply the variance of the probability law (Parzen 1960).

It is hard to say, solely on the basis of the variance or standard deviation, whether the
dispersion is large or small; for this purpose, the measure of dispersion relative to the
central value is more useful. In other words, whether the dispersion is large or small is

meaningful only relative to the central value. For this reason, the coefficient of variation

(cov) &,

Ly Equation 2-16

is often preferred and is a convenient non-dimensional measure of dispersion or variability.
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Fractile - A further way of summarizing information about a distribution is by its fractiles.
The &™ fractile is that value of the random variable that has a proportion & of the
cumulative distribution below it. Thus, for a continuous random variable with probability

density f,(x), the ¢ " fractile is that point z(&)such that

z(€)
J.fX(x)dxze

Equation 2-17

The term quantile is on occasion used instead of fractile. Also the term percentile is used

frequently to refer to the fractiles when expressed in per cent form.

2.3.3 Bivariate distribution

A sample point may be defined in more than one dimension. Multivariate situations that
simultaneously involve two or more functions defined on the same sample space are
frequently of interest. For example, in the case of parallel lanes of traffic, it is extremely
useful to express the gross vehicle weight of both passing truck and truck being overtaken
together. The principal case involves two random variables, namely the bivariate

distribution. Two continuous random variables, x and y, are said to have the bivariate (or
joint) probability density function f,,(x,y) if, for two pairs of values (x,,y,) and

(%5,,)5

Y2 %3
P(x, <x<x,and y, <y<y,)= IJfW(X,Y)dXdy

N X

Equation 2-18

The requirements on f,, (x,y) are

o (x,9)20  forall xand y Equation 2-19

and

+00+00

| Ifxy (x,y)dxdy =1.0

—0D—00

Equation 2-20
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The bivariate (or joint) cumulative distribution function for continuous random variables

x and y is defined as

Pz vy =Plusxand v< y)= if]fn(u,v)dudv

— 00—

Equation 2-21

It should be noted that the density function is a derivative of the cumulative function, now

a partial derivative. Thus, if the partial derivatives exist,

azFXY (X, y)
Ox0y Equation 2-22

fXY(x’y):

The behaviour of a particular variable irrespective of the other is described by the marginal

probability density function.

fr(x)= _Olf xr (X, )dy Equation 2-23
and similarly,

()= jof,w(x, y)dx Equation 2-24

Finally, if one is given the value of one variable, Y =5b, say, the relative likelihood of
X taking a value in the interval (x,x+dx] is f,,(x,b)dx. To yield a proper density

function (i.e., one whose integral over all values of x is unity) these values must be

renormalised by dividing them by their sum, which is
Jny(x’b)dx = fr(D) Equation 2-25

Therefore, the conditional probability density function of X given Y is given as

fXY(xay)

Fer(x]y) = -, Equation 2-26

The conditional cumulative distribution 1s then defined as
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Foy(x|y)=P(X <x|Y =b)= ij’IY(u’b)du Equation 2-27

The characteristics of a joint density function for two continuous random variables X and

Y, and the associated marginal densities, are illustrated in Figure 2-1.

fx(x)\?/f-.\
AN

s
X=a
/
{
- fx(0)=Areo
Y/ " TN/ ;i.:.;'.;::
4 il ML MH":"'L'.' " f'fg.';:-' Surface = f)(.Y(l' y)
LA Ny
/ - v'-l'.ln'». 'I N l:‘:r:- (]
yzb / -
B
f (b)=Area
Y
'x,v“"" y)

Figure 2-1: Joint and marginal PDF of continuous random variables X and Y (from Ang & Tang 1975)

2.4 USEFUL PROBABILITY DISTRIBUTIONS

There are a number of discrete and continuous functions that are particularly useful for one
or more of the following reasons:
e the function is the result of an underlying physical process and is derived on the
basis of certain physically reasonable assumptions;
e the function is the result of some limiting process;
e it is widely known and the necessary statistical information (including probability

tables) is available widely.
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Several of these probability distribution functions are presented, and their special
properties described, in this section. All these distributions have been widely used in traffic
modelling and traffic load modelling (e.g. gross vehicle weight distribution, distribution for
arrivals of vehicle, extrapolation of extreme effects, etc.) by the author and/or by others.
The use of the various distributions presented herein is discussed in details in later

chapters.

2.4.1 The normal distribution

Perhaps the best-known and most widely used probability distribution is the normal

distribution, also known as the Gaussian distribution. The normal distribution has a

probability density function given by (e.g. Benjamin & Cornell 1970, Ang & Tang 1975):

i RIESA
fx(x)—gxﬂexp[ 2( oy j:|

—0<X<+00; —0< U, <+0; T, >0

Equation 2-28

where u,and o, are the parameters of the distribution, which are also the mean and

standard deviation, respectively, of the variate. A short notation for this distribution is

N(u,,o0,). An example of normal distributions with the constant mean but with various

values of standard deviation is illustrated in Figure 2-2.

The standard normal deviation — A normal distribution with parameters x=0and o =1.0
is known as the standard normal distribution and is denoted appropriately as N(0,1). The

density function, accordingly, is:

1

fs(S): \/EZ—

2 ——
exp|-(1/2)s | —oo<s<o Equation 2-29

Because of its wide usage, a special notation ¢(s)is commonly used to designate the
distribution function of the standard normal variate S ; that is, ¢(s) = F(s), where § has

N(0,1) distribution.
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Mean =10 e
St. Dev. =1 ‘/ ‘\‘

If: E‘I Mean =10
i ! St. Dey. =2

1(x)

Mean =10
St. Dev. =3

Figure 2-2: PDF of the normal distribution for different values of standard deviation and constant
value for the mean

Bivariate normal distribution - The bivariate normal density function of two continuous

random variables X and Y is given by:

1

fxy(x,y) >

200 . Opyfl— Py

i 2 2
-1 Oy Oy
€Xp ( 2)J L
Pl B Ly (x—uxj[y—,uyj Equation 2-30
Xy

=00 X € H00;—00 < J < +00;

— 00 < pU, <+00;—00 < L1, < +00;

g, >0, >0-1<p,, =+]

where u,,u,,0,,0,,p,, are the five parameters characterizing the function; p,, is the
correlation coefficient between X and Y. A typical bivariate normal distribution is
illustrated in Figure 2-3. It should be noticed that the coefficient of correlation is a
standardised measure of the linear relationship between two variates. Thus, although
independence implies zero correlation, the reverse is not true: zero correlation does not in

general imply independence for jointly distributed variates.
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When p,, =0, Equation 2-30 can be written

¥ 2
1 § 8
Sy (X, ) = O e X R 3 ——[ = j
V270, i 2\ oy
[ 2
5 1 St _l(y = I j Equation 2-31
\270, i 2\ oy

Figure 2-3: Bivariate normal density function (from Hahn & Shapiro 1967)

2.4.2 The logarithmic normal (lognormal) distribution

A random variable X has a logarithmic normal probability distribution if In(X) (the natural

logarithm of X) is normal, that is In(X) = N(u,0) . In this case, the density function of X 'is

(Saporta 1990):

2
1 [ Inx—u
L. -—[ j
O NaT X B Equation 2-32

0<x;—0o<u <+0;0 >0
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where

2
E(X)= exp(,u+%j
Equation 2-33
Var(X) = exp(2,u +0° )(exp o’ - 1)

Examples of lognormal distributions are presented in Figure 2-4.

;f\\‘ Mean = 2
" \ St. Dev. =1
P /
; "\ Mean = 3
' . St. Dev. =1

Mean = 4
St. Dev. =1

1(X)

Figure 2-4: PDF of lognormal distribution for various mean values and constant standard deviation

2.4.3 The Poisson process and the Poisson distribution

The Poisson process is based on the following assumptions (Benjamin & Cornell 1970,
Ang & Tang 1975):
e an event can occur at random and at any time or any point in space
e the occurrence(s) of an event in a given time (or space) interval is independent of
that in any other non-overlapping intervals — assumption of independence
e the probability of occurrence of an event in a small interval Az is proportional to
At , and can be given by AAf, where A is the mean rate of occurrence of the event

(assumed to be constant) — assumption of stationarity ; and the probability of two
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or more occurrences in At is negligible (i.e., of higher orders of A¢) — assumption

of non-multiplicity.

On the basis of these assumptions, the number of occurrences of an event in ¢ is given by

the Poisson distribution; that is, if X, is the number of occurrences in time (or space)

interval ¢, then

s Tk A
X, =x)= 2 exp(-At) x=0,12,.. Equation 2-34

where A is the mean occurrence rate; that is, the average number of occurrences of the

event per unit time (or space) interval. It follows then that £(X,) = Az; it can be shown that
the variance of X, is also As. The Poisson distributions with different mean occurrence

rates are 1llustrated in .

f(x)

Figure 2-5: PDF of the Poisson distribution for different mean occurrence rate values
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2.4.4 The exponential distribution

The exponential distribution (also known as the negative exponential) is related to the
Poisson process as follows. If events occur according to a Poisson process, then the time

T, until the first occurrence of the event has an exponential distribution. It is observed that

T, >t means that no event occurs in time ¢; hence, according to Equation 2-34,

S = P(X, =0) =exp(—Af) Equation 2-35

T, is the first occurrence time in a Poisson process. However, since the occurrences of an

event in non-overlapping time intervals in a Poisson process are statistically independent,

T, 1s also the recurrence time or time between two consecutive occurrences of the event.

The distribution function of 7,, therefore, is

FT; ()= P(T, <t) =1-exp(-4t) Equation 2-36

and its density function is

dF, (1)

frl(t):

=Aexp(-4) 20 Equation 2-37
If A is constant (independent of ¢), the mean value of 7, is

1
ey Equation 2-38
which means that the mean recurrence time for a simple Poisson process is 1/ 4, that is,
the average time between arrivals, since A is the average number of events per unit time.
The exponential distributions for various A values are demonstrated in Figure 2-6; it

should be noted that the distributions cut the vertical axis at 4.

Due to the stationarity and independence properties of the Poisson process, exp(—vt) is the
probability of no events in any interval of time of length 7, whether or not it begins at time
0. In other words, the inter-arrival times of a Poisson process are independent and
exponentially distributed. The Poisson process is often said to be “memory less”, meaning

that future behaviour is independent of its present or past behaviour.
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f(t)

Figure 2-6: PDF of the exponential distribution for different A values

2.4.5 The Gamma distribution

If the occurrence of an event constitutes a Poisson process, then the time until the Ath

occurrence of the event is described by the gamma probability distribution. Let T, denote
the time until the A" event; then 7, <¢ means that k or more events occur in time 7. Hence,
on the basis of Equation 2-34, the distribution function of 7} is (Benjamin & Cornell 1970,

Ang & Tang 1975):

Fy (1)= iP(X, = x)

x=k

k-1 (/'{t),\‘
:1_2( '

x=0 X

Equation 2-39

exp(—lt)]

The corresponding density function is:

A"
Jr, () = WCXP("“ ) 120 Equation 2-40
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The gamma distribution is useful also as a general-purpose probability distribution. For

such purposes, however, it is usually given in a more general form:

e 7 fid
T(k)= Ojt exp(—t)dt k>0 Lt

Another commonly used function is the incomplete Gamma function:

!

['(k,t) = 6[“ exp(-u)du k>0 Equation 2-42

When £ is a positive integer, I'(k) = (k—1)!. Thus, in general, the gamma density function
is:

A
fr(t) = T exp(=Ar) 120 Equation 2-43

Figure 2-7 illustrates the gamma distribution for various A values and with constant k

values. It should be emphasized that A can be interpreted as the scale parameter and k as

the shape parameter.

(1)

Figure 2-7: PDF of the gamma distribution for different A values and with same k values
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When £ is restricted to integers, the gamma distribution is referred to as the Erlang
distribution (Benjamin & Cornell 1970, Ang & Tang 1975). The exponential distribution is

a gamma distribution with £ =1, as illustrated previously.

2.4.6 The Beta distribution

Finally, a probability distribution appropriate for a random variable whose values are
bounded, say between finite limits @ and b, is the beta distribution. The density function of

such a distribution is (Benjamin & Cornell 1970, Ang & Tang 1975):

_ RWON o
fX(X)Z B 1 (x a) (€+r—.IX) aSXSb
(g:r)  (b-a) Equation 2-44
=0 elsewhere

in which g and r are parameters of the distribution, and B(q,r) is the beta function:

1

B(q,r) = qu_l (1-x)"dx Equation 2-45

0

which i1s related to the Gamma distribution as follows:

C(I'(r)
['(g+r) Equation 2-46

B(gq,r)=
[t should be noted that the beta distribution does not have a typical shape, it can take nearly
any shape depending on the value of the parameters, including the normal-like, lognormal-

like, gamma-like and exponential-like shapes.

2.4.7 The Extreme Value distributions

An important class of probability problems are those involving the extreme values of
random variables; that is, the “largest” and/or “smallest” values of a random variable.
Statistically, these pertain to the maximum and minimum values from a set of
observations. Conceivably, if the set of data (sample of size n) were repeated, other
maximum and minimum values will be obtained; thus, the possible largest and smallest
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values comprise populations of their own. Therefore, these extreme values may also be
modelled as random variables with respective probability distributions. Such distributions
and their associated parameters have special characteristics that are unique to the extreme
values. The subject of the statistics of the largest and smallest values is a subtopic within
the broader subject of order statistics, that is, the statistics of the A" value from the

maximum or minimum value.

The prediction of future conditions is often required in engineering planning and design,
and may involve the prediction of the largest (or smallest) value. Extrapolation from
previously observed extreme value data, is therefore necessary; for this purpose the
asymptotic theory of statistical extremes often provides a powerful basis for developing the
required engineering information. It is of interest and practical significance that the
asymptotic form of an extremal distribution does not depend on the exact form of the
initial distribution; rather it depends largely on the tail behaviour of the initial distribution
in the direction of the extreme. The central portion of the initial distribution has little
influence on the asymptotic form of the extremal distribution; the extremal parameters,
however, will depend on the form of the initial distribution. A more detailed discussion is
presented in the following chapter, in the section ‘Prediction of extreme values’; this
paragraph is merely an introduction to the subject with a brief description of the three

distributions of extremes.

The Gumbel distribution

The extreme value from an initial distribution with an exponentially decaying tail (in the
direction of the extreme) will converge asymptotically to the type I limiting form, that is
the double exponential form. The Gumbel cumulative density function for maxima is given
by

g ~(x-4) .
F(x)= exp{— exp(—5— -0 < x <400;0 >0 Equation 2-47

where A and & are constants known as the location and scale parameters, respectively.

The Weibull distribution
If the extreme value is limited, that is, the largest value has a finite upper bound, or the

smallest value has a finite lower bound, the corresponding extremal distribution will
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converge (for large n) to the type III asymptotic form: the exponential form with upper

bound. The Weibull cumulative density function for maxima is given by

exp—[/l—xjﬂ X<A:6>0,8>0
F(x)= ) e :

| otherwise

Equation 2-48

where A, 6 and B are constants known as the location, scale and shape parameters,

respectively.

The Frechet distribution
If the extreme value from an initial distribution decays with a polynomial tail, it will
converge to the Type II asymptotic form: the exponential form. The Frechet cumulative

density function for maxima is given by

( s Y
- > A0 >0; 0
F(){)ﬂexp{ (x—/ij } - >0, 6>

\0 otherwise

Equation 2-49

where A, 6 and S are constants known as the location, scale and shape parameters,

respectively.

2.5 STATISTICAL INFERENCE

2.5.1 Estimating parameters from observational data

Once the distribution function of a random variable and the values of its parameters are
known (or assumed), the probabilities associated with events defined by values of the
random variable can be computed. The calculated probability is clearly a function of the
values of the parameters, as well as of the assumed form of the distribution. From
observational data, information about the probability distribution may be inferred, and its
parameters estimated statistically. The techniques for deriving probabilistic information

and for estimating parameter values from observational data are embodied in the methods
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of statistical inference, in which information obtained from sampled data is used to make
generalizations about the populations from which the samples were obtained. Figure 2-8

illustrates this concept.

Real World

l

Data Collection
Choice Of Distributions,
Estimation Of Parameters

l

Calculation Of Probabilities
(using the prescribed distributions
and estimated parameters)

l

Information For
Decision-Making
And Design

STATISTICAL
INFERENCE

Figure 2-8: Role of statistical inference in decision-making process (Ang &Tang 1975)

It may be emphasised that even when the distribution function and its parameters for a
random variable are known, the occurrence (or non-occurrence) of specific events cannot
be predicted with certainty. At best, it can be said that an event will occur with an
associated probability. The underlying uncertainty, in this case, is due to the inherent
randomness of the natural phenomenon. However, uncertainty arises also from the
inaccuracies in the estimation of the parameters and in the choice of the distribution.

Uncertainties associated with errors of parameter estimation can be reduced by increasing

30



the amount of data, whereas the uncertainty associated with the inherent variability may
remain unchanged or may even increase with additional data. More generally, errors would
also include inaccuracies of modelling and prediction. In general, therefore, uncertainty is

considered to be the result of (inherent or natural) variability as well as of prediction error.

2.5.2 Classical approach to estimation of parameters

Classical estimation of parameters is divided into point and interval estimation. Point
estimation is concerned with the calculation of a single number, from a set of observational
data, to represent a parameter of the underlying population. Interval estimation goes further
to establish a statement of confidence in the estimated quantity, resulting in the
determination of an interval indicating the range wherein the sample may be located (with

the associated confidence).

The method of moments

On the basis of the relationships between the moments of a random variable and the
parameters of the corresponding distribution, it follows that the parameters of a distribution
may be determined by first estimating the mean and variance of the random variable. This,
in essence, is the basis of the method of moments. The sample moments may be used as
estimates of the corresponding moments of the random variable. The sample mean and

sample variance can be defined as the respective averages of a sample of size n, namely

X, %5...5%, , 88 follows:
_ 1
ey £ % Equation 2-50
and
1 n 2
2. e
e (n—1) z-l:(x" x) Equation 2-51

Accordingly, X and s’ are the point estimates of the population mean  and population

. 2 .
variance o °, respectively.
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The method of maximum likelihood

In contrast to the method of moments, the maximum likelihood method provides a
procedure for deriving the point estimator of the parameter directly. The likelihood of
obtaining a particular sample value can be assumed to be proportional to the value of the
probability density function evaluated at that sample value. Then, assuming a random
sampling, the likelihood of obtaining » independent observations x, s X cery X 18

Bly i x eys f(xl;g)f(xz;e)-“f(xn;g) Equation 2-52

which is the likelihood function of observing the set x,,x,,...,x, . The maximum likelihood

function estimator 6 is then the value of € that maximises the likelihood function

L(x,,...,x,;0). This estimator may be obtained by differentiating L(x,,...,x ;0) with

n?

respect to € and setting the derivative equal to zero; that is, & is obtained as the solution

to the following equation:

Ol X ioses X, 8).
06 o Equation 2-53

Because of the multiplicative nature of the likelihood function, it is frequently more

convenient to maximize the logarithm of the likelihood function instead; that is,

elon lix,...5,,0) 0
30 = Equation 2-54

Interval estimation of the mean

The point estimates obtained in the aforementioned methods do not convey information on
the degree of accuracy of these estimates. For this reason, the interval over which a
parameter may lie is often used to supplement the point estimate (a single number) of the
same parameter. Such intervals are called the confidence intervals, and the method of

estimation is known as interval estimation. In a general case, if we denote (1—«) as the

specified confidence levels, and tk_,, as the values of the standard normal variate with

cumulative probability levels a/2 and (1-a/2), respectively, it can be shown that:
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2 o o
Pl x-k,,——<u<x+k ,—|=1-
( al? \/’; H=X+EK, , \/;j -« Equation 2-55
where o is the known variance and » is the size of the sample. More properly, then, the
interval estimated on the basis of a single sample of size n should be interpreted as follows:

“There is a confidence of (1—«) that the estimated interval contains the unknown g ”.

Thus such an interval is called the (1-«) confidence interval for the mean u, and is given

by

<:u>1 :(f—ka/zi;f""ka/z i) :
i J; \/; Equation 2-56

It can be observed that the confidence interval for the mean depends on the standard
deviation o and on the sample size n. It is clear that as o decreases or as » increases, the
confidence interval becomes narrower for the same confidence level (1-«). This means
that smaller population variance or larger sample size would increase the accuracy of the

sample mean as the estimator of the population mean.

Using an approach similar to the establishment of the confidence interval for the

population mean, the confidence interval for the population variance o’ may also be

developed.

2.5.3 Empirical determination of distribution models and their validity

The probabilistic characteristics of a random variable phenomenon are sometimes difficult
to discern or define. There are occasions when the required probability distribution has to
be determined empirically (that is, based entirely on available observational data). If the
frequency diagram (or histogram) for a set of data can be constructed, the required
distribution may be determined by visually comparing a density function with the
frequency diagram. Alternatively, the data may be plotted on probability papers prepared
for specific distributions. When a theoretical distribution has been assumed, the validity of

the assumed distribution may be verified or disproved statistically by goodness-of-fit tests.
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Two such tests for distribution are widely available: the chi-square (y*) and the

Kolmogorov-Smirnov (K —S) tests.

The use, construction and interpretation of probability paper is widely described through
the relevant literature (e.g. Castillo 1988, Hahn & Shapiro 1967, Ang & Tang 1975).
Figure 2-9 is an illustration of typical plots of extreme data on probability papers. The non-
linearity of the data in the right tail on graph (a) means the distribution of GVW cannot be
modelled by a Gumbel distribution of extremes; on the other hand, graph (b) shows that the
extreme GVW’s can be modelled using a Weibull distribution as the tail of the distribution

is linear when plotted on Weibull probability paper.
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” r
2 1 / 42
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Figure 2-9: Distribution of GVW (kN) of 6-axle trucks on (a) Gumbel probability paper and (b)
Weibull probability paper

Chi-square test for distribution

Consider a sample of n observed values of a random variable. The chi-square goodness-of-

fit test compares the observed frequencies n,,n,,...,n, of k values (or in k intervals) of the

variate with the corresponding frequencies e,e,,...,e, from an assumed theoretical

distribution. The basis for appraising the goodness of this comparison is the distribution of

the statistic:
- (ni . ei)2
Z Equation 2-57
i=1 €

which approaches the chi-square distribution with (f =k—1) degrees of freedom as

n— +o (Hoel 1962). However, if the parameters of the theoretical model are unknown
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and must be estimated from the data, the above statement remains valid if the degree of
freedom is reduced by one for every unknown parameter that must be estimated.

On this basis, if an assumed distribution yields:

2
i (ni s ei) 2o
-l e i Equation 2-58

where ¢, . is the value of the appropriate chi-square distribution at the cumulative

probability (1-«), the assumed theoretical distribution is an acceptable model at the

significance level a (Benjamin & Cornell 1970, Ang & Tang 1975).

Kolmogorov-Smirnov test for distribution

The basic procedure involves a comparison between the experimental cumulative
frequency and an assumed theoretical distribution function. If the discrepancy is large with
respect to what is normally expected from a given sample size, the theoretical model is
rejected. For a sample of size n, rearrange the set of observed data in increasing order.

From these ordered sample data a stepwise cumulative frequency function is developed as

follows:
0 XX,
S, (x) A X, 2x<x
=< —
nx n & ke Equation 2-59
1 =

In the Kolmogorov-Smirnov test, the maximum difference between §,(x) and F(x) over

the entire range of X is the measure of discrepancy between the theoretical model and the

observed data. Let the maximum difference be denoted by

D, = mleIF(x) 5, (x)| Equation 2-60

For a specified significance level «, the K-S test compares the observed maximum

difference of D, with the critical value D, , which is defined by

P(D,<D;)=1-a Equation 2-61
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Critical values D; at various significance levels ¢ are tabulated widely for various values

of n. If the observed D, is less than the critical value D”, the proposed distribution is

acceptable at the specified significance level «; otherwise the assumed distribution is

rejected.

2.5.4 Regression and correlation analysis

Regression analysis

When dealing with two or more variables, the functional relation between the variables is
often of interest. However, if one or both variables (in a two-variable case) are random,
there will be no unique relationship between the values of the two variables — given a value
of one variable (the controlled variable), there is a range of possible values of the other-
and thus a probabilistic description is required. If the probabilistic relationship between the
variables is described in terms of the mean and variance of one random variable as a

function of the value of the other variable, this analysis is called regression analysis.

When pairs of data for two variables, say X and Y, are plotted on a two-dimensional graph,
the possible values of one variable, for example, Y, may depend on the value of the other
variable X. For this reason, it would be inappropriate to analyse the data, say for ¥, without
due consideration of X. In general, the mean value of Y will depend on the value of X. If

this relationship is linear, this is known as the linear regression of Y on X:

AR 2 Equation 2-62

Where a and S are constants, and the variance of ¥ may be independent of or a function
of x. The best line is the one that passes through the data points with the least error. It can
be obtained by minimizing the sum of the squared errors between each observed value and

the straight line; this is known as the method of least squares.

Relationships between variables are not always linear, or may not always be adequately
described by linear models. Experimental data for such variables may show a non-linear
trend between the observed values of the variables. The determination of such non-linear
relationships on the basis of observational data involves nonlinear regression analysis. The

simplest type of nonlinear function for the regression of Y on X is
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i ol I i g g(x) Equation 2-63

where g(x) is a predetermined non-linear function of x. For example, g(x) may be

x+x*, exp(x), or In(x). By defining a new variable x'= g(x), Equation 2-63 becomes

EY|xX)=a+ X
e # Equation 2-64
which is of the same mathematical form as the linear regression equation of Equation 2-62.

If the observed data pair (x,,y;) is also transformed to [g(x;),y;] or (x,',y,), the original

problem of linear regression between x and y is thus converted to a linear regression

between x” and y.

Correlation analysis
The study of the degree of linear interrelation between random variables is called
correlation analysis. Mathematically, the correlation between two random variables X and

Y is measured by the correlation coefficient defined as

SCorxn
3 O .0y Equation 2-65

XY

Based on a set of observed values of X and Y, the correlation coefficient may be estimated

by

1 Y =D

n-1 5.,

Py = Equation 2-66

where X, ¥, s,and s, are, respectively, the sample means and sample standard deviations

of X and Y. The value of p,, ranges from —1 to +1 and is a measure of the strength of

linear relationship between the two variables X and Y. However, this coefficient is not
‘robust’; in other words, it is very sensitive to extreme data points and can thus lead to
(inappropriate) high values of correlations (Saporta 1990). It should also be emphasised
that this coefficient does not account for non-linear relationship between variables. For
these two reasons, great care has to be taken in using the coefficient of (linear) correlation.
Figure 2-10 illustrates the above remarks explicitly: (a), (b) and (c) exhibit typical data sets

and coefficient of correlations, (d) exhibits the lack of robustness of the coefficient of
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correlation; (e) and (f) show perfectly correlated pairs of data but with coefficient of

correlation equal to zero.
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Figure 2-10: Example of data sets and their corresponding coefficient of correlation: (a) +0.94, (b) -
0.97, (c) +0.71, (d) +0.90, (e) 0.00 and (f) 0.00

2.6 CONCLUSIONS

The basics of the probability theory have been briefly reviewed so that they can later be

used to derive relationships between variables and ultimately predict the value of other
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variables with a certain degree of accuracy. Also, the concepts of random variable and
function of random variable (in particular, density function) have been described. After that
all the principal distributions used by various authors in traffic modelling and bridge load
modelling have been illustrated and explained. The complete process, from estimating the
parameters of the selected distribution to assessing its accuracy, is referred to as statistical
inference and was outlined in the latter part of this chapter. Finally the use of regression

analysis and correlation analysis is addressed.
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Chapter 3 ~ LITERATURE REVIEW

3.1 INTRODUCTION

This chapter presents the literature related to the historical development of models for live
loads on roads and bridges, along with the use of Weigh-In-Motion data, and the prediction
of extreme effects; each of these three elements will be addressed in a distinct section. It
should be emphasised that the aim of this thesis is the development of traffic load models
for short to medium span bridges (i.e., 20 to 40m long), for both bi-directional and
unidirectional traffics, and then the prediction of extreme effects; thus the discussions

included herein will be motivated by this aim.

3.2 LIVE LOAD MODELLING

This section is divided into three parts, presenting the different approaches used over the
years for modelling live load on roads and their applications to bridges. The first part deals
with various Poisson processes used in order to model traffic and to ultimately predict the
number of trucks present on a bridge. It also discusses the advantages and weaknesses
associated with such processes. Then three case studies of renewal processes are presented
in detail; each of which covers an area of particular interest in the scope of this thesis
(short to medium span bridges under free-flowing conditions, opposing and adjacent lanes
of traffic, modelling of groups of trucks). A number of fundamental ideas that will later be
used in the development of new models are introduced. Finally, in the last part, more
modern and complete models are described: they all simulate the flow of traffic over
bridges and calculate the load effects induced in the structure as the vehicles traverse it. In
some of these models, the extrapolation of short-term effects to longer periods is
incorporated. However, although advanced, most of these models have limitations, which

appear to be significant limitations in the study of short to medium span bridges.
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3.2.1 Use of Poisson processes to model traffic flow

It was first suggested by Adams (1936) that the number of vehicles in light traffic passing a
point in equal intervals of time follows a Poisson distribution. In a technical note, Breiman
(1963) showed that ‘in a strong sense the Poisson distribution is the only distribution
leading to a stable traffic flow’. His main result was that, for a wide class of initial
distributions, ‘the passage of time brings a convergence to the Poisson distribution’. This
result was announced at the Congress of the International Statistical Institute, in September
1961. At that time Herman & Weiss (1962) reported that they had each independently
obtained similar results, using different approaches from the one adopted by Breiman

(1963).

In the case of a Poisson model, the distribution of headways can be shown to be described
by the negative exponential distribution. The Poisson distribution gives the probability that

n vehicles arrive at a point during ¢ seconds as

e—qt { n
P =2

Equation 3-1

where ¢ i1s the mean number of vehicles arriving per second. The probability function for
headways when the arrival or counting function is Poisson can be obtained as follows: the

time interval ¢ is treated as a Poisson variable in the Poisson expression for F,(¢), which

gives:
- —t/h
B(t)=e"=¢" Equation 3-2

where % is the mean headway. This function gives the probability that no vehicle arrives

in an interval ¢. The probability that some vehicle arrives in ¢ is the same as the probability

that a headway 4, is less or equal than ¢, namely,

P(h <t)=1-¢"" Equation 3-3

This is a probability distribution function; by differentiation the probability density
function can be obtained:

—tlh
e

P'(h, <t)=P(h, =1)= Equation 3-4

b” —
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Modified Poisson process

While the Poisson and negative exponential distributions are very useful in traffic flow
theories for light traffic, especially because of their mathematical simplicity, they have
weaknesses in not taking account the limitations imposed by the physical size of vehicles
(Gazis 1974, Haigt 1963). These limitations are especially significant for a single lane
where overtaking is clearly impossible. One way to deal with the effects of these
limitations is to replace the negative exponential headway distribution with its ‘displaced’

or ‘shifted’ version:

P(h. =t)=0 D=i=i,
=ie””7 t, <t
h Equation 3-5
P(h. <t)=0 011,
R Y

where 7, is the minimum allowable headway. This is equivalent to saying that the

probability of a headway, starting at ¢ =0, ending in the interval (¢, +d¢), provided that it

did not end before time ¢, 1s

1/% Equation 3-6

The counting distribution for the displaced exponential headway distribution has been

derived by Oliver (1962). It is given by the following equations:

P()=0 0<t<nt,
oL 100 )] nty <t < (n+1),
(n-1)!
P [[n;q(t—nt,)] (n+1)t, <t Equation 3-7
(n-1)!
In+Lg-(n+ 1)¢,)]
n!

where T'(n;x) is the incomplete Gamma function of order n and argument x, which can be

evaluated using:

m=0 m'

et n-l| xm
[(n;x)=(n —l){l—e ' (Z——ﬂ n>0 Equation 3-8

43



A similar approach has been adopted by Maillard & Gorse (1989), when they developed an
expression for the number of vehicles present on a bridge assuming a Poisson process.
Indeed, for short spans, they considered a shifted exponential distribution for the

distributions of inter-arrival times, in order to avoid overlapping between trucks.

Another characteristic of vehicular traffic is its tendency to bunch when passing is
hindered on a road with two-way traffic. One possible approach is to consider a traffic
stream of moderate intensity, where some vehicles are free flowing and others are
restrained in platoons behind one another. If the proportion of all vehicles in platoons is a,
then the proportion that is free flowing is 1—a, and a composite distribution of headways

for all vehicles is given by (Gazis 1974):

h g ¢ 4
P(hzt)=(1-a) Cxp{}é—t')} +a exp{f} Equation 3-9

E

where : t, 1s the minimum headway of free-flowing vehicles,

h, 1s the mean headway of free-flowing vehicles,

t, 1s the minimum headway of restrained vehicles,

h, 1s the mean headway of restrained vehicles.

Other processes

Studies (Haight 1963) indicated that as a model for vehicular arrangement, the Poisson
process has a marked deficiency; the negative exponential probability density function for
the inter-arrival times of vehicles prescribes higher probability for smaller inter-arrival
times than for larger inter-arrival times. Actual traffic conditions require that the small
inter-arrival time be improbable; i.e., the probability density function for inter-arrival time
of vehicles approaches zero as the inter-arrival time approaches zero. The Gamma (or

Pearson Type III) probability density function, given by

v(ve) !
(k-1

frk (1) =

exp(-vt) t20 Equation 3-10
has the required property (except when k=1, i.e. when the Gamma PDF reduces to the

negative exponential). When & becomes larger, the Gamma PDF approaches the PDF of

inter-arrival time for regular traffic conditions. By suitable choice of parameters A4 and &,
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the shape of the function can be changed considerably and was found to correspond well

with various actual traffic conditions (Tung 1969).

Another distribution which has been found to fit headway data quite well in tunnels and on
bridges as well as on streets and highways is the log-normal distribution (Gazis 1974).
Larrabee (1979) compared the frequency of groups of k trucks, assuming that the & trucks
arrive according to a renewal process with renewal PDF (i) exponential and (ii) lognormal.
The results show that assuming truck arrivals to be Poisson increases the frequency of
groups, at least for short and medium span bridges, and so is overestimating the probability

of having a high number of vehicles present on a bridge at the same time.

Prediction of multiple presences of trucks on a bridge

The frequency of multiple-truck presence on a fixed length of highway has been studied at
several highway locations by Desrosiers and Grillo (1973). Their first objective was to
determine which of the following parameters have a significant effect on the probability of
multiple presences: type of highway, length of bridge, time of day, total traffic volume,
truck speed and truck volume. They concluded that the multiple presences of trucks is
primarily dependent upon the length of the bridge and truck volume and it is almost
independent of the type of highway, the time of the day, the total traffic volume, and truck
speed.

The probabilities of multiple-presence events on a given length of bridge can be calculated
using the probability distribution of headway distance. Based on observations of truck
traffic moving on several highways, Goble et al. (1976) assume that the probability density
of headway time in the short headway range is a constant equal to the average number of

trucks per unit time g. They express their approximation as follows:

F(t)=1-exp(—qt) = gt Equation 3-11

where F(t) is the probability that the time between successive trucks is less than ¢. The

assumed probability density ¢ is the maximum ordinate of the negative exponential
probability density function. Based on these assumptions, the calculated frequencies of
headway time are slightly higher than the observed frequencies for most cases. The
distribution of headway from zero to the length of the bridge is thus assumed to be a

constant equal to the average number of trucks per unit of distance, which is also the

reciprocal of the mean headway distance / . Using this constant probability density and
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assuming that headway distances are independent and identically distributed, the
probability of multiple-truck events can be calculated. The probability of m or more trucks

being on a length L conditional on at least one truck being present is given by (Harman &

Davenport 1979):

P* s (lm_l )m
m = Ihm (m—1)! Equation 3-12

where length / , is shorter than the length L by the length of m—1 trucks. Because

many, if not most, influence surfaces for bridges have large influence coefficients over
only a small area, one truck is almost always present in this area when a peak value occurs.
Therefore, it is rational to calculate the probabilities of multiple truck presence conditional
on one truck being in a fixed location. Harman & Davenport (1979), when comparing the
values given by Equation 3-12 with experimental data, have found that the number of

multiple-truck events for spans less than 50 m is underestimated.

Bakht & Jaeger (1988) give a more accurate version of the above approach, in which they
also consider the case of multiple lanes of traffic. Indeed, they state that, in sparse traffic, it
1s reasonable to assume that a Poisson distribution describes the multiple presence of
trucks. For one lane of traffic, the probability of m trucks present on a highway segment of

length L conditional on one truck being in a fixed location can be approximated by:

P e 1 (é)m—l 5 (_-l_,_j :
o= N P W Equation 3-13

where 4 is the mean headway distance between trucks. However, it is important to use an

idealisation of multiple truck presence which gives an exactly zero probability for
impossible events, namely events with more trucks present than the number which would
completely fill the specified highway length. Therefore, the basic Poisson distribution 1s
modified because it gives small but finite probabilities for large (impossible) numbers of
trucks in multiple presence events. In other words, the initial expression is modified in

order to take into account the length of the trucks present on the bridge. The mean length
occupied by a truck is denoted as d . The free length of highway with m trucks on the

highway length L is given by L-md =L(1-md / L). The adjusted free length is denoted

by /, and calculated by:
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= il B
l,=L(1-md/L) Equation 3-14

where [ is the length parameter ( 8 >0). If this parameter is set to zero, the distribution
reverts to a basic Poisson distribution. As £ increases the adjusted free length decreases

and the probability of multiple presence decreases. Thus the probability of m or more

trucks of zero length on the adjusted free highway length / is given by:

n 1
=1.0- exp( j{ - Z (r':z ' 1)'} m>3 Equation 3-15

The modified Poisson probability of exactly m trucks present on length / conditional on a

truck at a fixed location is then given by:

Pm : Pm po 1)m+l Equation 3-16

In the case of two or three lanes of unidirectional traffic, vehicles can change from one
lane to another; therefore the independence of the lanes of traffic is questionable. To
account for the additional space available for trucks, the authors suggest to modify the ratio
md / L in Equation 3-14 and to take it as md /2L for two lanes and md /3L for three

lanes.

If the lanes of traffic were independent and the Poisson idealisation of traffic flow were
accurate, multiple presence in two or more lanes could be calculated using a Poisson
distribution with an arrival equal to the sum of the arrival rates for the individual lanes. In
this study, the arrival rates of the single lanes are taken as the reciprocals of the effective
mean truck headway distances obtained by fitting distributions to the data. The arrival rates
are added and a ‘combined mean truck headway distance’ is calculated as the reciprocal of
the sum. In their study, Bakht & Jaeger show that for moving traffic, multiple truck
presence is more common than the modified Poisson distribution would indicate if the
combined mean truck headway were used as the parameter of the distribution. One
possible explanation is that multiple truck presence in adjacent lanes has positive
dependence. This result shows the limitations of the modified Poisson model, which does
not account for dependence between lanes of traffic (case of one-way traffic), and therefore

underestimates the frequency of the critical multiple truck events.
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3.2.2 Live load models using renewal processes: case studies

Tung (1969) studied the response of highway bridges to the passage of vehicles. In his
study, the bridge is idealized as a damped linear system and the vehicles are assumed to be
of the same type, have the same weight and travel at the same constant speed. A numerical
technique is developed to compute the probability function and expected rate of threshold
crossings of the bridge response. The above assumptions are, of course, unrealistic;
however, they were introduced only for convenience of presenting the basic idea of the
numerical technique. They may be removed by considering the influence function of the
filtered renewal process as ‘a random function, the sample of which represents the
population of vehicle type and weight’ (Tung 1969). Marcus (1974) used a filtered Markov
renewal process in order to study the traffic noise, ‘an environmental impact of urban
highways whose properties depend significantly on statistical properties of the traffic on
the highway’. These two examples, although relatively simple, show how the theory of
renewal processes could be applied to model traffic flow and calculate its effects. In the
following, three studies are presented in more detail. Each one is of particular interest as it

introduces an approach and elements of modelling that will be studied later.

Larrabee’s approach

In his doctoral thesis, Larrabee (1979) considers the topic of combinations of loads from
different sources in terms of loads processes, and then shifts to the specific case of
combining the load effects of multiple vehicles passing over a bridge. Indeed,‘a clear
parallel between traffic loading on bridges and load combinations is the combining of the
load effects of traffic in different lanes. Larrabee studies separately the case of free-flowing
traffic and congested traffic. Only the results related to free-flowing traffic on short and

medium span bridges are presented here.

The author assumes that trucks arrive according to a renewal process, which he considers
reasonable for one lane in one direction. If two lanes in the same direction make equal
contributions to the load effect, then the two lanes together can be modelled approximately
as a renewal process. However, this must violate some physical constraints. The very short
headways implied by the unshifted gamma or lognormal distributions are possible because
trucks travelling in different lanes may overlap their lengths. However, two consecutive

very short headways imply that the third truck is on top of one the first two. Larrabee
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suggests modifying the second headway, by setting it to a minimum value, if the previous

one was a very short one.

Except for very short influence lines, the principal vehicle random variable is total weight.
Larrabee establishes the conditions under which the other random variables (truck type,
length, axle weight, etc.) are of secondary importance. The concept of effective weight is
introduced, as well the random axle factor, which is ‘the ratio of the peak effect of a
random truck to the peak effect of a truck with the same weight but with other properties
specified’. The PDF of the axle factor is a function of the influence line of the bridge. The
distribution of the axle factor for a variety of spans and influence lines is determined by
simulation. The results of the simulations show that, in general, the PDF of the axle factor
is a function of the slope of the influence line and truck type but is not a function of the
length or overall shape of the influence line. This conclusion is of particular relevance in

the scope of this thesis and should be emphasised.

Modelling trucks by the single random variable of total weight requires that the response of
a truck crossing a bridge be described in time by a fixed pulse shape. It is then of interest to
know what effect fixing the pulse shape of load effect has on the combined effect of two or
more trucks. After calculations based on a number of influence lines and lengths, the
author concludes that it is feasible to model the response of a truck crossing a bridge by a
fixed pulse shape, and that ‘the selection of that pulse shape should be based on an
envelope of the random responses and not on the response of some arbitrary, fixed vehicle

description’.

In order to calculate the bridge load effects due to truck groups, Larrabee used a simulation
set up along the lines suggested by Davenport & Harman (1975). It is clear that at lower
levels of load effect, the major contribution to the rate at which groups exceed some level
is due to the more frequent single-truck groups. At higher levels, above the maximum load
effect of a single truck, the major contribution to the rate is due to multiple truck events. It
is not obvious, however, whether a certain size of a multiple truck group will dominate the
total rate. Before running the simulations some preparations are required:
e determine an effective truck weight PDF by convoluting the truck weight PDF with
the axle factor PDF and select a fixed pulse shape;
e compute the rate of occurrence of each group size;

e determine the distribution of headways conditioned on group size.
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After these preparations, the simulation is done for each group size in its turn. The typical
steps are:

e draw the random effective truck weights;

e draw the headways;

e compute the peak group effect;

e record this effect in a histogram.
After repeating these steps for all group sizes that occur with significant probability, the

mean rate of exceedence of a specified level is computed.

Some of the conclusions drawn by the author from the results are of particular interest:
e the smaller groups make a larger contribution when the PDF of weight has a longer
tail and the span decreases;
e at levels where the two-truck groups make the largest contribution, the upper tail of
the truck weight distribution is critical;
e at larger group sizes, the results are less sensitive to the upper tail of the truck

weight distribution.

Ghosn & Moses’s approach

Most models are one-dimensional in the sense that they represent arrivals in only one lane.
A more general Markov renewal process, which can represent a multilane system such as
truck arrivals in several lanes, needs to be adopted. Restrictions on this model include the
fact that truck properties such as Gross Vehicle Weight (GVW), truck type, etc., are
independent of their arrival sequence. The authors concentrate on the study of two lanes of
traffic in the same direction, which, again, is of particular interest here as a live load model

will later be developed for the case of adjacent lanes of traffic.

Observing truck traffic arriving at a given point, such as the beginning of a bridge on a
highway, three different lane position states or truck arrival events can be distinguished:

e atruck is in the slow lane;

e atruck is in the fast (/passing) lane;

e two trucks are side by side in both lanes.
The third is considered as a separate state since a renewal process does not permit an inter-
occurrence time equal to zero; in other words, simultaneous occurrences are not possible in
a renewal model. The Markov renewal process normally conditions the time of a new

arrival on the time of arrival and the lane position of the previous truck. In order to avoid
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possible overlapping between trucks, the Markov renewal process is modified so that each

new truck arrival is conditioned on the two previous arrivals.

Since the arrival of a new truck event is conditioned on the previous two truck arrivals, one
can study the whole renewal process by examining the arrival of the first three trucks on
the bridge. These initial assumptions together with the theory of Markov renewal processes
provide a set of equations that can be solved to calculate the characteristic function of the
response. The characteristic function can then be inverted to calculate the probability
density function of the stationary bridge response. Then the mean up-crossing rate is
calculating according to Rice’s formula (Rice 1954). Finally, the distribution of the
lifetime maximum is calculated from the mean up-crossing rates assuming a Poisson

arrival of the peaks, as suggested by Larrabee & Cornell (1979).

Although very attractive at first, this model is practically very difficult to implement for
two reasons:

e the determination of the conditional probabilities of arrival of a truck in a given
lane during a specified time interval, given the arrival of another truck in a pre-
determined lane at a given time, is awkward,

e assuming that these probabilities can be determined accurately, the computations
involved during the whole process (from the determination of the characteristic
function of the bridge response, its inversion, the calculation of the upcrossing rates
to, eventually, the probability distribution of maximum lifetime response) are

extremely complicated and likely to induce significant.

Harman & Davenport (1979)

The authors developed a procedure to obtain a statistical prediction of the largest effects
caused by traffic loading. In the calculation procedure developed, bridge loading is
simulated, one event at a time and the frequency distributions of the structural effects are
built up by repeating the simulation many times (Monte-Carlo approach). Direct simulation
of traffic is not used because bridge loading events with only one truck present would
predominate: the loading events are divided into five categories and each category is
simulated separately. Loading events with more than one truck present are less frequent
than single-truck events, but they are a primary interest of this study. Large numbers of
these multiple-trucks events are simulated. It is important to note that the study was

restricted to the static effects caused by traffic loading along one traffic lane only.
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Static effects on bridge members are determined by passing idealized trucks over a series
of influence lines, which are selected to be representative of the load-effect relationships
for common bridges. The sensitivity of each effect to the multiple presence of vehicle is
important in this study. Therefore, the influence lines are rated in accordance with a

parameter that i1s an approximate measure of this sensitivity.

There are four important traffic parameters that influence the static effects caused by
traffic:

e gross vehicle weight,

e vehicle type and axle spacing,

e distribution of GVW among axles

e multiple presence of vehicles.
By collecting relevant data (i.e. the first three traffic parameters mentioned above) at
different weigh stations, idealized trucks can be derived. However, it is important to bear
in mind that the data needs to be fully representative (in terms of weight distribution, type
and frequency of trucks) in order to derive idealised, but appropriate, vehicles. For the
simulation, each idealised truck is represented as a series of point loads, one corresponding

to each axle.

For each truck arrangement, the trucks and their headways are selected randomly. A
minimum distance of 7.32m is maintained between the last axle of one truck and the first
axle of the following truck. Each truck arrangement is moved across each influence line in
order to obtain the maximum effect. For each category of arrangement and for each
influence line, the simulation is repeated until histograms of maximum effect are obtained.
For each histogram, a cumulative frequency distribution of effects greater than or equal to
a fixed effect is calculated. A curve having the form of a Gaussian function is fitted to each
distribution by an iterative procedure. The fitting procedure is weighted to provide the best
fit in the vicinity of the mean largest value calculated from the previous iteration. For one
influence line there are five histograms, one for each category of truck arrangement. Using
curves fitted to the histograms and the relative frequencies of the loading events obtained
from traffic studies, the largest value distribution of the effect is calculated. The
distribution is shown to be the product of five “largest value functions”, each of which 1s
determined uniquely by the corresponding category of loading events. From the largest

value distribution, the mean largest effect and the coefficient of variation are calculated

based on various periods up to a 50 year bridge lifetime.
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Here are presented some of the main observations made by the authors regarding their
results.

¢ Depending upon the sensitivity of an effect to multiple presence, some categories
of truck arrangement have a negligible influence on the largest-value distribution.

e If an effect is sensitive to multiple presence, many arrangements of several trucks
may have approximately equal influence on the largest value distribution. In other
words, although one idealized live load can be calibrated to predict a mean largest
effect, this simplification does not indicate that only one category of truck
arrangement is likely to cause an effect of that magnitude.

e It is reasonable to assume that the mean largest effect based on one day is 75% of
the corresponding mean largest effect based on 50 years and that between these two

periods, the mean largest effect vary linearly with the logarithm of the period.

The three case studies discussed were developed in the 1970’s. More recently, Croce &
Salvatore (2001) introduced the most complete model of that type. They present a general
theoretical stochastic traffic model, which is able, not only to reproduce actual traffic, but
also to account for traffic interactions (e.g. several lanes of traffic). Each interval of the
time history of actions on the structure can be considered to be the consequence of the
transit of an appropriate convoy, characterized by its length and composition, so that each
convoy can be associated with the maximum value of the time history interval related to it.
Each convoy is composed of exactly 1, 2, ..., n vehicles, and during its transit, no other
vehicles can be present on the part of the bridge in question. In this way, all kinds of
vehicle combinations are considered, and the traffic is represented exhaustively. Moreover,
when the length of the given influence surface is greater than 30 m, the maximum values
of the effects of a convoy depend almost exclusively on the total weight of the convoy.
That 1s, the actual values of each axle load are assumed to be almost immaterial, so that
each convoy can be substituted by its own weight, uniformly distributed on the total length
of the convoy itself. By doing this, the model is applicable to bridge lengths greater than 30
m only. The maxima induced by traffic on several lanes, as well as those regarding
combinations of traffic actions with other types of action, can be evaluated simply through
the convolutions of the relevant PDF of maxima on a single lane, provided that the number
of convoys travelling simultaneously on the lanes in question has already been determined.

Therefore, although supposedly very general, this model suffers from two limitations:

e it is not applicable to bridge less than 30 m long;
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* it requires previous knowledge of the number of convoys travelling simultaneously

on several lanes.

Finally, there are two points that worth considering when studying traffic flow using

stochastic processes with a view towards live load modelling:

e if truck arrivals are governed by a renewal process, then the inter-arrival times are
independent. An alternative to a renewal model is one in which the vehicles may
cluster together in pairs, triplets, etc. Therefore it might be important to test for
clustering of trucks by examining the PDF of all consecutive pairs of headways. For
clustering to occur, the probability of a short headway must be greater when the prior
headway is also short;

e another interesting aspect of traffic flow is the possible correlation between weights of
consecutive trucks caused by either slower trucks bunching together on hills or by
trucks travelling together from a common starting point (although only larger spans

would be affected by such correlation).

3.2.3 Simulation of traffic flow

A variety of models simulating traffic flow developed in the late 1980’s and 1990’s are
now presented. It should be remembered that the scope of this thesis is the modelling of
imposed traffic loadings on short to medium span bridges. Therefore, when discussing the

following models, the emphasis is put on their ability to deal with such bridges rather long

span ones.

In the late 1980’s, Eymard & Jacob (1989) developed a software application called
CASTOR (i.e. Calcul des Actions et Sollicitations du Trafic dans les Ouvrages Routiers).
The main function of CASTOR is the calculation of effects (total load on a bridge,
moment, shear force, etc.) induced in a bridge by the passage of traffic loads on the deck,
and the statistical analysis of these effects through the use of histograms. CASTOR can be
used to check the dimensioning of bridges under traffic loads, to calibrate design codes or
for fatigue assessment. In terms of input, CASTOR requires a full traffic file and the
knowledge of the influence line (or surface) to be considered. A traffic file is constituted
by the succession of traffic records, each record representing a single vehicle. Each vehicle
is fully described by the knowledge of the following elements:
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* its exact arrival time at a fixed given point ;

e its lane and its direction of travel;

e its speed;

e its number of axles;

e its Gross Vehicle Weight (GVW) and its individual axle weights;

o its length (between first axle and last axle) and axle spacings.

The different vehicles types are distinguished according to their GVW; vehicles weighing
less than 10 kN are referred to as cars, vehicles weighing between 10 and 35 kN are
referred to as vans and vehicles above 35 kN are considered as trucks. Such traffic files can
be obtained from Weigh-In-Motion (WIM) systems set up on any road or bridge. The
traffic is recorded continuously for a period varying between a day and a few weeks (the
main limitation being the size of the file generated as the recording period increases). The
influence line (/surface) is defined longitudinally (/and transversely) by specifying the
magnitudes of the influence line for a set of defined locations. The notion of influence line
(/surface) assumes linearity and therefore a total effect induced by a set of axles is taken as
the sum of the individual effects of the axles. The total time is discretised into a number of
instants separated by constant time increments. For each distinct instant, and for each
effect considered, the contributions of all the individual axles present on the structure are
added, which gives the total effect for that instant. The outputs of the program consist of:

e The entire set of calculated effects for all the discretised instants (although this option

is not recommended because of the very large size of the file generated)
e A set of histograms; including the histograms of successive local minima/maxima of

an effect, level crossing histogram and ‘rainflow’ histogram (for fatigue).

In 1991, Bez & Hirt (1991) proposed a probability-based load model of highway traffic in
which they used traffic simulation. The purpose of simulating traffic was to establish the
statistical characteristics of the highway traffic load effects, in order to introduce them into
the probabilistic analyses. The first step of the traffic simulation consists of choosing the
characteristics of the structure which will support the traffic loads, namely the traffic
system, the influence line, the type of cross-section (in order to take into account the lateral
distribution of the loads) and the deck width (which is directly related the number of traffic

lanes). On the basis of measured traffic and its statistical characteristics, namely:
e geometry of the vehicles (length, axle spacing)
e gross weight and its distribution to the axles
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¢ distance between moving or stopped vehicles
e composition of the traffic (percentage of cars, single trucks, trucks with trailer and
semi-trailers),

it 1s possible to simulate a traffic jam by a random generation of vehicles which are placed
on the chosen influence line. This procedure is repeated over and over again, in order to
simulate the number of traffic jams that could occur during the service life of the bridge.
This leads to the extreme value of the traffic load effects. The simulation of this number of
traffic jams is repeated by Bez & Hirt a number of times, in order to establish the statistical
characteristics (mean and standard deviation) of the extreme value of the traffic load
effects. As stated by the authors, the advantage of considering stopped traffic (yielding
about the same results as slowly moving traffic) is that it is not necessary to take into
account the dynamic effects, which is an area of research on its own. However, for
relatively short spans (i.e. < 30 to 40 m), the dynamic effects are of primary importance
and the congested configuration does not represent the critical loading situation, which

therefore limits the immediate application of the present model.

Bez & Hirt’s traffic simulation is done by means of a specially developed computer
program, where the number of simulations of jams was taken to equal 50 000 (corresponds
to about 4 jam situations per day during a service life of 50 years, on the basis of 250
working days per year), and the number of repetitions of the procedure to equal 50. The
traffic characteristics used for the traffic simulation were established by field
measurements of stopped and moving traffic in Switzerland between 1976 and 1988. In the
simulations, a number of span lengths ranging from 20 to 100 m, lane widths (representing
1, 2, 3 and 4 lanes) and two different cross sections were considered. The bending moment
at mid-span was the only effect calculated. The results of the simulations are expressed in
terms of mean value and standard deviation. Obviously these simulations represent an
enormous number of computations; however, by simulating the equivalent lifetime of the

bridge, the extreme expected effects are obtained without having to extrapolate the results.

A very interesting model of simulation of real traffic flow is the one introduced by
Vrouwenvelder & Waarts (1993). Indeed, they derived a complete traffic load model for
the design of road bridges in which attention was given to the Ultimate, Service and
Fatigue Limit Sates under both static and dynamic conditions. A statistical model, based on
a set of measurements from the Netherlands, was derived for the calculation of axle loads

(once the vehicle type and weight are given). A probabilistic traffic flow model was also
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constructed in order to represent the three types of traffic (free, congested and full stop)
and their respective characteristics (intensities, headway and speed distributions, etc.).
Given these two models, design values can be obtained on single and multiple lanes for

various influence lines.

The vehicles are distinguished by their type, defined by the number of axles and type of
body (single body, semi-trailer, trailer). For a given vehicle type, the total load distribution
of the weight 1s in most case a bimodal one. This shape of the distribution can be explained
by assuming subpopulations of loaded and unloaded vehicles. In their study, the unloaded
vehicles are modelled by truncated normal distributions. The authors then use different
distributions to model the gross vehicle weights depending on the mode and limit state
considered. The loaded part is modelled by truncated normal distributions for the analyses

of fatigue limit state and by truncated Weibull for the other limit states. Given the vehicle

type and its total weight W, the individual axle loads Q,can be found from the following

model:
Q =b+aW Equation 3-17

With Zb,‘ =0.0 and Zai =1.0. The (a,,b;) pairs of values should be regarded as

average values; for some applications (e.g., short influence lines), it is necessary to include

the statistical fluctuation around these values.

The traffic models consist of a long-term model and a short-term model. The long-term
model describes the daily and hourly intensities and the duration of the type of traffic (i.e.
free, congested or full stop). The short-term model describes in a probabilistic way the
velocities and distances of individual cars, given the hourly averages. Each traffic type has
its own short-term model. The static elastic behaviour of the bridge is characterized by
means of influence lines. The simulated traffic is positioned above the influence line as an
irregular set of point loads Q,. After calculation of the load effect, the corresponding
equivalent uniformly distributed load is calculated. The model also accounts for fatigue
and dynamic analysis (by means of combined dynamic model for bridge/truck interaction).
An interesting remark made by the authors is that the maxima of static and dynamic

response in general do not occur at the same point in time. The case of multiple lanes is

dealt with by applying multiplication factors, the values of which depend on the influence

line considered.
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‘A complete model valid for every load effect (maximum load in a reference period,
fatigue, frequent load for the verification of serviceability limit states), and for any
situation (design of a new bridge or evaluation of an existing one), considering the most
important correlations in actual traffic, is not available nowadays’ commented Crespo &
Casas (1997). Thus they decided to present a new model for the global analysis of traffic
actions on roadway bridges. In order to make it feasible for use in the verification of most
important limit states, the model includes an algorithm for the simulation of continuous
flow of traffic, in order to be able to predict the effect of real traffic flow over the bridge as
a function of time, and another for the extrapolation of maximum results from short

periods to long return periods.

To account for the uncertainties in the traffic action, a statistical treatment was given to the
most important variables involved in the problem. To characterize the statistics of those
random variables from real traffic data records, several computational tools were
developed. From the study of real traffic records, correlation matrices for the relation
between the random variables total weight and weight per axle were computed for each
vehicle type. In short span bridges, it is very important to represent the actual axle loads as
accurately as possible. The model for the simulation of continuous flow of traffic was
based on two different algorithms: one to create fictitious complete traffic records using
the statistical properties extracted from the analysis of available real traffic data; and

another one to manage the pass of all simulated vehicles over the bridge.

From the analysis of different real traffic records, the authors observed that the time
interval between vehicles depends on the number of vehicles arriving at the registration
point per unit time. No theoretical probability distribution function fits this random
variable well for all traffic conditions and carriageway categories. After several studies, it
is observed that the non-dimensional random variable ‘actual time intervals between
vehicles divided by average interval between vehicles’ measured in different real traffic
records, with different numbers of vehicles arriving at the registration point, showed
uniform trends for each carriageway category. The authors thus decided to implement this
new variable in the definition of the time intervals between all vehicles in the fictitious
traffic record. One of the main advantages of that approach is that it is not necessary to
hypothesize the nature of the time intervals distribution function, the CDF used for the
sampling of this variable does not strongly depend on the traffic intensity, and this

procedure allows the user to approximate, very accurately, real conditions for different
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road categories. For the sampling of vehicles’ velocities, a similar procedure was

implemented.

Some major objectives of the model for the simulation of traffic flow over bridges were to
account for the most important correlations between vehicles in one lane and different
lanes, and to avoid overlapping between vehicles, since this is a very important source of
error. To achieve these goals, some possibilities for the algorithm for the management of
the crossing of vehicles over the bridge are: passing between vehicles, accelerations and
decelerations and changes of vehicles’ velocities at each computed instant. The dynamic
bridge response to vehicle loading is taken into account by increasing the static effect of
each vehicle by the impact factor. The impact factor is a deterministic value, but different
values are considered based on the different truck types (light or heavy). Finally, the
extrapolation of maximum effects within a period to a longer period is dealt with. The
authors emphasise the importance of the accuracy in the extrapolation of results from the
simulation of short periods to long intervals in order to get reliable results in the
assessment of the safety of bridges. The fundamentals of the proposed methodology lay in
the use of the Generalized Pareto Distribution (GPD) for the probabilistic definition of the

tail of the variable of interest.

Bailey (1998) developed a simple method for the consideration of site-specific traffic loads
as a function of parameters describing the bridge and traffic, referred to as site
characteristics. The site-specific model of the frequency distribution of extreme traffic
action effects is based on the results of a traffic simulation program. The simulation
program generates random traffic loads for defined traffic conditions and determines the
frequency distribution of maximum static effects for different structures. Axle weights,
axle spacings and the distance between vehicles, are generated according to probability
distributions that are adjusted in order to model different types of traffic and different
traffic flow conditions. As a result, this approach enables the user to extend the scope of
the study beyond recorded traffic types. Also, axle group weights are considered as single
loads in order to increase the speed of simulations. The author states that the simplification

has no significant influence on the effects calculated for spans greater than 30m.

Bailey finds that the frequency distributions of axle weights measured in traffic surveys are
best modelled by the weighted sum of two beta distributions, one for each of the two peaks

observed in the majority of the cases. Vehicle geometry is represented by the distance
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between axle groups and the front and rear vehicle overhangs. Again these distances can
best be modelled by beta distributions. A different distribution is used for each axle group
spacing and overhang for each class of vehicle. The distance between vehicles is modelled
differently for each of the three traffic flow conditions: free moving, congested and at rest.
These frequency distributions are modelled by a beta distribution, the parameters of which
vary as a function of traffic speed. Globally, the main traffic characteristics are all
modelled by beta distributions, which obviously restricts the maximum GVW to a chosen
limit. However, the following issue then arises: how to determine that limit, given that

overloads regularly occur and must be accounted for?

A computer program was developed by Bailey for simulating the passage of traffic over
bridges and determining the resulting frequency distributions for maximum load effects.
For given traffic conditions and lane configuration, the program considers many bridges
and effects at once (up to 64 influence lines). A stream of axles is generated for each lane
and traffic is stepped over influence lines incrementally. At each step, the effect for each
lane is calculated using an influence line and the combined effect of multiple lanes is
calculated using lateral distribution factors. Frequency distributions of traffic action effects
are compiled as the simulation progresses. The simulation program has been used to
generate maximum traffic action effects for more than 1600 combinations of action effect
type, bridge and traffic. The influence on traffic action effects of vehicle over-loading and
weight restriction was also simulated. Simulations results are expressed in terms of the
mean simulated maximum traffic action effects for different return periods, represented by

the number of vehicles that pass over a bridge.

Conclusions

A number of approaches developed in the last four decades for modelling live loads on
roads and bridges have been discussed. From simplistic to very advanced, from a simple
Poisson process to full simulation of real traffic flow, the various models have improved
over the years. Some of them are very complete and include both static and dynamic
analysis of the traffic loads on bridges, for a large range of bridge lengths. However, most
of these models come with their own limitations, the most common one being their

restriction to bridges exceeding 30m in length.
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3.3 USE OF FIELD MEASUREMENTS AND WEIGH-IN-MOTION DATA

Wilson et al. (1983) studied overtaking involving lorries and coaches on the M1 motorway
in England during the summer of 1979. The authors were not only interested in the
frequency of overtaking events but also in their type (e.g. full overtaking manoeuvre,
vehicle remaining in its lane while passing another vehicle, etc.). In total, 14 two-hour
observation periods were spent watching overtaking manoeuvres performed by lorries and
coaches, between June 25 and July 13. The observer was equipped with a clipboard and a
stopwatch. Although accurate in describing the overtaking manoeuvres, this technique is
not suitable if one 1s interested in the real frequency of overtaking events over a continuous
period of time (e.g. one full week). In addition, this technique does not provide any
information on the actual weight of the vehicles observed. Another possible option is the
use of static weighing scales, located on the side of the road or at control points. However,
this technique does not provide full representative data as only a sample of the total traffic

1s weighed.

In 1992, a detailed study of heavy-good vehicles was undertaken by Pillot (1994) in order
to obtain a database that would provide input data for models of polluting emissions. Two
methods were used to obtain the various traffic variables required: a survey among drivers
and video recording combined with weighing system. The latter approach is particularly
interesting. Indeed, the heavy vehicles (over 20 kN in that study) are detected and the
video-recorder is then automatically started to tape the passage of the detected vehicle. The
system is managed through the use of a computer. Besides the video recording, a data file
is generated, including the usual characteristics (arrival time, GVW, axle weights, number
of axles, length, speed). Using this approach Pillot was able to obtain further information
about the heavy vehicles (e.g. power, make) by analysing the video. However, the same
methods could be equally applied to the study of critical loading events over a bridge and

typical loading patterns.

3.3.1 The use of WIM data in bridge engineering

The use of field measurements and Weigh-In-Motion (WIM) data is well documented. In
particular, knowledge of the traffic in terms of weight, frequency, composition, etc., is of

great interest not only for engineers but also for legislators and tyre and truck
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manufacturers. The main uses of road measurements in bridge engineering are (Prat 1997,
O’Brien et al. 1998):

e calibration of traffic load models, including background studies to Eurocode:;

e calculation of reduction factors for national conditions;

e dynamic Impact Factor;

e design of exceptional bridges (e.g. long span bridges);

e assessment of load on existing bridges;

o fatigue assessment of bridges;

e active control of traffic load on bridges.

One of the main advantages of WIM data is that statistical bias is reduced as there is no
pre-selection of vehicles. A complete picture of the traffic is recorded for a continuous
measurement period. The parameters governing traffic flow may be accurately modelled
and realistic simulations can be performed in which multiple transverse and longitudinal

presences are modelled as they occur, resulting in more realistic estimates of the governing

load effects (O’Brien & Jacob 1996).

O’Connor et al. (1998) did a study in order to assess the accuracy of the current Ontario
Highway Bridge Design Code (1991) live load model for the design of short to medium
span highway bridges. The current model was derived from truck surveys carried out in
Ontario in the mid 1970’s and late 1980’s. A major source of inaccuracy in the load model
concerns the limitations on, and biases in the data, which was used in the calculation of
characteristic load effects against which the load model was calibrated. In 1975, only
trucks that appeared to be heavily loaded were stopped and weighed. This related to
approximately every 3™ truck being weighed in sparse traffic and every 10™ truck being
weighed in dense traffic (Harman & Davenport 1979). The distribution of gross vehicle
weight was therefore biased towards trucks travelling at, or close to, their legal weight
limit. It is also reasonable to assume that heavily overloaded trucks deliberately avoided
the weigh stations. Consequently, trucks which could be expected to induce the maximum
load effect on the shorter span bridges were not recorded in the survey. The results of free
flowing simulations performed on representative influence surfaces, using WIM data
recorded in Ontario in 1995, are presented. Extrapolation of the calculated load effects is
performed to determine characteristic values of the design of highway bridges in Ontario.
The current load model is assessed by comparing the specified design effects with
calculated characteristic effects. The authors concluded that, for one-lane bridges, the

model is too light, whilst for two lanes it is too heavy. The inadequacy in the model is a
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result of simulations performed, based upon a biased data set, where subjective
assumptions were used to model the random variables governing traffic flow. Clearly the

use of WIM data in simulations for code calibration is preferable.

Heavy motor vehicles represent a major load to highway bridge structures. Their weight
and weight distribution over axles are limited by the regulations of the jurisdictions.
However, vehicles exceeding these limits (i.e. overloads) may need to cross the bridges,
mainly for economic reasons. In the U.S., these overloads are accommodated by the
special permit system of the highway jurisdiction. Special permits can be given for a full
year or for a few days. One of the issues associated with the operation of overload-permit
systems has been the structural safety of highway bridges. It is well known that highway
bridges may possess intended or unintended reserve strength, although they were designed
for the standard loads at the time. This reserve strength can be utilized to accommodate
occasional overloads. On the other hand, many bridges have deteriorated severely. As the
demand for more and heavier overloads has been increasing; it becomes an imminent issue
whether and/or how these overloads can be allowed to travel without jeopardizing the

safety of bridges.

Fu & Hag-Elsafi (2000) presented a live (vehicular) load model for highway bridges
including overloads. The model is used to assess the structural reliability of highway

bridges subjected to overloads along with normal loads. Live load effect L, due to vehicle

traffic for a primary component of a highway bridge structure is modelled in a similar way

to that of Moses and Ghosn (1985):
L, =Lmlg Equation 3-18

where the subscript ¢ indicates the traffic being the source of the load effect, and L is the
maximum static load effect due to vehicles with a typical configuration. L varies with the
number, weights, and locations of heavy vehicles on the bridge. It is modelled as a
lognormal random variable. In Equation 3-18, m is a modification factor covering the
variation of vehicle configuration, / is a factor for impact due to dynamic effects of vehicle
in motion; and g is a factor for load distribution to the bridge component. In essence, this
model of L simulates the total load effect for the bridge component, including the effect of
traffic volume. This volume is increased by the number of platoons of vehicles for a given
period of time. To account for the effects of overloaded vehicles, the histogram of vehicle
weight is constructed by adding histograms of both normal traffic and overloads. In that
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way, the model is sufficiently flexible to include site-specific traffic information, when
available. It can be applied to truck weight data obtained from any jurisdiction. In their
study, the authors obtained the histogram of overloads from the statistics of the permits in
the New-York State during 1991. In this model, the authors attempt to account for
overloads in actual traffic by considering the permits issued for overloaded vehicles.
However, this method remains inaccurate by neither considering the actual frequency of
overloads nor considering actual measured weight (but theoretical permitted weight

instead). Again, the need for complete unbiased data is recommended.

Laman & Nowak (1997) adopted a new approach for live load modelling by considering
site-specific truck loads on bridges and roads. Indeed, truck loading is site-specific and
depends on factors such as traffic volume, local industry and law enforcement effort. WIM
data obtained for that study was collected at locations of different average daily truck
traffic and different proximity to stationary weigh stations; each location corresponded to a
different bridge structure. Truck axle weights, GVWs and axle spacing were obtained with
a bridge WIM system. Tests indicated that the accuracy of measurements was good or very
good for GVW (depending on the number of axles — the accuracy decreases as the number
of axles increases). However, the accuracy for axle loads was not as good (+20%). The
data obtained showed that between 40 and 80% of the truck population are five-axle
vehicles, depending considerably on the location of the bridge. The recorded data also
indicated that there were a number of illegally loaded trucks; maximum WIM truck weighs
exceeded legal limits by as much as 63%. The recorded WIM data was processed to
develop cumulative density functions of gross vehicle weight at each site. Axle weight
distributions were also obtained. Important consideration was given to the proximity of
stationary truck weigh stations. Indeed, it was expected that legal weight limit violations
would occur with increasing frequency as the distance from state police controlled stations
increased. The WIM data was checked against a large amount of available data (weighing
stations and citation data). The truck weighing station data includes a very large number of
trucks and represents the majority of highway traffic; however, it is biased. Very heavy
trucks avoid weigh stations by using alternate routes or by operating during hours when the
weigh station is closed. Although stationary truck weigh stations are a means of law
enforcement, it is shown that overloaded vehicles generally do not pass through them.
Citation data (i.e. data relative to overloaded vehicles) were provided by the Michigan

State Police Division. The data covers one full year, which resulted in a large amount of
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data. The data included number of axles, the axle loads, the axle spacing and the GVW,

along with other information.

The author concludes that his study revealed a wide variation between sites, in terms of
traffic composition and truck weights. Also, WIM measurements of trucks can be taken
discretely during normal traffic conditions, resulting in unbiased data for a statistically
accurate sample of truck traffic travelling on a particular highway. Another very interesting
conclusion concerns the variation of GVW and axle weight with several factors, such as
the proximity to stationary weigh stations, proximity to industrial areas and desirability and
economics of the route for truck traffic between major metropolitan areas. Finally, the
author observed a direct and negative correlation between law enforcement effort and the

occurrence of overloaded trucks.

3.3.2 Dynamic load

In the scope of this thesis, only the static effects due to traffic loads on bridges will be
considered. However, dynamic effects are critical when considering relatively short
bridges. Therefore some elements that would help to understand and estimate the dynamic
contribution to the total effect induced in the structure have been introduced. The emphasis
has been put on the loading cases directly related to this research: multiple-truck presence,
heavy truck (i.e. semi-trailer type rather than single body type). This introduction to

dynamic load can be found in Appendix A.

3.3.3 Truck weight distributions

When considering traffic loads on road bridges, the most significant variable is certainly
the distribution of truck weights. While easily derived when WIM data files are available,
there are cases where such traffic files are not obtainable. Although WIM files are an exact
picture of the actual traffic, they do not contain any information on future traffic (potential
traffic growth, modification of weight limits, etc.). Research has thus been carried out in

that field; some particular aspects are presented here: the prediction of probable vehicle
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weight distribution and the effects that changing weight limits will have on the existing

network.

Revising regulatory policies governing the physical and operating characteristics of heavy
freight vehicles requires assessment of the implications of adopting alternative policies.
Input variables required for the evaluation process exercise are characterised by a high
degree of uncertainty. An important input variable is reliable estimates of the probable
vehicle weight distributions under different weight limits and enforcement levels. The
objective of the study by Fekpe (1995) and Fekpe & Clayton (1995) was to develop an
improved methodology for predicting the probable weight distributions, pavement loading,
and payloads under alternative weight limit and control policies. Two closely related
aspects are addressed:

e understanding the relationship between intensity of enforcement of the weight
regulations and the violation rate (i.e., number of trucks in violation as a percent of all
trucks inspected);

e predicting the weight distributions for various truck types in terms of the weight limit
and the intensity of enforcement.

The main purpose is to provide a reasonable weight prediction methodology that resolves

much of the uncertainty about probable changes in weight distributions under alternative

weight limits and enforcement strategies.

Fekpe & Clayton (1995) developed an enforcement intensity /violation rate model; it

determines the maximum possible violation rate as a function of the level of enforcement

and the method of enforcement. This model is incorporated into the weight prediction
model through an enforcement correction factor. The underlying assumptions in the model
are:

e trucks have definite load carrying capacities and therefore cannot be loaded
indefinitely (even with no enforcement, the extent of overloading is constrained by
technologies and dimensional limitations);

e the occurrence of overweight trucks is possible no matter how intensive the
enforcement practice (there will always be offenders);

e generally, violation reduces with increasing intensity of enforcement.

The authors give the following equation in order to express quantitatively the above

assumptions:
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f(z) = Aexp(-0.10z) Equation 3-19

where f(z) is the violation rate (%); 4 is the maximum expected violation rate when

enforcement is zero (a constant that depends on enforcement method); and z is the

enforcement intensity (%) (number of trucks inspected as percent of all truck traffic).

The fundamental hypothesis of the GVW prediction model is that the GVW distributions
of trucks can be related to and expressed as a function of the governing legal limits and the
intensity of enforcement of the regulations. For a given GVW Ilimit and level of

enforcement measured by the violation rate, the GVW distribution can be predicted:

F()=

1
1+ £(z) R(x) Equation 3-20

where F(.) i1s the cumulative density function — the general form of GVW prediction
model; 1+ f(z) is the violation factor; and P (x) is the probability of trucks operating less

than or equal to given GVW x. The model is calibrated from static weight data collected in
two Canadian provinces between 1989 and 1992, and is validated with new independent
data not used in the development of the model. It was concluded that the model is
sufficiently accurate in predicting GVW distributions and that these are stable in time and
in space. The predicted GVW distribution is translated into axle weights on the basis of the
weight split characteristics. It is shown that the proportion of the GVW supported on each
axle unit of a given truck configuration is specific to that truck type and varies within a

narrow range irrespective of the regulatory limit and the operating environment.

The application of the methodology is illustrated with the five-axle tractor semi-trailer in
Europe. If the EU weight limits (40 t) are introduced in the U.K. (38 t), the pavement
loading from this truck type measured by the truck load factor will increase by at least 22%
above the current U.K. condition. The pavements may have to be upgraded to withstand
the increased loading and tight weight control may be adopted in order to maintain the
quality of the existing infrastructure. In Italy, the existing limit (44 t) is 10% higher than
the proposed EU values; about 32% reduction in truck load factor is expected if EU limits
were enforced or Italian trucks operate in the continent at EU limits. These results from
Fepke & Clayton (1995) show that in a regional context, countries or jurisdictions allowing

lower weight limits than proposed regional values, are likely to be more concerned about
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the infrastructure impacts of allowing the higher limits. The issue of enforcement becomes

more important under such circumstances.

On the one hand, bridge owners feel that they have to control the loading of highway
bridges because of the general state of deterioration of the structures, and, on the other
hand, the trucking industry feels that it is unfairly restricted by overly conservative bridge
owners. These concerns clash when it comes to determining the safe load-carrying capacity
of highway bridges. Ghosn (2000) developed truck weight regulations (i.e. new truck
weight formula) using a bridge reliability model and Ghosn & Moses (2000) considered
the consequences of adapting such a truck weight formula on the safety of the existing
bridge network in terms of reliability and increases in the number of structural deficiencies

if current rating procedures were maintained.

The overstress ratios used in the development of the actual truck weight formula were
solely based on judgement without any consideration of the increased damage due to
repeated load applications or the likelihood of overloads and simultaneous truck presence.
It 1s widely accepted that a more rational approach to obtain the overload capacity of
bridges should be developed based on structural reliability theory. The objective of Ghosn
& Moses’ paper is to present a reliability-based procedure to determine the optimal
allowable loads on highway bridges considering static and dynamic effects. The usual
application of reliability theory for bridges has been in determining the risks of the
structures under current loads or the calibration of new design and evaluation codes. The
problem of developing overload criteria and consequently obtaining a truck weight formula
is an inverse problem. A new truck weight formula that regulates the weight of heavy
trucks and axle groups was proposed in the first part of this two-paper sequence base on
rational safety criteria (Ghosn 2000). In that paper a review of existing safety levels
inherent in the use of current weight regulations was undertaken. Based on that review, a
target reliability index of 2.5 is considered to be appropriate for use as a criterion for
developing new national truck weight regulations. The procedure utilises a reliability
analysis such that the projected truck load effect produces a uniform reliability index of 2.5
for bridges designed according to current AASHTO standards. The maximum live load
moment envelope to produce the 2.5 target reliability index is calculated. The proposed
truck weight formula is derived to satisfy this required live load moment envelope. The
calibration of the proposed formula is executed to satisfy a target reliability index of 2.5

accounting for possible growth in the truck traffic and truck weights with time. In the
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companion paper, it is demonstrated that the proposed formula is not sensitive to the

statistical database used in the derivation if the target reliability index criterion is changed

accordingly.

A major portion of the total cost impacts for new truck weight regulations is the effect on
the existing bridge population. Various estimates state that, given current weight
regulations, about 130 000 bridges are rated structurally deficient with an estimated $53
billion replacement or upgrading cost (TRB 1990). If a new truck weight regulation
introduces higher legal loads, a larger number of structural deficiencies will result; this will
increase the estimated replacement and upgrading costs. In their analysis, the authors
assume that any bridge that is found to be deficient under a new legislation will have to be
replaced (i.e., the possibility of upgrading, posting, or closing an existing bridge are not
considered). The possibility of posting or closing bridges for extended periods has been
ignored because these options will entail economic and productivity costs to the freight

industry that may exceed the cost of replacing the affected structures.

Ghosn & Moses show that the increase in the number of deficiencies is about 3 to 6 times
the current level of deficiencies. However, knowing that the proposed increases in the
truck weights will result in a large increase in economic productivity, the increase in the
number of deficiencies may be justified, at least for the primary bridge system. For
example, the TRB truck weight study (TRB 1990) performed a complete comparison
between levels of productivity and economic costs for bridges and highways and
concluded that the increases in economic productivity would normally justify the costs of
upgrading the existing bridge system. The problem appears to be with the secondary bridge
system. The sheer number of deficiencies and the fact that many of these bridges may be
located in areas with minimal economic activity, would create a big problem for any
nationwide changes in truck regulations. The conclusion is that, if the proposed formula is
adopted, it will increase the number of bridge deficiencies. It is also observed that the
increase in the number of bridge deficiencies is uniformly spread over all span lengths.
However, the expected number of bridge deficiencies could be reduced if different truck

weight regulations were adopted or if different bridge safety criteria were used in the

derivation of the truck weight formula.

Conclusions
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The findings presented in this section show that reliable estimates of probable truck weight
distributions can be obtained, allowing for enforcement level and changing weight limits.
However, slight modifications in weight limits appear to have severe consequences in
economical terms. Thus room should be made for such changes (e.g. increase in the weight
limits) but these modifications, if they should occur, would probably be introduced
progressively. Nonetheless, all the above results should be put into perspective when
considering that sometimes a large proportion of heavy vehicles are well above the legal

weight limits.

3.4 PREDICTION OF EXTREME VALUES

There exist many approaches to the problem of trying to estimate the extreme values of a
stochastic process in time. The guiding principle in selecting a suitable approach is related
to the fact that in many engineering applications, one typically seeks to determine the
values with return periods that greatly exceed the length of the available data records. This
tricky objective dominates any consideration of accuracy, confidence, interpretation, and
practicality of the technique selected (Maes 1993). In the author’s view, a balance must be

struck between practicality and theoretical justification.

3.4.1 Tail equivalence

The characterisation of tails in random variables is of major concern in safety analysis such
as structural reliability analysis or a quantitative risk analysis of an engineering system.
One of the important questions raised is whether the tail is bounded or unbounded.
Therefore, in a statistical analysis of a given set of data, it makes sense to use only the
extreme small or large data in the tail modelling. This raises the important issue of the
selection of thresholds above which ‘tail behaviour’ of the data can be justified. In general,
thresholds close to the central data will bias the estimation towards the central values that

are not informative on the tail. Excessively extreme thresholds will result in high

estimation variances.

A key concept in characterising tail behaviour is that of tail equivalence (Resnick 1971,

Castillo 1988). It provides a basic principle for deciding if two random variables X and Y
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with cumulative distribution functions F, and F, have the same ultimate tail behaviour.

For the upper tail (or right tail), 7, and F, are tail equivalent if:

m_lix(t) =1 >
t>w 1—F, () Equation 3-21

where w is the maximum value attained by both random variables (the value of w can be
infinite). Therefore, in extrapolating a right-hand tail of an unbounded PDF for the purpose
of estimating long-term extreme values, it is fully justified to consider that the tail is
asymptotically equivalent to, or belongs to the domain of attraction of the (properly
normalised) tail of one of the three extreme value distributions: the Gumbel, the Frechet or
the Weibull distributions. This principle of tail equivalence is, strictly speaking, only valid
for stochastically independent random variables. However, it can be extended to the
extremes of general time series, provided some (weak) restrictions on the autocorrelation
structure are satisfied (Leadbetter et al. 1983). This approach becomes increasingly
justified when the sample size and (or) the level of the extreme increases, that is, as peaks

become more and more independent.

3.4.2 Selection of an appropriate distribution

It is assumed that (X,,X,,..,X,) are independent and identically distributed random

variables coming from a continuous parent population with a cumulative distribution
function F(x) and probability density function f(x). Castillo & Sarabia (1990) have
shown that, ‘when dealing with extremes, and n is large enough, the infinitely many
degrees of freedom we have with the distribution F(x) are reduced to three parametric
families’. In other words, no matter what the exact parent distribution F(x) is, one of the
three distributions (Gumbel, Weibull and Frechet) can be used for approximating extremes
(maxima or minima). Additionally, even though the limit of a given distribution belongs to
one of the three families, in most cases they can be reduced to only two if we take into
account the following two properties (Castillo 1988):
e a parent distribution with non-finite endpoint in the tail of interest cannot lie in a
Weibull-type distribution domain of attraction;
e a parent distribution with finite endpoint in the tail of interest cannot lie in a Frechet-
type distribution domain of attraction.
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Thus, discussions between the choice of Gumbel versus Weibull, or Gumbel versus
Frechet distributions for approximating extremes ‘make no practical sense, because
Gumbel distributions can be approximated, as closely as desired, by Weibull or Frechet
distributions (the Gumbel families are in middle line between the Weibull and the Frechet

families)’ (Castillo & Sarabia 1990).

The most common problem in daily practice is the following: a sample is given, but no

knowledge about F(x) is available. Thus various methods can be used in order to select

the appropriate limit distribution from the available data; among which: probability-paper,
weighted least-squares and curvature methods. When using probability papers, the standard
procedure consists of drawing the empirical cumulative distribution function and fitting a
straight line to the whole range of data. In the case of extreme value problems, probability
papers must be used in a different manner. In this case, it is known that the sample does not
follow the prescribed extreme value distribution, but is only asymptotic to it. The practical
method for determining the type of domain of attraction consists of the following steps:

e determine whether it is a problem of minima or maxima;

e draw the empirical CDF on the corresponding (maxima/minima) Gumbel
probability paper;

e observe the curvature and the slopes of the CDF in the tail of interest. If the
curvature is not negligible and the slope goes to zero or infinity, then reject the
hypothesis that F(x) lies in a Gumbel-type domain of attraction. Depending on the
curvature, decide in favour of Weibull or Frechet. In case of maxima, convex
downward (slope tending towards infinity) indicate Weibull-type and concave

downward (slope tending towards zero) indicate Frechet-type.

Only the tail of the distribution governs the behaviour of the extremes of interest. Thus, the
use of the other tail and central data will only disturb the estimation of limit distributions.
Consequently, some data values must be excluded from the fitting procedure, and the rest
of the data values must be given different weights. In selecting the weights, two important
conflicting facts must be taken into consideration. On the one hand, estimated percentiles
in the tail of interest have the largest variances. On the other hand, they approach the limit
distribution values more closely. However, one thing is certain: data points in the tail of no
interest must be given very small or null weights because for them both facts point in this

direction.
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The basic idea of the curvature method is to measure the curvature in the tail of interest by
means of the ratio of the mean slopes in two neighbouring zones of the tail. To calculate
the mean slopes of the zones, the curvature method proposes fitting two straight lines by
least squares and using, as a measure of the curvature, the quotient of the slopes of these
two lines. Again, the main issue lies in the selection of the number of tail values to

consider.

Maes (1993) addresses the question of developing design criteria for thermal effects in
concrete bridges, the objective being the determination of extreme temperature effects

having specified return periods. In order to identify to which of the three extreme value

tails the peak values belong, basic Gumbel plots are constructed: the peaks X, ordered

decreasingly, are plotted against the double logarithm of their empirical cumulative

distribution values 7,, where

1; =—In(=In(p,)) Equation 3-22

The Gumbel plot allows the type of extreme value distribution to be determined on the
basis of the curvature of the right tail (as explained above). In view of the previous
considerations, a straight-line approximation for the Gumbel type must account for the fact
that peak values should be accorded more importance than the bulk of the data. In other
words, there is no point in achieving a close fit to the entire data set at the expense of an
unsatisfactory fit in the tail area. Since the interest lies in the extremes, an error
minimisation scheme that emphasizes the tail data is needed. This can be achieved by a
weighted least-squares technique, which involves minimising the following expression

with respect to a and b:
. 2
Z_ w[F(x]a,0)-p)] Equation 3-23

Where F(x|a,b) represents the CDF of the Gumbel distribution with mode @ and

dispersion parameter b; the weights w;, given by

1
W= (- p % Equation 3-24
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can be seen to decrease rapidly when i or x; decreases. This means that the selection of the

cut-off level i" (which determines the number of peaks included in the analysis) becomes
inconsequential. The choice of the weights w, can be justified in many ways: the
minimisation of Equation 3-23, which essentially represents a least-squares of the sum of
relative errors of probability, can also be shown to coincide with a least-squares of the

absolute error on return periods (Castillo 1988). Moreover, since the values of p; are close
to unity, it follows that the minimisation is equivalent to fitting the best straight line
n:(x—&)/é through the (n—i" +1) pairs of tail values (x;,7,). In the latter case,
however, the choice of i" has a critical impact on the resulting regression line. From this

point of view, the tail-weighted least-squares procedure is clearly recommendable. In the

case of the Weibull type, a best straight-line must be sought not between 7 and x, but

between 7 and [—1n(5—x)], where 6 is the location parameter of the Weibull

distribution. Consequently, the analytical procedure consists of minimising the following

sum of square errors, SSE:

n

SSE = Z {77,- o }’[— In(6 - x,‘) —In C]}z Equation 3-25

. Fid
=1

with respect to the location parameter o, the exponent y, and the scale parameter ¢ of the

Weibull CDF. To avoid having to select the value of i", Equation 3-25 can easily be
reformulated as a weighted least-squares procedure, similar to the Gumbel approach based

on Equation 3-23. It follows from the analytical expressions of the Gumbel and the

Weibull CDF that the characteristic value x,, with a return period of k years (with

n,, extreme values per year), are respectively equal to

x, =a+bln(n,k) Equation 3-26

1/y
A o 1 p
Xx,=0-C Equation 3-27

In engineering, it is common to work with excesses over thresholds rather than maxima, in
which case the generalized Pareto distribution arises as the limiting distribution (Dargahi-

Noubary 1989, Caers & Maes 1998):
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=1y
Fopp(x)=1- (1 + g(x —u)j U<X<W Equation 3-28

o Equation 3-29

and u is a high threshold, o is a positive scaling and y is the so-called extreme value

index. This extreme value index plays a key role in assessing the weight of the tail:

e when y >0, the tail is heavy (Pareto-like tail);
e when y =0, the tail is exponential-like, it includes all distributions having

extremes belonging to the Gumbel domain of attraction for extreme values;

e when y <0 the tail is Beta-like, which includes the distributions having a finite

upper bound.
In order to distinguish between central data and tail data, many practitioners use visual
methods based on ‘quantile plotting” or probability paper. An example of powerful
quantile plot is the so-called generalised Pareto quantile-plot. In a sense, the GP quantile
plot is similar to the Gumbel plot, with the difference that, in the GP plot, one always
expects a linear behaviour, whereas the Gumbel plot is either linear, convex or concave.
According to Caers & Maes (1998), the GP-plot seems more powerful since it is easier to
detect linearity than to detect convexity or concavity. However, the challenge remains:
how does one choose a ‘good’ treshold u, i.e., how many values should be included in the

tail? Boos (1984) recommends that the ratio & (number of tail data) over » (total number of

data) should be:

=(.02 50<n <500
Equation 3-30
=0.1 500 <n <1000

S [ |

Castillo (1988) suggested to use k=2+/n; while more recently, Hasofer (1996)

recommended to use k = 1.5\/; .
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3.4.3 Prediction of extreme loads and load effects

Any probabilistic code calibration requires the determination of characteristic values of
loads or load effects to keep the probability of structural failure below certain limits. This
is especially true of the bridge loading codes that define the design loads for road bridges.
The calibration of the vehicular loading models developed for the Eurocode are based on
the results of extensive simulations using the available traffic data collected in the EU
countries. However, such a calibration requires characteristic values of load effects related
to Ultimate Limit State and Service Limit State, having specific probabilities of
exceedance in the total lifetime of the bridges, together with the statistical parameters of
the load effects. Because no traffic measurement is performed over periods longer than a
few weeks, extrapolations of both loads and load effects are needed. The question is: how
to extrapolate the computed maxima from one week to 100 years and determine the

probability of the target values being exceeded?

Jacob et al. (1991) propose various methods of extrapolation depending on the load (axle
load, vehicular load or load effect) to extrapolate:
e Extreme axle load and lorry load:
o Method of the half-normal distribution
o Method of the multi-modal Gumbel or Gaussian distributions
o Method of the asymptotic extreme distributions
e Extreme total load on a lane length:
o Method of the half-normal distribution
o Method of Monte-Carlo simulation
o Method of analytical modified Poisson model
o Method of simulation and extrapolation of real traffics
o Method of jam simulation program
e Extreme load effects:
o Method of the half-normal distribution
o Method of Monte-Carlo simulation
o Method of Rice’s formula
o Method of simulation and extrapolation of real traffics

o Method of jam simulation program.
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Jacob & Maillard (1991) recommend the use of a particular method depending on the type
of traffic (free or jammed):
* the load effects produced under free traffic, which have to be extrapolated over
long time periods and magnified by dynamic impact factors;
* the load effects due to traffic jams including cars and lorries, generally occurring a
small fraction of the time and at reduced speed, without dynamic magnification;
* the load effects due to traffic jams without cars, occurring only a few times during
the bridge lifetime, under exceptional circumstances such as a demonstration or a

queue behind a toll area or a border control.

The main interest of this thesis is in the free-traffic case, therefore only the methods
relevant to that traffic type are now examined in more detail, namely (i) the half-normal
method, (ii) the Rice’s formula method and (iii) the simulation of real traffic flow. In (i),
the traffic records are first used to compute the load effect time history and histograms
with the help of CASTOR (Eymard & Jacob 1989). The main basic assumption in this
method 1s that the upper tails of the distributions of the local extrema of the considered
variables have a Gaussian shape. Then a half-normal PDF may be fitted to the part of the
histogram corresponding to the decreasing upper tail. In (ii), the main assumption is that
the load effect is a Gaussian stationary process. Rice’s formula gives the level crossing
distribution; its parameters are fitted to the level crossing histogram of the load effect
computed by simulation (CASTOR) for a traffic record over a defined time period. Finally,
in (i11), the extrapolation coefficients provided by the modified Poisson model for the total
load on a lane are used to magnify the extreme load effects computed from one week of
traffic. In the modified Poisson traffic model, the density of the total load on the bridge is
obtained through an analytical convolution of the traffic flow process with the gross weight
distribution described by a bimodal density with two Gaussian modes. Extrapolation
coefficients are then computed from one week to 50 or 100 years, as the ratio between the
corresponding total load fractiles; it has been shown by Jacob et al. (1991) that these
coefficients do not depend on the span length. It is assumed that these coefficients remain
valid for any load effect other than the total load on a span. These coefficients are applied

to extrapolate the one-week extreme load effects computed by CASTOR under the

recorded traffics.

The various methods presented are compared for the prediction of the extreme load effects

having a return period of 1000 years, or a 10% probability of being exceeded within 100
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years. Two load effects are considered: the total load on a lane length and the mid-span
bending moment of a simply supported beam; and various lane lengths are considered,
ranging from 20 to 200 m. The results are given in (Equivalent) Uniformly Distributed
Load (UDL or EUDL). For lengths shorter than 40 to 50m, the maximum load is obtained
under free traffic, after applying the impact factors; for lengths longer than 50m, congested
traffic governs. For the total load on a span length, almost all the results agree with
variations smaller than 10%. For the mid-span bending moment of a simply supported
beam, the scattering is a little bit higher (Jacob et al. 1991). Also, triangular influence lines
are more sensitive to the isolated vehicles than flat ones. Based on the work of Jacob &
Maillard (1991), it is found that a good load model cannot be reduced to uniform
distributed load, at least for short spans. Further developments of the above research are
presented in O’Connor (2001); these developments include the re-calibration of the

Eurocode 1, Part 3, Traffic Loads on Bridges (CEN 1994).

As mentioned earlier, one of the extrapolation methods consists of fitting Rice’s formula to
the tail of the level crossing histograms issued from the combination of weigh-in-motion
records and influence surfaces. The practical problem related to that approach is the
determination of the number of class intervals to be taken into account for fitting (Cremona
2001). During the Eurocode studies, the choice was made in an empirical manner by
successive tests. One critical assumption in obtaining a good approximation of the tail is
the choice of the value for the starting class interval at which the fitting is made. An
intuitive approach consists in applying a statistical test between the fitting and the Rice
formula, such as the Kolmogorov K-test. Following Cremona’s results (Cremona 2001),
the optimal fitting is obtained after a series of successive statistical tests based on the
Kolmogorov test. The optimal fitting corresponds to the largest number of class intervals
verifying a given confidence level for the Kolmogorov test. Extrapolation of traffic loads

for any return period can then be deduced in a straightforward manner.

Finally, when a characteristic value is predicted by an extreme value analysis, a design
engineer often takes it as a deterministic quantity and proceeds into structural design with
few considerations of the reliability of that characteristic value. To fill the gap in the
knowledge of the reliability of extremal estimates, Goda (1988) undertook a series of
Monte-Carlo simulation studies. In these studies, 10 000 data sets were generated for each
combination of sample size, censoring rate, and distribution functions. Each sample was

analysed by a standard procedure in extremal statistics, and statiscal variability was
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examined for the estimates obtained from the 10 000 samples. Several empirical formulas

have been derived for the standard deviation of return values and the confidence interval of

return period.

In O’Brien et al. (1995), one can find an example of application of these empirical
formulas. In Northern Ireland the Foyle Bridge has been used experimentally for direct
measurement of deflection statistics in free-flowing traffic and statistical extrapolation to
calculate site-specific values. A technique suitable for non-specialists in statistics is
presented for the verification of compliance with the extreme value type I statistical
distribution and the calculation of the distribution parameters. Using probability paper, the
parameters of the Gumbel distribution can be estimated. These parameters known, the
design value of a load effect for a specified return period can easily be calculated. The
accuracy of the characteristic value depends on the quantity of data used for its calculation.
Goda’s empirical formula is used to establish a margin of error to allow for variability in

the result.

3.5 SUMMARY AND CONCLUSIONS

First, numerous approaches aimed at modelling live loads accurately on roads and
especially bridges have been discussed. From the simple and manageable Poisson process
to the more complex full simulation of real traffic flow, the various models kept improving
over the years. However, no matter how advanced the models became, most of them have
some limitations; the most commonly encountered one is an important limitation with
regard to the scope of this thesis: these approaches are restricted to bridges over 30m long.
Nonetheless, all the fundamentals that will later be used by the author to develop

innovative models have been introduced through the detailed discussion of case studies.

In a second part, the benefits of using field measurements and Weigh-In-Motion data have
been demonstrated. Some of these benefits include: more reliable modelling of the truck
weights distribution, which include all the over-weight vehicles, and the possibility of
obtaining accurate measurements of both static and dynamic effects due to the passage of
trucks over a bridge. Finally, the use of extreme value distributions in order to predict

extreme effects has been addressed. Various techniques for choosing the most appropriate
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distribution have been presented. Then the use of different methods of prediction of

extremes in the field of traffic loads 1s discussed.
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Chapter 4  TRAFFIC DATA AND LOAD EFFECTS

4.1 INTRODUCTION

The first aim of this chapter is to present the Weigh-In-Motion (WIM) data files used in the
development of the load models for assessing highway bridges. The description of the
WIM files concentrates on a few crucial aspects: the traffic intensity, which is the
determining factor in the frequency of loading events; the gross vehicle weight and axle
weight distributions, which condition the severity of the loading events; and finally the
truck geometry in terms of axle spacings, which is essential in the case of relatively short
bridges. The static effects of the traffic actions (e.g., moment, shear) that are considered
throughout this thesis are illustrated and the new concept of ‘influence response’ is
introduced. The sensitivity of the influence responses corresponding to the various effects
considered is then studied. Finally, in a third section, the traffic characteristics necessary
for the development of a live load model are modelled. The results of the two former
sections are used to make some assumptions that simplify the modelling process without

introducing unreasonable simplifications.

4.2 DESCRIPTION OF MEASURED TRAFFIC FILES

4.2.1 Introduction

In the scope of this research, different traffic files have been used. These files all represent
French traffic and have been generously given by the Laboratoire Central des Ponts et
Chaussées (LCPC) of Paris. These traffic data files have been chosen as they were used for
the recalibration of the Eurocode and are considered to be representative of European
traffic (Bruls et al. 1996, O’Connor et al. 1998). The files were obtained using Weigh-In-

Motion systems. General information is given about the different sites in Table 4-1. It
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should be noted that only vehicles weighing at least 35 kN were recorded; in other words
only the trucks were recorded. The cars were not recorded in order to limit the size of the
traffic file and thus to record continuously a longer period of traffic. The speed limits and
flow rates given in the table refer to trucks only; they do not include the cars. In Table 4-1,
when the number of lanes recorded is less than the total number of lanes, it means that only

the lanes corresponding to slower and heavier traffic were recorded, the ‘outside’ lanes.

Table 4-1: General information about the Weigh-In-Motion sites [(a) AHFR = Average Hourly Flow
Rate , (b) ADFR = Average Daily Flow Rate]

Name of the site Angers Auxerre A196 A296
Nature of the road National Road Motorway Motorway Motorway
Road name RN23 A6 Al A2
Location of the site near Angers near Auxerre near Ressons near Cambrai
Total number of lanes 3 - 6 4
Number of lanes recorded V. 4 4 4
Speed limit 80 km/h 110 knv/h 110 km/h 110 kmv/h
Time of recording April 1987 May 1986 Sept. 1996 Sept. 1996
Duration of recording 1 week 1 week 5 days 1 week
(@) .
AHFR (.iurm.g the week - 64 139 349 126
Direction 1
(@) :
AHFR (.lurn?g the week - 69 142 314 134
Direction 2
(b) :
ADFR d-urm'g the week - 1536 3336 8376 3024
Direction 1
(b) :
ADFR d'urm'g the week - 1656 3408 7536 3216
Direction 2

4.2.2 Traffic intensity

The traffic intensity can be described in terms of flow rates, usually taken as average
hourly flow rates of trucks. It should be emphasised that only trucks are considered

throughout this work. The data files represent one full week of data; however, the flow
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rates of heavy good vehicles is very low during the week-ends as most of the trucks are not
allowed to travel between Friday night and Sunday night on the French road network.
Figure 4-1 illustrates the distribution of hourly flow rates over the day for a full week of
traffic (Angers site). The truck flow rates during the weekend are very low in comparison
with those during the weekdays. In addition, the flow rate distribution during the day
appears to follow a pattern; this distribution is basically the same for any weekday. The
only noticeable discrepancies are Friday afternoon or Monday morning, merely a
consequence of the weekend beginning and finishing. Based upon the above observations,
it is reasonable to assume that the distribution of flow rates over the day is the same for any

of the weekdays and that the traffic of trucks during the weekend is negligible.

— Wed. 7

FLOW RATE
<
W

Of 24 SRR 12 14 16 I8 20° 22 24 0 2 4 & 8 10 12 14 16 18 20 22 24
HOUR OF THE DAY HOUR OF THE DAY

(a) (b)

Figure 4-1: Average Hourly Flow Rates (trucks per hour) for each day of the week: (a) direction 1, (b)
direction 2

The data is presented for 4 different sites: Angers, Auxerre, A196 and A296; and for each
site both directions of traffic are presented separately (Figure 4-2). The 4 sites present
different characteristics in terms of intensity, distribution over the day and distribution
between the two directions of traffic. Angers shows two main peaks, one during the
morning and one in the afternoon, with a period of lower traffic at lunchtime, and a period
of very low traffic during the first few hours of the night. Although there are differences
between the two directions, the general trend is the same. On the other hand, Auxerre
exhibits different trends for each direction; in direction 1 the flow rates oscillate between
100 and 150 trucks per hour all day long, including the night, while direction 2 shows a
little peak in the morning and a strong peak in the evening, around 22:00. On the A196, a
similar observation can be made: for direction 2 the traffic is quasi-constant between 6:00
and 23:00 (with an average value of 300 trucks per hour), with a low between 24:00 and
5:00: direction 1 shows a traffic that increases from the early morning until about 13:00,

remains around 450 trucks per hour until 16:00 and then decreases gradually.
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Figure 4-2: Average Hourly Flow Rates of trucks for various sites: (a) Angers, (b) Auxerre, (¢c) A196
and (d) A296

Finally, A296 exhibits the same trend for both directions throughout the day, increasing
gradually from 4:00 until 8:00, oscillating around 150 trucks per hour until 19:00, before
decreasing gradually until 24:00. In conclusion, the average hourly flow rates of trucks
vary enormously from one site to another, and can also vary significantly from one
direction to the other for certain sites. It is therefore recommended to consider the flow
rates separately for the directions of traffic, as it is a variable that is not only site-specific

but also direction-specific.

4.2.3 Traffic composition

Traffic composition can be described in different ways, from a simplistic distinction
between cars and heavy vehicles to a detailed description of each vehicle type (function of
number of axles and axle spacings). Two compositions are described hereafter: a simple
one in which the vehicles are divided into 5 classes (2-, 3-, 4-, 5- and 6-axle vehicles) and a

more detailed one in order to analyse the exact composition of the recorded traffics. The
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detailed classification contains 21 vehicle types and is based on Crespo & Minguillon
(1997) and presented in Table 4-2; the distinction between the vehicles is based upon the

number of axles and the axle-spacings (in the table, ‘Sij’ refers to the spacing between

axles i and j).

Figure 4-3 shows the traffic composition at Angers, Auxerre, A196 and A296, in terms of
truck classes (1.e. per number of axles). The first obvious characteristic common to all 4
sites 1s that there are very few 3-axle trucks (less than 5% of total truck traffic) and nearly
no 6-axle trucks (less than 1% of total truck traffic). While Angers and Auxerre reveal a
significant proportion of 2-, 4- and 5-axle trucks, A196 and A296 are characterised by a
very high proportion of 5-axle trucks (at least 60% of the total truck traffic). A further

distinction can be made within each truck class, by considering the vehicle types.

Angers

B e el A L T T e i e e e i s e e R e A e i o e ot
0 Auxerre

T IR R s i e s et IO o e e g
W A196

34 ) B T T R T

FREQUENCY (%)

2-axle trucks 3-axle trucks 4-axle trucks S-axle trucks 6-axle trucks

Figure 4-3: Traffic composition by truck class for various sites
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Table 4-2: Detailed vehicle classification

. Vehicle
No. Axles Configuration s
(Car) P <35kN 1
Sp<3.1
(Van) P >35kN 2
31<8p=<3.6 3
2
46<8S,, 5
£| | | Si2+S8,3>9.0 6
3 Q | S12> Sy 7
S]2+ 823 <9.0
QI I S12< Sy3 8
Q’ | Bi£2.2:8,,<27 9
S+ S,3<9.0 10
6 | I 2.2<85,,54.0
<22
4 534 Si2+ Sy > 9.0 11
S|2>4.0 5 S34322 12
S|2>4.0;S34>2.2 13
Si12<4.0 14
ﬂ I | S34t S45<4.0
S;,>4.0 15
5
6 S0 254 16
S34+ S45 >4.0
Q 1 S35 >3.0 17
Si4a<11.0 18
Su>11.0 19
& S34>2.5 20
Su sl 21
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Figure 4-4 shows the traffic composition for the 2-, 4- and 5-axle trucks representing
respectively vehicle types 2 to 5, 9 to 13 and 14 to 17. Vehicle types corresponding to 3-
and 6-axle trucks are not presented, as their proportion is very low, and vehicle type 9 (one
body 4-axle truck) are not presented as their proportion is almost nil for the 4 sites
considered. Most of the 4-axle trucks are represented by vehicle types 10 and 11, namely
tractor/semi-trailer (with a tandem at the back). The only distinction between vehicle type
10 and 11 is in the distance between the 1* axle (i.e. 1** axle of the tractor) and the 3™ axle
(i.e. the 1% axle of the semi-trailer). The vast majority of the 5-axle trucks correspond to
vehicle type 14, namely the tractor/semi-trailer type (with a tridem at the back). Overall,
for the 4 sites considered, between 55 and 70% of all the trucks consist of the tractor/semi-
trailer; either the 4- or 5-axle version (i.e. with a tandem or a tridem). A table containing
the numerical values for all the vehicle types for the various sites can be found in

Appendix D.
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Figure 4-4: Traffic composition by truck type for various sites

4.2.4 Truck weights

The truck weights are observed not only in terms of frequency but also by considering

truck classes, for the 4 different sites (cf. Figure 4-5). As expected, the 2- and 3-axle trucks
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represent the first part of the histogram, namely the lighter trucks, while the 4-, 5- and 6-
axle trucks correspond to the second part of the histogram: the heavier trucks. When
moving towards the tail of the distribution, the 4-axle trucks become less frequent and the

S-axle trucks are dominant. Similar figures for the other sites can be found in Appendix D.
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Figure 4-5: Distribution of GVW as a function of number of axles for Auxerre site

The truck weights are also observed within truck classes, in particular the 4- and 5-axle
trucks. Indeed it is of interest to know if the various vehicle types within a given truck
class are evenly spread over the range of gross vehicle weight, or, conversely, if some
vehicle types are typically lighter/heavier than others. Figure 4-6 exhibits the GVW
distributions corresponding to the 4-axle trucks for the Auxerre site. Figure 4-7 represents
the corresponding distributions for the 5-axle trucks. The figures corresponding to the
other sites or other truck classes can be found in Appendix D. From Figure 4-6, it appears
that vehicle types 10 and 11 are the most heavily loaded 4-axle trucks, in comparison with
vehicle type 12 and 13, which are lighter. When considering vehicle types 10 and 11,
differences are observed between sites: Angers shows a higher proportion of vehicle type

10 in the tail of the distribution, while for Auxerre, A196 and A296, the most represented

vehicle type towards the tail is vehicle type 11.
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Figure 4-6: GVW distribution of 4-axle trucks by vehicle type for Auxerre

In Figure 4-7, vehicle type 14 is shown to be the most representative vehicle type among
all the 5-axle trucks throughout the range of GVW, especially towards the tail of the GVW
distribution. However, there are some (although very few) very heavily loaded trucks
represented by vehicle type 16 for all sites, and vehicle type 15 is also present for the A196
and A296 sites.
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Figure 4-7: GVW distribution of 5-axle trucks by vehicle type for A196
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So far, the truck weights were considered for both directions simultaneously in order to
study the relative distribution of the truck classes/types as a function of the GVW.
However, it i1s also of interest to consider the GVW distribution for a given site by
direction. Figure 4-8 shows the probability density function of gross vehicle weight, all
trucks included, by direction and for various sites. The 4 sites exhibit significant
differences between the two directions of travel, especially towards the tail of the GVW
distribution. It is generally the tail of the weight distribution that is of particular interest
when considering traffic loading; it is therefore recommended to consider both directions

separately as it is not only site-specific but also direction-specific.
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Figure 4-8: Probability density function of GVW by direction for various sites: (a) Angers, (b)
Auxerre, (c) A196 and (d) A296; [density values should be divided by a factor of 1000]

4.2.5 Axle weights

Apart from the gross vehicle weight itself, it is also important to distinguish between the
individual axle weights and group of axles’ weights when considering relatively short
bridges. It is common to describe the axle weight (or group of axles’ weight) as a

proportion of GVW carried by the axle (or group of axle) considered. Figure 4-9 shows the
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weights of the two front axles and the back tridem of vehicle type 14 for the Angers site.
Vehicle type 14 has been selected, as it is the most representative type for all the sites
considered. Axle weights and tridem weights are shown in kN and in percentage of gross

vehicle weight carried.

W1 (% of GVW)

GVW (kN)

(b)

W2 (kN)
W2 (% of GVW)

0 200 400 600
GVW (kN)

(c) (d)

TRIDEM (kN)
TRIDEM (% of GVW)

GVW (kN) GVW (kN)

(e) (H)

Figure 4-9: Axle Weights as a function of GVW for Vehicle Type 14 - Angers site [W1 = weight of 1
axle, W2 = weight of 2" axle]

As anticipated, the axle and tridem weights increase as the gross vehicle weight increases.
However, the weight of the 1** axle only increases slightly in comparison to the GVW, as
illustrated by graph (b) in Figure 4-9. The percentage of GVW carried by the 1° axle

weight actually decreases as the GVW increases, as does its spread. The weight carried by
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the second axle gets higher as the GVW increases, while the percentage of weight carried
by this axle remains fairly constant throughout the range of values of GVW, although its
spread reduces as the truck weight increases. The tridem welight increases more rapidly
than the GVW does, as shown by the percentage of GVW carried by the tridem, which
keeps increasing, as the GVW gets higher. In other words, as the GVW increases, the axle
weights change, the front of the truck getting relatively lighter while the back of the truck
gets relatively heavier. These observations are true for all sites, Angers, Auxerre, A196 and

A296 (the figures relative to these sites can be found in Appendix D).

As observed in Figure 4-9, the axle weights vary as a function of the gross vehicle weight.
However, in order to visualise this phenomenon more accurately, the mean and standard
deviation of the axle weights (as percentages of GVW) can be calculated for a given
interval of gross vehicle weight, e.g. between 200 and 250 kN. This way, all the trucks of a
given vehicle type are sorted into intervals of width 50 kN. The mean and standard

deviation are then calculated by the method of moments for each of these intervals.

The results for vehicle type 14 are shown in Figure 4-10, for the first two axle weights and
the tridem. The 4 sites show the same trend for each axle/group of axle considered: the
weight carried is distributed towards the back of the truck as the gross vehicle weight
increases. The mean of the axle weights increases/decreases regularly as the gross vehicle
weight increases, while the standard deviation reduces. In other terms, the heavier the

truck, the more accurately its axle weights are defined; this is true for all the sites.

The figures showing the mean of the front axle weights and tandem weight (in % of GVW)
corresponding to vehicle types 10 and 11 (which are the same 4-axle trucks except for the
spacing between axles 2 and 3) reveal that the distribution of weight among the axles is
essentially the same for the two vehicle types. Also, the same observations as the ones
made for vehicle type 14 can be made; the percentage of GVW carried by the front axle
reduces while the percentage of GVW carried by the second axle tends to decrease very
slightly and the tandem carries more and more of the weight as the gross vehicle weight

increases. Again, the standard deviations decrease with increasing GVW.

93



—~ Angers

LATETL S e - Auxerre [

- A1%6

St. Dev. of W1%

0 T T I
0 200 400 600
GVW (kN)
(b)
45 4 10 -
g %0 —~— Angers — Auxerre ~—Angers — Auxerre
S o et e R 8 B e e I S |
o ~A196 - A296 g —A1% A29%
St
2 35 z
< 5
o~ ¢ >
B &
= o
g 25 - o
=
20 T T 1 0 ! | 1
0 200 400 600 0 200 400 600
GVW (kN) GVW (kN)
() (d)
60 e
§ 55 N
g :
~5 ~
e s e o g E
E i E
LT S oz d | ADgers :
& / — Auxerre A
~ e RN PN ~Al%% 1 | 3
= M - A296
35 . - : 0 ; X ‘
0 200 400 600 0 200 400 600
GVW (kN) GVW (kN)
(e) (H

Figure 4-10: Mean and Standard Deviation of Axle Weights for Vehicle Type 14 as a function of GVW
for various sites [W1 = weight of 1* axle, W2 = weight of 2" axle|

4.2.6 Axle spacings

Another very important variable in traffic characteristics is the spacing between
consecutive axles. When considering traffic loading for relatively short bridges, this
variable can be critical. It is therefore important to know the values of axle spacings with
accuracy. Table 4-3 shows the mean and standard deviation of axle spacings for different
vehicle types and various sites. The relative frequency of the different vehicle types is

expressed in terms of percentage of the total number of trucks for a given site and is shown
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in the column entitled ‘%’. Contrary to the trend for axle weights, the axle spacings do not
vary with the GVW but remain constant regardless of how heavily loaded the truck is.
Therefore, for a given vehicle type, all the trucks are counted together and the mean and

standard variation are calculated for each axle spacing.

In Table 4-3, only the vehicle types of particular interest are represented. In other words,
only the potentially heavily loaded trucks are shown, that is the 4- and 5-axle trucks. Also
shown is vehicle type 7, which is the most common of the 3-axle trucks and also the most
likely to be heavily loaded. For every vehicle type shown in the table, the average value of
the axle spacing over the 4 sites is represented to give an indication of the typical axle
spacing values for the different vehicle types. Finally a column indicating the typical

average length (from 1* to last axle) is also included in the table.

It appears that, for all the vehicle types presented, the trucks from the Angers site always
exhibit smaller axle spacings than any other site. This distinction can be explained by the
nature of the road: the data from Angers was recorded on a national road, while the data for
the other three sites correspond to motorways. It is reasonable to assume that the traffic
configuration varies from a national to a main motorway. The two sites A196 and A296
show almost identical truck configurations; this observation can be explained due to the
geographical location of the two sites. Indeed, the two sites being closely located, the same

traffic 1s expected to travel on these two motorways.

4.2.7 Speed distribution

The speed distribution is given as a function of the number of axles per truck. This enables
to the overall distribution of speed between all trucks and also truck classes to be
differentiated , in terms of spread for example. The speed distribution for the A196 site is
illustrated in Figure 4-11; the figures for the other sites can be found in the Appendix D.
For Angers, the average speed is around 67 km/hr with a large variance around that mean
value; and that applies to all the truck classes. For A196 and A296, the average speeds are
around 85 km/hr and 90 km/hr respectively, with a narrow spread except for the speed of

the 2-axle trucks, which is widely spread towards higher speeds.
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Table 4-3: Axle spacings (m) in terms of mean and standard deviation (respectively M* and SD**) for
some vehicle types (VT) and for various sites

VT Site o S12 (m) S23 (m) S34 (m) S45 (m) Av.
M* SD** M* SD** M* SD** M* SD** Length

7 Angers 28 1364 090 1.19 0.33 4.83
7 Auxerre 13 1496 089 124 0.23 6.19
7 A196 08 (497 076 130 0.23 6.27
7 A296 13 {502 084 128 (038 6.31
Average 465 085 125 D29 5.90

10 Angers 204 | 3.00 025 497 098 127 0.24 9.24
B smxerre 6.5 1317 022 S511 0750 147 032 Q.75
10 A196 1.5 | 327 044 428 079 1.06 0.36 8.61
10 A296 2.7 1332 044 4322 071 108 034 8.62
Average 319 03400464 081 122 032 9.06

11 Angers 92 1313 0190 628 0300 121  0.19 10.62
11 smxerre 183 | 325 016 63 032 140 .. 027 10.95
11 A196 114 {355 0.19 6.84 050 132 0.20 11.70
11 A296 95 [ 361 0.18 699 061 136 0.23 11.96
Average 509 I8 660 043 132 022 i1.3

12 Angers 10.1478 . 047 538 226 120 0.14 11.37
12 Auxerre 15 {491 031 634 163 125 0.16 12.50
12 A196 39 1513 047 711 047 138 024 13.58
12 A296 s 821 0 052 726 039 131 Q19 13.80
Average S0l 044 832 124 128 018 12.81

13 Angers 60 | 450 052 459 056 434 0.65 13.43
13  Auxerre 5.1 (489 048 502 053 473 0.71 14.65
13 A196 15 1581 055 515 067 589 072 15.25
13 A296 16 | 580 060 535 077 585 0.9 15.43
Average #4868 033 503 063 480 0.72 14.69

14 Angeis 2400 L 382001023 0 501 048 142 021 112 015 10.27
e Amerre . 368 1324 017 .540 041 121 015 121 013 11.06
14 A196 536|359 0.17 569 046 125 0.07 125 0.08 11.78
14 A296 #1366 017 571 034 129 007 129 @ 0407 11.94
Average R e i F e o B | 6 B Al ' B § | 11.26

16 Angers 36 {429 049 413 084 380 057 115 0.18 13.38
6y Auxenre . 52 | 435 070 412 121 431 095 127 0.26 14.05
16 A196 SS9 147y 049 308 166 526 112 139 025 14.47
16 A296 57 | 483 048 303 165 546 1.14 140 0.23 14.72
Average SN 309 13 471 090 1L.30  0.23 14.15

17 Angers 243583 . 058 221 132 365 091 444 053 13.83
17 Auxerre 0.7 | 416 052 1.61 092 440 074 4.60 054 14.76
17 A196 15 | 445 036 151 083 456 065 500 0.38 15.52
17 A296 S rasy 031 137 035 479 040 503 039 15.76
Average IR aae . 167 086 435 067 477 0406 14.97
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Figure 4-11: Speed distribution as a function of number of axles — A196 site

4.2.8 Headway distribution

The headway is normally defined as the time-interval between the arrivals of two
consecutive vehicles at a fixed point (e.g. the sensors used to collect the WIM data). The
headway distribution is, as for all the other traffic characteristics, a site-specific variable. In
fact it is simply another way of expressing the flow rates. However, for a given value of
flow rate, the headway distribution is not site-specific; its probability density function 1S
very similar for all the sites, as illustrated in Figure 4-12. Therefore, all the headways are
studied together, independently of their site of origin. F<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>