
DEGREE PROJECT IN STRUCTURAL ENGINEERING AND BRIDGES, 
SECOND CYCLE, 30 CREDITS 

STOCKHOLM, SWEDEN 2016 

KTH ROYAL INSTITUTE OF TECHNOLOGY 

SCHOOL OF ARCHITECTURE AND THE BUILT ENVIRONMENT 

Optimization of  
Concrete Beam Bridges 

Development of Software for Design Automation 
and Cost Optimization 

SAMIR EL MOURABIT 





Optimization of Concrete Beam Bridges
Development of Software for Design Automation
and Cost Optimization

Samir El Mourabit

June 2016
TRITA-BKN. MASTER THESIS 486, 2016
ISSN 1103-4297
ISRN KTH/BKN/EX--486--SE



c© 2016 Samir El Mourabit
KTH Royal Institute of Technology
Department of Civil and Architectural Engineering
Division of Structural Engineering and Bridges
Stockholm, Sweden



Abstract

Recent advances in the field of computational intelligence have led to a number
of promising optimization algorithms. These algorithms have the potential to find
optimal or near-optimal solutions to complex problems within a reasonable time
frame. Structural optimization is a research field where such algorithms are applied
to optimally design structures.

Although a significant amount of research has been published in the field of
structural optimization since the 1960s, little of the research effort has been utilized
in structural design practice. One reason for this is that only a small portion of
the research targets real-world applications. Therefore there is a need to conduct
research on cost optimization of realistic structures, particularly large structures
where significant cost savings may be possible.

To address this need, a software application for cost optimization of beam bridges
was developed. The software application was limited to road bridges in concrete
that are straight and has a constant width of the bridge deck. Several simplifications
were also made to limit the scope of the thesis. For example, a rough design of
the substructure was implemented, and the design of some structural parts were
neglected.

This thesis introduces the subject of cost optimization, treats fundamental
optimization theory, explains how the software application works, and presents a
case study that was carried out to evaluate the application.

The result of the case study suggests a potential for significant cost savings. Yet,
the speeding up of the design process is perhaps the major benefit that should incline
designers to favor optimization. These findings mean that current optimization
algorithms are robust enough to decrease the cost of beam bridges compared to a
conventional design. However, the software application needs several improvements
before it can be used in a real design situation, which is a topic for future research.

Keywords: Structural Optimization, Cost Optimization, Metaheuristic, Beam
Bridge, Genetic Algorithm, Pattern Search, Software, MATLAB.
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Sammanfattning

Nya framsteg inom forskningen har lett till ett antal lovande optimeringsalgoritmer.
Dessa algoritmer har potentialen att hitta optimala eller nästan optimala lösningar
till komplexa problem inom rimlig tid. Strukturoptimering är ett forskningsområde
där dessa algoritmer tillämpas för att dimensionera konstruktioner på ett optimalt
sätt.

Även om en betydande mängd forskning har publicerats inom området struktur-
optimering sedan 1960-talet, så har endast lite av forskningsinsatserna kommit till
användning i praktiken. Ett skäl till detta är att endast en liten del av forskningen
är inriktad mot verklighetsförankrade tillämpningar. Därför finns det ett behov av
att bedriva forskning på kostnadsoptimering av realistiska konstruktioner, särskilt
stora konstruktioner där betydande kostnadsbesparingar kan vara möjligt.

För att möta detta behov har ett datorprogram för kostnadsoptimering av
balkbroar utvecklats. Programmet begränsades till vägbroar i betong som är raka
och har en konstant bredd. Flera förenklingar gjordes också för att begränsa
omfattningen av arbetet. Till exempel implementerades en grov dimensionering av
underbyggnaden, och dimensioneringen av vissa komponenter försummades helt och
hållet.

Detta examensarbete presenterar ämnet kostnadsoptimering, behandlar grundläg-
gande optimeringsteori, förklarar hur programmet fungerar, och presenterar en
fallstudie som genomfördes för att utvärdera programmet.

Resultatet av fallstudien visar en potential för betydande kostnadsbesparingar.
Trots det så är tidsbesparingarna i dimensioneringsprocessen kanske den största
fördelen som borde locka konstruktörer att använda optimering. Dessa upptäckter
innebär att aktuella optimeringsalgoritmer är tillräckligt robusta för att minska
kostnaden för balkbroar jämfört med en konventionell dimensionering. Dock måste
programmet förbättras på flera punkter innan det kan användas i en verklig dimen-
sioneringssituation, vilket är ett ämne för framtida forskning.
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Chapter 1

Introduction

New advancements suggests that the construction industry will move towards design
automation and optimization of structures during this century. This development is
natural as computational power is now being widely available. The competition is
increasing with a market that is becoming more globalized, and the awareness of
our limited natural resources is greater than ever before. Therefore the industry is
forced to constantly improve and evolve. One such improvement is to minimize the
cost and environmental impact of our structures, without reducing the safety level.
Extensive research on the subject is required to achieve this, and one focus should
be on practical applications.

This thesis treats the application of modern optimization algorithms to minimize
the cost of beam bridges. This first chapter introduces the subject with an argu-
mentation of why numerical cost optimization is where the construction industry
should be heading. The argumentation is followed by stating the purpose of the
thesis, and the chapter finishes with an outline of the thesis.

1.1 The Case for Cost Optimization
Recent advances in the field of computational intelligence have led to a number
of promising optimization algorithms. These algorithms have the potential to find
optimal or near-optimal solutions to complex problems within a reasonable time
frame. Structural optimization is a research field where such algorithms are applied
to optimally design structures. It is essentially a combination of two research fields:
structural mechanics and computational intelligence.

Although a significant amount of research has been published in the field of
structural optimization since the pioneering work of Schmit (1960), little of the
research effort has been utilized in structural design practice. This lack of utilization
is discussed by Templeman (1983) who argues that the main reason is that the
research does not satisfy the user demands. Even though Templeman’s paper was
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CHAPTER 1. INTRODUCTION

published more than 30 years ago, it is still the case that most engineers do not
fully utilize optimization methods in structural design. This view is confirmed by
Baldock (2007) who concludes that while there are some examples of optimization in
high-profile projects and increasing use recently, it is still not common in structural
design practice.

As our natural resources are limited, we should strive to use them optimally.
Utilizing optimization methods in structural design is a step in that direction.
Furthermore, optimization increases automation in the design process, which together
leads to the following advantages:
• A satisfactory design can be found in shorter time.
• The costs or environmental impact can be kept to a minimum.
• The confidence that our designs are optimal can be increased.
• The risk of human error in the design process can be decreased.

Moreover, optimization and design automation leads to a unified approach to design
our structures as the process will be less random — for a given objective, the same
initial conditions will always yield the same design.

With this in mind, the question of why optimization methods are not used to a
greater extent can be raised, and some possible reasons are:

(i) A majority of the research in structural optimization deal with weight
minimization, which is not necessarily the minimum cost, especially not for
reinforced concrete where two materials are used.

(ii) Optimization can make a big difference for large and complex structures,
but the small portion of articles that focus on cost optimization rather than
weight optimization mostly deal with simpler problems such as optimizing a
single structural element.

(iii) The structural engineer requires control over the design process. Traits that
are not quantifiable, such as aesthetic appeal, might play an important role
in the choice of design, and an optimization algorithm does not take this
into account.

These reasons have one thing in common: the user demands are simply not satisfied.
Adeli and Sarma (2006) discuss the first and second reason. They highlight

the need to perform research on cost optimization of realistic three-dimensional
structures, particularly large structures. Their conclusion is that such research will
be of great value to practicing engineers. They also discuss automated design and
conclude that fully automated structural design and cost optimization is where the
large-scale design technology should be heading. Templeman (1983) discusses the
third reason and emphasizes that optimization methods should be assisting the
engineer in the design process rather than taking over it. One way to accomplish
this is to ensure that the optimization delivers multiple near-optimal designs that

2



1.2. RESEARCH CONTRIBUTION

the designer can choose or get inspired from. It is also important that optimization
software provides possibilities for the designer to customize the optimization problem
for the actual conditions. Many parameters are problem-dependent and some of
them, such as unit costs, will change over time.

1.2 Research Contribution
As previously argued, research should focus on cost optimization of large and
realistic structures to facilitate the usage of optimization methods in structural
design practice. This should preferably be carried out for real-world projects to close
the gap between theory and practice. The purpose of this thesis is to contribute
to the closing of this gap by implementing cost optimization in practice. Ideally,
the structure to optimize should both be common and large enough to allow for
significant cost savings. Beam bridges meet both of these requirements and was
therefore selected as the type of structure to optimize.

A software application with an optimization model of beam bridges was developed
to make the optimization generalized and reusable. This application was simplified
in many ways to limit the scope of the thesis. Mainly, the software application is
limited to beam bridges in concrete that carries road traffic. Other limitations and
simplifications are described in chapter 3.

It is expected that developing practical implementations such as this will facilitate
the usage of optimization methods by practicing engineers. To further promote
this, the thesis puts emphasis on technical details of the implementation, and
highlights the potential cost savings by comparing an optimized beam bridge with
a conventionally designed beam bridge.

1.3 Outline of the Thesis
A software application specifically dedicated to cost optimization of beam bridges
was developed in this thesis. Some knowledge of optimization is necessary to
understand how the application works; therefore the following chapter provides
basic theory of optimization. The chapter begins by introducing fundamental
concepts of the optimization process. It then proceeds by discussing metaheuristic
optimization algorithms, which is the current state of the art method to solve
complex optimization problems. At last, the chapter treats optimization in the
context of structural design.

The third chapter presents details of the software application, including the
modeling of the optimization problem, the division of the optimization into two
levels, and the handling of the constraints. This is the most comprehensive chapter,
where much attention was devoted.

3



CHAPTER 1. INTRODUCTION

An evaluation of the application was carried out by using it in an attempt to
optimize an existing bridge as well as using it in two fabricated design situations.
The fourth chapter presents the methodology and outcome of these case studies.
The fifth and last chapter concludes the thesis by discussing the degree to which
the purpose has been fulfilled, as well as suggesting some topics for future research
in this area.

4



Chapter 2

Numerical Optimization Methods

The study of optimization algorithms has been a popular research topic since the
1950s, and the area is progressing rapidly. Several dozens of popular algorithms
were introduced just in the last two decades. Today these algorithms are applied
in a wide range of areas, including examples such as engineering design, finance
analysis, image processing, data mining, robotics, and logistics.

Most conventional optimization algorithms are deterministic1, and some of them
calculate the gradient of the objective function2 to guide the next step. Such
algorithms are called gradient-based, and a typical example is the well-known
Newton-Raphson algorithm. However, many real-world optimization problems are
too complex to find the global optimum3 with these algorithms. Therefore the
current trend in optimization is to use so-called metaheuristic algorithms4. These
algorithms are stochastic5 as they use randomization, and they are often inspired
from phenomena in nature. The most famous example is probably the genetic
algorithm that simulates evolution in a population over several generations to reach
a solution. Other popular examples include swarm-behavior of ants or bees, cooling
of metals, or pollination of flowers.

This chapter presents fundamental theory of numerical optimization and briefly
introduces the current state of the art in numerical optimization: metaheuristic
optimization algorithms. The chapter puts special attention on handling constraints
with the penalty method as this method appears later in the thesis. A discussion of
optimization in the context of structural design concludes the chapter.

1An algorithm whose output is entirely determined by the input, not involving any randomness.
2The function to be optimized.
3The best possible solution to a problem.
4Algorithms involving randomization to search for the global optimum.
5An algorithm involving random variables, so that the output cannot be predicted precisely.
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CHAPTER 2. NUMERICAL OPTIMIZATION METHODS

2.1 The Optimization Process
The typical optimization process consists of adjusting the input to a function or
process with the purpose of minimizing or maximizing the output value. The
function to be optimized is generally called objective function or cost function, and
a set of input values is called a solution. Furthermore, constraints that limit the
range of accepted input values are usually present. A solution that satisfies the
constraints is called a feasible solution, and the set of allowed input values is called
the search space. The search space is thus the region defining the set of all feasible
solutions. Mathematically, an optimization problem can be formulated as

minimize fi(x) , i = 1, 2, . . . ,M ,

subject to the constraints

gj(x) ≤ 0 , j = 1, 2, . . . , J ,
hk(x) = 0 , k = 1, 2, . . . , K ,

where fi(x), gj(x), and hk(x) are functions of the design vector

x = (x1, x2, . . . , xd) , x ∈ Rd .

The components xi of the design vector are called design variables, the functions
fi(x) are the objective functions, and the inequalities gj(x) and equalities hk(x) are
the constraints.

An optimization problem can have an arbitrary number of objective functions.
The optimization process is classified as single-objective optimization if there is only
one objective function, and as multi-objective optimization if there is more than one
objective function. Single-objective optimization is only treated in this thesis, but
most of the theory applies to multi-objective optimization as well.

2.1.1 Objective Function
The objective function is a numerical representation of the process that we are
seeking optimal input values to. Thus, the output of the objective function is the
quantity to be optimized. For example, if the purpose is to minimize the cost of a
structure, the output of the objective function should be the cost of the structure.
The input to the function is the design variables. All other parameters necessary to
determine the cost is provided as constants (or functions of the design variables)
within the objective function.

6



2.1. THE OPTIMIZATION PROCESS

2.1.2 Search Space
The number of design variables determines the dimensionality of the optimization
problem, where n variables correspond to an n-dimensional problem. A simple
problem with only two design variables can be visualized in a comprehensible manner
with a surface plot as shown in Fig. 2.1, usually called a cost surface or landscape. In
such a plot, each pair of x- and y-coordinates represents a point in the search space,
and the corresponding z-coordinate represents the value of the objective function at
that particular point. Typically, objective functions have several local optima, but
only one global optimum. What is referred to as optimum depends on whether we
are seeking a minimum or a maximum of the function. By convention, it is assumed
that the objective function should be minimized. If the objective function should
be maximized instead, we can simply invert the sign of the function and minimize.

3
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Figure 2.1 The objective function of a two-dimensional optimization problem visualized
as a cost surface. The search space is defined by x ∈ [−3, 3] and y ∈ [−3, 3].
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CHAPTER 2. NUMERICAL OPTIMIZATION METHODS

2.1.3 Constraints
Optimization problems can be classified according to the constraints: a problem
without constraints is an unconstrained optimization problem and a problem with
constraints is a constrained optimization problem. Most optimization algorithms
perform best with unconstrained variables, but constraints are often present. The
basic idea of most constraint-handling techniques is to convert the constrained
optimization problem into an unconstrained optimization problem; an example of
this is the penalty method that will be described in the following text.

Constraints can either be linear or nonlinear. Linear constraints are much easier
to handle because they directly impose infeasible regions and narrow down the search
space. They can be evaluated without having to perform some time-consuming
computations. On the other hand, nonlinear constraints are more difficult to handle.
The following three methods have traditionally been used to handle them:
• The direct approach
• The penalty method
• The method of Lagrange multipliers
The direct approach is the simplest and most straight-forward method of these

three. This approach generates a solution numerically and evaluates the constraints
first. The solution is feasible if all constraints are satisfied, otherwise the solution is
discarded and a new solution is generated. However, the direct approach might be
slow and inefficient because it requires iterative evaluation of the constraints until a
feasible solution is found, which will increase the computational time substantially
if the evaluation of the constraints is time-consuming.

The penalty method is popular and it is usually more efficient than the direct
approach. The basic principle is that once a solution does not satisfy the constraints,
it is given a penalty value that is added to the objective function. The penalized
objective function can then be formulated as

Π(x,µ,ν) = f(x) + P (x,µ,ν) , (2.1)

where f(x) is the objective function and P (x,µ,ν) is the penalty term. The penalty
term has several popular definitions, one of them is

P (x,µ,ν) =
J∑

j=1
µj max(0, gj(x))2 +

K∑
k=1

νk|hk(x)| ,

where µj > 0 and νk > 0 are the penalty factors. Another popular definition of the
penalty term is

P (x,µ,ν) =
J∑

j=1
µjHj [gj(x)] g2

j (x) +
K∑

k=1
νkHk [hk(x)]h2

k(x) ,

8



2.1. THE OPTIMIZATION PROCESS

where µj > 0 and νk � 1. The factors Hj [gj(x)] and Hk[hk(x)] fulfill the conditions

Hj [gj(x)] =

0 if gj(x) ≤ 0 ,
1 otherwise ,

Hk [hk(x)] =

0 if hk(x) = 0 ,
1 otherwise .

To simplify the implementation, we can use µ = µj for all j and ν = νk for all k. In
this case, the penalized objective function of Eq. 2.1 can be written as

Π(x, µ, ν) = f(x) + µ
J∑

j=1
Hj [gj(x)] g2

j (x) + ν
K∑

k=1
Hk [hk(x)]h2

k(x) . (2.2)

In this equation, it is evident that the penalty term is proportional to the magnitude
of the constraint violations. This is natural because a great violation of the con-
straints should lead to a heavily penalized objective function to drive the algorithm
away from infeasible regions in the search space.

It is important that the penalty factors µ and ν are neither too small nor too
large. Too small penalty factors might lead to infeasible solutions, while too large
penalty factors might lead to slower convergence and good solutions near the borders
of the constraints being discarded. Furthermore, Mezura-Montes and Coello (2011)
reported in their review that it can be efficient to let the penalty factors grow with
time in the optimization process. In this way, good solutions that have just exceeded
the constraints will not necessarily be lost in the beginning of the optimization
process. However, the penalty of violating the constraints will increase with time;
thus, only the feasible solutions will be favored by the optimization algorithm
eventually.

The method of Lagrange multipliers has a rigorous mathematical basis, but the
numerical implementation of it is more difficult and usually less efficient than the
penalty method. As this method has not been used in this thesis, details of it will
not be discussed here. See for example (Yang, 2014) for further reference.

In addition to the three traditional methods mentioned above, there have emerged
several new constraint-handling techniques such as feasibility rules (Deb, 2000),
stochastic ranking (Runarsson and Yao, 2000), and the ε-constrained method (Taka-
hama et al., 2005). As none of these methods have been used in this thesis, they
will not be discussed here either. Further information can be found in the references
provided. The interested reader is also referred to the review by Mezura-Montes
and Coello (2011), where the state of the art of constraint-handling techniques is
reported.

9



CHAPTER 2. NUMERICAL OPTIMIZATION METHODS

2.2 Nature-Inspired Metaheuristic Algorithms
Most real-world optimization problems are both highly nonlinear and multimodal6,
and they often have a time-consuming objective function with many design vari-
ables. The complexity of such problems makes it practically impossible to find
the global optimum by an exhaustive search7, and the conventional optimization
algorithms usually get stuck in local optima. However, the current state of the art
in search methods, metaheuristic algorithms, can often perform well for these types
of optimization problems.

In computer science, a heuristic is a method to find a feasible solution to a complex
problem when conventional methods are too slow or fail to find a satisfactory solution.
In the word metaheuristic, meta- means “beyond” or “higher level”. All metaheuristic
optimization algorithms use a trade-off between global exploration and local search.
They usually use randomization to find a solution, which makes them stochastic
in contrast to most conventional optimization algorithms that are deterministic.
Recently, all optimization algorithms with randomization and global exploration
tend to be called metaheuristic, and there is no generally recognized distinction
between heuristics and metaheuristics in the literature.

There are many different metaheuristic optimization algorithms available, and
some of the most frequently mentioned algorithms are listed in Table 2.1. Most
of these algorithms have been inspired by nature, which is probably one of the
reasons for their great success. However, the metaheuristic algorithms have no
guarantee of finding the best solutions. Instead, they should be seen as a tool to
find acceptable solutions to complex problems within a reasonable time frame. It
can be expected that some of the good solutions found are nearly optimal, but there
are no guarantees for such optimality.

There are many uncertainties with the current metaheuristic algorithms. For
example, the optimal balance between global exploration and local search is widely
unknown, and it is essentially an optimization problem in itself to find this optimal
balance. Another example is that we do not know in which ways algorithm-specific
parameters affect the efficiency of an algorithm; this is something that has to be
tested for each specific case. As pointed out in a recent review by Yang (2011),
theoretical analysis of the metaheuristic algorithms lacks a unified framework. In
the future, a unified approach to analyze these algorithms might be necessary, so
that they can be understood in an insightful way. Currently, we do not have any
type of classification for them, and the only way to find out which one is most
suitable for a specific problem is to test all of them.

6The objective function contains several local optima.
7To evaluate every possible solution. Sometimes called brute-force search.

10



2.2. NATURE-INSPIRED METAHEURISTIC ALGORITHMS

Table 2.1 List of frequently mentioned metaheuristic optimization algorithms in the
literature, ordered chronologically. A reference to the original source is
provided.

Algorithm Reference
Genetic Algorithm (GA) (Holland, 1975)
Simulated Annealing (SA) (Kirkpatrick et al., 1983)
Tabu Search (TS) (Glover, 1986)
Ant Colony Optimization (ACO) (Dorigo, 1992)
Particle Swarm Optimization (PSO) (Eberhart and Kennedy, 1995)
Differential Evolution (DE) (Storn and Price, 1997)
Harmony Search (HS) (Geem et al., 2001)
Artificial Bee Colony (ABC) (Karaboga, 2005)
Big Bang-Big Crunch (BB-BC) (Erol and Eksin, 2006)
Firefly Algorithm (FA) (Yang, 2008)
Cuckoo Search (CS) (Yang and Deb, 2009)
Bat Algorithm (BA) (Yang, 2010)
Charged System Search (CSS) (Kaveh and Talatahari, 2010)
Ray Optimization (RO) (Kaveh and Khayatazad, 2012)
Flower Pollination Algorithm (FPA) (Yang, 2012)
Krill Herd (KH) (Gandomi and Alavi, 2012)

2.2.1 Global Exploration versus Local Search
In metaheuristics, one of the key components is the balance between global explo-
ration and local search8. Global exploration refers to the ability of the algorithm
to generate diverse solutions by exploring the search space on a global scale, this
means searching in regions not associated with the current best solution. On the
other hand, local search refers to the ability of the algorithm to search locally in
the regions of the current best solution. Keeping a good balance between these two
abilities is essential; an algorithm that has too much global exploration will have
problems converging towards a solution, and an algorithm that has too much local
search will suffer from premature convergence in a local optimum. The chance of
finding the global optimum (or getting close to it) is best when the balance between
these two is good.

Metaheuristic algorithms use randomization as a way to search globally. In
contrast, the gradient-based algorithms are almost always limited to local search.
The main reason for this is that no current information (e.g., the gradient or where

8Also frequently called exploration and exploitation or diversification and intensification.
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CHAPTER 2. NUMERICAL OPTIMIZATION METHODS

the current best solution is found) can be exploited to find the global optimum of
multimodal functions. Therefore randomization is suitable to exit local search and
increase the chance of finding the global optimum. This is one of the reasons that
metaheuristic optimization algorithms are usually suitable for complex real-world
optimization problems. However, it is generally unknown which algorithm will
work best for a given optimization problem. This is explained by the No free lunch
theorems as described in the following subsection.

2.2.2 No Free Lunch Theorems
The No free lunch theorems for optimization were formulated by Wolpert and
Macready (1997). The essence of the theorems is that each optimization algorithm
is equally good when averaging the computational cost over all possible optimization
problems. Therefore no algorithm will outperform others for all optimization
problems; rather, most optimization algorithms are efficient for some problems but
not for others. Another way to put it is that if algorithm A outperforms algorithm
B for certain problems, then algorithm B will outperform algorithm A for some
other problems. This theorem is important to realize that there is no algorithm that
is “best”, rather a range of promising algorithms should be tested for each specific
optimization problem to find the most suitable one.

2.3 Optimization in Structural Design
A structure can be modeled with a set of quantities. These quantities can be divided
into preassigned parameters and design variables. Preassigned parameters are the
quantities that have a fixed value during the optimization process; we are not looking
to find optimum values of these quantities, but they are necessary to define our
structure computationally. On the other hand, design variables are variables that
we seek the optimum value of; these are varied by the optimization algorithm. The
choice of treating a quantity as a design variable or a preassigned parameter should
be carefully considered. Questions to be asked during this process are:
• How sensitive is the objective to a variation in the quantity?
• Are there any constraints involved that are difficult to quantify, e.g., aesthetics

or constructability?
• Is the designer free to select the value of the parameter, or is it already selected

by someone else?
• Is it known by experience that a certain value of the parameter generates good

results?
Often, the optimization problem can be greatly simplified if we assume fixed values on
most quantities and only seek to optimize a few variables. This has to be considered
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when defining the optimization problem, and only the quantities expected to give
rise to a significant difference in the outcome should be selected as design variables.

The design variables can be classified according to what type of property of
the structure that they represent. They are usually divided in the following four
categories:
• Properties of the material
• The topology of the structural system, i.e., the way that structural members

are connected
• The geometry, or shape, of the structural system
• Cross-sectional dimensions, or size, of the structural members

The topology, shape, and size relates to the geometry of the structure in some way.
Many authors choose to divide structural optimization in these three categories
only.

Optimizing the topology, shape, or size of a structural system usually has far more
potential for cost savings than optimizing material properties. Furthermore, material
properties usually have to be chosen from a discrete set of manufacturing standards,
which introduces more complexity to the problem. Thus, material parameters are
often treated as preassigned parameters.

13





Chapter 3

Cost Optimization of
Concrete Beam Bridges

The main topic of this thesis is the development of a software application for cost
optimization of beam bridges. The intention is that this application should be
usable in the early design stages to find economical designs. The purpose of the
application is not to produce complete designs or accurate estimates of the real cost;
rather, it should point in the right direction and help the designer to quickly find a
good solution.

The application is developed in MATLAB R© (The Mathworks, Inc., 2015b), and
it is divided into three modules, each performing the following task:

(i) Structural analysis to obtain relevant internal forces and moments
(ii) Reinforcement design and verification of the cross sections
(iii) Cost calculation, including costs of material and labor

These three modules constitute the objective function of the optimization problem,
and they are executed in the order described above.

This chapter discusses details of the software application. To begin with, an
optimization model is established with design variables, preassigned parameters, an
objective function, and constraints. After that, details of the implementation and
the calculations are presented.

3.1 Modeling the Optimization Problem
Designing a beam bridge is a thorough process in several steps that usually requires
many iterations until a satisfactory design can be found. The designer is often
free to choose a structural solution and vary different parameters. Formulating
an optimization problem for complex tasks like this can be challenging, and it
usually requires extensive numerical modeling. The objective (cost minimization)
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has a complex and implicit relationship with the design variables, especially when
optimizing the topology of the structural system. For this reason, we have to deal
with a black-box9 type objective function whose evaluation involves an external
finite-element simulation. This finite-element simulation is the most time-consuming
part of the optimization, which is a reason to keep the number of iterations to a
minimum by using an efficient optimization algorithm.

In the present case, a parametric model was established for beam bridges. The
parameters of this model are the input that is used for the structural analysis,
reinforcement design, and cost calculation. Some of these parameters are treated as
design variables in the optimization process while others are treated as preassigned
parameters with a fixed value that can be specified by the user. The selected design
variables and preassigned parameters are presented in the following two subsections.

3.1.1 Design Variables
The number of design variables has to be kept to a minimum because it greatly
affects the number of iterations to find an optimal solution, and the objective
function is computationally expensive.

The issue of whether a quantity should be treated as a design variable or a
preassigned parameter was discussed in section 2.3. With consideration of the points
made in that discussion, the following quantities were selected as design variables:
• Number of spans
• Type of connections between the intermediate piers and the superstructure
(fixed or movable bearing)
• Position of the intermediate piers (i.e., length of the spans)
• Dimensions of the cross sections in the superstructure

The number of spans and the type of connections define the topology of the structural
system, while the span lengths defines the shape of the structural system (cf. section
2.3). Together, these variables define the static system of the bridge, as illustrated
in Fig. 3.1.

The scope of this thesis is limited to only one type of cross section for the
superstructure. Therefore a cross section of reinforced concrete that is very common
for beam bridges in Sweden was selected (Fig. 3.2).

3.1.2 Preassigned Parameters
A great majority of the quantities in this optimization problem are treated as
preassigned parameters with a fixed value. As previously mentioned, the reason for

9A process that accepts input and returns output, but whose internal workings are unknown.
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Movable Bearing Fixed Bearing

L1 Li . . . Ln. . .

Figure 3.1 Static system of the beam bridge. The number of spans, the span lengths,
and the type of bearings for intermediate supports are treated as design
variables. Fixed bearing means that all rotations and translations are fixed,
and movable bearing means that longitudinal translation and bending rotation
is free.

b3

h1

b2b1

h2
h3

CLEdge Beam

Cantilever

Figure 3.2 A schematic representation of the cross section for the superstructure. The
cross section is symmetric with respect to the centerline, and the geometry
is defined by six variables.

this is that the number of design variables has to be kept to a minimum so that an
optimal solution can be found within a reasonable time.

All of the preassigned parameters can have their value assigned by the user, some
are required while others will adopt a default value if they are not assigned. The user
has to specify the length and width of the bridge (a straight bridge with constant
width is assumed). Additionally, the user must define the following problem-specific
conditions:
• Minimum number of spans
• Maximum number of spans
• A polyline defining the ground level along the bridge
• A polyline defining the rock level along the bridge
• Line segments where intermediate piers may not be placed

17
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• Maximum allowable crack width in the superstructure, upper and lower edge
The ground level is used to determine the length of the front walls and piers,

while the rock level is used to determine the length of the piles. The polylines
for the ground and rock level are defined by an arbitrary number of points in the
xz-plane. Each polyline begins with x = 0 and ends with x = L, where x is a
longitudinal coordinate and L is the total length of the bridge. Linear interpolation
is used to define the level between two adjacent points. Fig. 3.3 shows a sketch of
an optimization model, including the ground level and the rock level.

(0, zr,1)

(. . .)(xg,2, zg,2)
(0, zg,1)

Total length of the bridge, L

x

z

(xg,3, zg,3)

z g
,1
−
z r

,1

(. . .) (L, zr,n)

(L, zg,n)

z g
−
z r

(xr,2, zr,2)

Figure 3.3 Schematic illustration of an optimization model. Index g denotes ground
level and index r denotes rock level. The length of the piles is taken as the
difference between the ground level and the rock level.

Most of the preassigned parameters in this optimization problem have default values;
this simplifies the usage of the application for cases where the value of certain
parameters is not yet established. Using a default value can either be motivated
by the assumption that the outcome is insensitive to the parameter, or by the
experience that it is common practice to use the default value. The default values
are presented in Table 3.1.

3.1.3 Objective Function
The objective of the optimization is to minimize the total investment cost of
the bridge. However, several steps are required before the cost can be calculated.
Therefore the relationship between the design variables and the cost is rather implicit.
The first step of the objective function is to perform a structural analysis with the
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Table 3.1 The preassigned parameters with default values. The user can override the
default value by specifying a different value.

Parameter Default Value
Number of cross sections per span 3
Concrete quality C35/45
Type of piles SP2*

Reinforcement quality B500B
Longitudinal reinforcement φ25
Shear reinforcement φ20
Distance between rebars 100 mm
Distance between layers of rebars 65 mm
Concrete cover 40 mm
Edge beam width 400 mm
Edge beam height 420 mm
Pavement thickness 95 mm
Pier diameter (circular) 1400 mm
Foundation slab thickness 1200 mm
Front wall thickness 1000 mm
*Standardized concrete pile, cross-sectional area 275 · 275 mm2.

help of an external finite-element solver (section 3.3.1). The finite-element model
is defined by the parameters of the optimization problem, and it is continuously
updated in each iteration with new values of the design variables. After the structural
analysis, the internal forces and moments are extracted in each cross section to
design the reinforcement and verify the resistance (section 3.3.2). The reinforcement
design and cross section verification is performed according to the Eurocodes (CEN,
2005). The final step of the objective function is to calculate the material quantities
for each part of the bridge and use those quantities to calculate the total cost of the
bridge (section 3.3.3). The total cost includes the cost of the material and the cost
of the labor; no life-cycle perspective is considered.

3.1.4 Constraints
Road bridges are built to cross obstacles; thus, we usually have regions along the
bridge where it is infeasible to place an intermediate pier. For example, if the bridge
crosses an existing road, then it would evidently be infeasible to place a pier in the
middle of the roadway. This problem was handled by using constraints that defines
regions along the bridge where there may be no piers. For the infeasible region
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[xmin, xmax], this constraint can be defined as

xi ≤ xmin OR xi ≥ xmax ,

where xi is the longitudinal coordinate of pier i. This constraint is linear in
practice, but optimization algorithms can generally not accept any OR-logic for linear
constraints. Therefore the constraint was implemented as a nonlinear constraint as

min(xi − xmin, xmax − xi) ≤ 0 .

This constraint can be evaluated directly with the design variables, without car-
rying out the structural analysis. Therefore the direct approach (as described in
section 2.1.3) was selected to handle this constraint. This is a viable option because
the addition to the total computational time is negligible.

In addition to the placement of piers, nonlinear constraints such as cross section
verification and constructability considerations have to be addressed. However, the
reinforcement in each cross section is designed to fulfill the cross section verifications.
This means that the only infeasible case is where the size of the cross section is too
small to fit in the required reinforcement. Thus, the additional nonlinear constraints
to deal with are:
• The cross section is too thin: the compression zone exceeds the tension

reinforcement.
• The cross section is too thin: the shear capacity is not sufficient.

These constraints were handled with the penalty method, and further details of
the implementation are given in section 3.3.2. The total number of constraints is
proportional to the number of cross sections of the superstructure as these constraints
can be exceeded in any cross section.

In addition to the nonlinear constraints described above, most design variables
have upper and lower bounds. These can be found in Table 3.2 and Table 3.3.

3.2 Multi-Level Optimization
All optimization algorithms seem to require a fixed number of variables in each
call to the algorithm. As the number of design variables changes with the number
of spans, it is challenging to optimize the number of spans and the span lengths
simultaneously. The same issue arises when including the type of cross section as a
design variable. To solve this issue, the optimization was divided into two levels.
The idea is to divide the optimization problem into smaller parts that can be solved
separately. This division saves a considerable amount of time; optimizing all design
variables simultaneously would lead to a large problem that requires a substantial
amount of iterations until an optimal solution can be found. As the evaluation
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of the objective function is time-consuming, we are restricted to a few hundred
iterations.

The role of the first level is to optimize the static system: design variables such
as number of spans and span lengths are optimized. Here, different design options
are explored, and the best option is selected for the second level. The role of the
second level is to optimize the cross section sizes, which can be seen as tweaking
the result from the first level. All relevant cross-sectional dimensions in each cross
section of the superstructure are included as design variables in the second level.

The first and second level will be described in the following two subsections,
followed by a motivation of the optimization algorithms that was selected.

3.2.1 Level 1: System Configuration
The design variables of the first level are the number of spans, the span lengths
and the type of connection between the intermediate piers and the superstructure
(Fig. 3.1). Table 3.2 presents the upper and lower bounds of these variables. Note
that each intermediate pier has one variable for the position and one variable for the
connection. This means that the total number of design variables is proportional to
the number of spans.

Previously, the issue of optimization algorithms requiring a fixed number of
design variables was mentioned. This issue was solved by calling the optimization
algorithm once for each number of spans included in the optimization. This would
seem to be very time-consuming, but a relatively small number of iterations are
needed for each call because there are few design variables in total.

A temporary cross section has to be specified by the user because the sizes
of the cross sections are not included as design variables in the first level. The
dimensions of this temporary cross section are used for every cross section in the
superstructure, but the web height h1 (Fig. 3.2) is designed to comply with the
cross section verifications. Theoretically, this means that wecould miss optimal
solutions because our temporary cross section “favors” a certain structural system.
For example, assuming a wide web width might lead to the optimization algorithm
favoring longer spans; thus, we could miss an optimal solution where the web width
is small and the spans are shorter. However, we are not concerned by such a
theoretical loss of optimality. The purpose of the software application is not to find
the strict global optimum (this is not meaningful as there are too many uncertainties
in the optimization model), but rather to find near-optimal solutions in a reasonable
time.

We know from section 2.3 that topology optimization is the most difficult type
of structural optimization. One reason for this is that topological variables are
often discrete. In our case, the variable for the connection between the intermediate
piers and the superstructure is discrete: it can adopt the values 0 (fixed bearing)
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and 1 (movable bearing). Dealing with discrete variables means that we have
a Mixed-Integer NonLinear Programming (MINLP) problem. This was dealt by
using the mixed-integer version of the genetic algorithm provided in MATLAB
Optimization Toolbox (The Mathworks, Inc., 2015a).

Table 3.2 Properties of the design variables in the first level of optimization.

Variable Type Lower Bound Upper Bound
Number of spans Discrete User defined User defined
Type of connection Discrete 0 (fixed) 1 (movable)
Span lengths Continuous 5 m 40 m

3.2.2 Level 2: Cross Section Sizing
The second level optimizes the size of each cross section in the superstructure. It
uses the cross-sectional dimensions of the temporary cross section as a starting guess,
and the optimal static system from level 1 is used throughout the optimization

The geometry of the considered cross section is defined by six variables in total, as
shown in Fig. 3.2. Therefore the number of design variables can easily become large
when there are many cross sections in total. To reduce the total number of design
variables, and promote constructability at the same time, some simplifications were
made. Both the inclination of the web (the ratio b2/h1) and the flange thickness
variables (h2 and h3) were assumed to be equal for all cross sections. The width of
the bridge deck was also assumed to be constant along the bridge. This means that
we can calculate the cantilever length (b3) from the condition that b1 +b2 +b3 = B/2,
where B is the width of the bridge deck. After these assumptions we have three
global variables applying to all cross sections (h2, h3, and the ratio b2/h1), and only
two unique variables per cross section (b1 and h1).

Three cross sections per span (one at each support and one at mid-span) were
generally used for the case studies in this thesis. The user can specify a number
of cross sections per span, but it is generally not recommended to use more than
five10. Increasing the number of cross sections both leads to increased computational
time of the finite-element analysis (more result points are requested), and more
design variables in total, which in turn leads to more function evaluations before an
optimal solution can be found.

10This depends on the number of spans, because it is the total number of cross sections that we
want to keep to a minimum. Besides not using too many cross sections, it is also recommended to
use an odd number so that mid-span gets included.
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Table 3.3 Properties of the design variables in the second level of optimization.

Variable Type Lower Bound Upper Bound
b1 Continuous a a
b2 Continuous a a
b3

* Continuous - -
h1 Continuous a a
h2 Continuous a a
h3 Continuous a a
*b3 = B/2− b1 − b2

3.2.3 Selection of Optimization Algorithms
As mentioned in section 3.1, we need to keep the number of iterations to a minimum
as our objective function is time-consuming. Reducing the number of iterations
can be achieved by using an efficient optimization algorithm, but there is no single
algorithm that is efficient for all types of optimization problems (as explained in
section 2.2.2). Consequently, choosing an algorithm that is suitable for the present
optimization problem is important.

The objective function of the topological optimization in level 1 is complex.
It contains both discontinuities and random noise11, in addition to the discrete
variables. The only suitable algorithms to solve such optimization problems are
global optimization algorithms like the metaheuristics listed in Table 2.1. On
the other hand, the relationship between the design variables and the objective is
somewhat more straight-forward in level 2; it can be expected that smaller cross
sections generally yields a more economical result. The objective function is also
free from random noise in level 2, as the value is only dependent on the design
variables. Therefore algorithms that are specialized at search on the local scale are
expected to perform well for level 2.

As the type of optimization problem is fundamentally different in level 1 and
level 2, different algorithms were chosen for these levels. The Genetic Algorithm
(GA) was chosen for level 1, and Pattern Search (PS) was chosen for level 2. GA is
very well-known and probably the most frequently used metaheuristic optimization
algorithm. PS is usually not classified as a metaheuristic algorithm, but it is
derivative-free and only uses the value of the objective function, which is a must for

11The height of each cross section is designed after the structural analysis, and the result of the
structural analysis is affected by the cross-sectional stiffness’s in the previous iteration. Essentially,
this means that the value of the objective function is affected by “external factors” besides the
design variables.
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optimization problems with time-consuming objective functions.

3.3 Automated Design of Beam Bridges
A design of the beam bridge is performed in each evaluation of the objective
function. The design is based on numerical implementations of the structural
analysis, reinforcement design, and cost calculation. It is essential that these
implementations are of high quality — it would not be meaningful to optimize if
the model we perform the optimization on is inaccurate.

The design was simplified to limit the scope of this thesis, but it should ideally
be a complete design. Details of the design and the simplifications are presented in
the following subsections.

3.3.1 Structural Analysis
The first step of the objective function is to carry out a structural analysis to obtain
relevant cross-sectional forces and moments. The external software application
Strip-Step 3 is used for the structural analysis. This application uses a finite-element
approach based on the direct stiffness method, where the bridge is modelled with
three-dimensional beam elements. The user of Strip-Step 3 does not have to worry
about choosing element types or meshing; this is all taken care of automatically.
The user interacts with Strip-Step3 through text files. A text-based input file is
used to define the model, and the result is returned in a text-based output file. This
allows for convenient communication with MATLAB, where the input file is written,
the solver is invoked (through MS-DOS), and the output file is read.

The definition of the finite-element model includes topology, geometry, element
properties, boundary conditions, loads, load combinations, etc. Several idealizations
are made to simplify the model. These idealizations are:
• The piles and the foundations slabs are replaced by a spring with an equivalent
rotational stiffness (Fig. 3.1). This idealization reduces the computational
time by decreasing the number of elements and nodes.
• The rotational stiffness is neglected for the elements of the piers and front
walls. However, to avoid numerical ill-conditioning12 of the stiffness matrix, a
small value is used instead of zero.
• The cantilevers are neglected when calculating the torsional stiffness of the

cross sections in the superstructure.
• The pavement and the edge beams are neglected when calculating cross-
sectional properties such as area, second moment of area, etc. (Fig. 3.2).

12A matrix that is prone to large numerical errors when computing its inverse.
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However, the dead weight of the edge beam and deck coating is considered.
• Neither the stiffness nor the dead weight of the reinforcement are considered.
The scope of this thesis is limited to road bridges. Therefore all relevant loads

for road bridges according to the Eurocodes (CEN, 2003) and the national Swedish
standard TRVK Bro 11 (Trafikverket, 2011) were considered. These loads are:
• Traffic load (vehicles)
• Dead weight
• Concrete creep and shrinkage
• Braking and acceleration forces: lateral and longitudinal component
• Temperature load: even and uneven gradient
• Wind force: with and without traffic
• Support displacements: vertical and horizontal

All relevant load combinations of these loads are defined in the input file to Strip-Step
3, which takes care of performing the load combinations. Braking and acceleration
forces are applied as point loads on the bridge deck at each mid-span and each
intermediate pier. Accidental load was neglected as this load is rather problem-
specific, and it was assumed that neglecting it will not affect the result notably.
Only straight bridges are considered in the software application, which naturally
leads to centrifugal loads being neglected as well.

3.3.2 Reinforcement Design
When the structural analysis is completed, the application performs a design of
the reinforcement in each cross section of the superstructure. Reinforcement for
bending, shear, and torsion is considered. This reinforcement is designed according
to the Eurocodes with criteria in the ultimate limit state (moment capacity) and the
serviceability limit state (crack widths). Fatigue as a design criterion was neglected
to limit the scope of the thesis. For the same reason, the design of the following
structural parts of the bridge was also neglected:
• The transverse reinforcement for local bending of the cantilever part of the

cross section (Fig. 3.2)
• The diameter and reinforcement of the piers. The diameter is treated as a

preassigned parameter and 1 % (volume) reinforcement was assumed
• The thickness and reinforcement of the foundation slabs. The length and
width is designed to fit the number of piles, while the thickness is treated as a
preassigned parameter and 2 % (volume) reinforcement was assumed
• The abutments. They are not included in the cost calculation either

25



CHAPTER 3. COST OPTIMIZATION OF CONCRETE BEAM BRIDGES

Fig. 3.4 shows how the cross section was idealized as a T-shaped cross section for
the reinforcement design in the ultimate limit state and serviceability limit state.
Each cross section is subject to the following three constraints for the longitudinal
reinforcement:

(i) Limiting crack widths, wk ≤ wmax;
(ii) Ensuring sufficient moment capacity, MEd ≤MRd; and
(iii) Avoiding tension reinforcement in the compression zone, x ≤ xmax (Fig. 3.5).

These constraints were normalized to get a violation of them to be in the same
order of magnitude. They were also formulated on the standard form C ≤ 0, as
this is how constraints are usually formulated in the context of optimization. The
reformulated constraints can then be written as

(i) wk/wmax − 1 ≤ 0
(ii) MEd/MRd − 1 ≤ 0
(iii) x/xmax − 1 ≤ 0

It should be noted that these three constraints can be exceeded at both the upper
and the lower edge of any cross section in the superstructure. Besides the constraints
for longitudinal reinforcement, each cross section in the superstructure also has one
constraint for the shear and torsion capacity:

VEd

VRd,max
+ TEd

TRd,max
≤ 1 ,

or reformulated on the standard form as

VEd

VRd,max
+ TEd

TRd,max
− 1 ≤ 0 .

h1

2b1

2(b1 + b2 + 500 mm)

h1 + h2
2

h2
2 + h3

2(b1 + b2 + b3)

2b1

Serviceability Limit StateUltimate Limit State

h2 + h3

Figure 3.4 Idealization of the cross section for the reinforcement design in the ultimate
limit state and the serviceability limit state (cf. Fig. 3.2).

As previously mentioned, the height of the cross section in level 1 is designed to
comply with all these constraints. However, in level 2 the height is used as a design
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Figure 3.5 Calculation of bending reinforcement in the ultimate limit state. The com-
pression zone exceeds the tension reinforcement if x > xmax.

variable. Therefore a cross section might end up in a situation where the longitudinal
reinforcement is designed after constraint (i) and (ii), but the placement of the
reinforcement leads to constraint (iii) being violated. The cross section might also
violate the constraint for the shear and torsion capacity. In any of these scenarios
the cross section is infeasible and receives a penalty value. The penalty function
of Eq. 2.2 was implemented in the application. Note that all of these constraints
are inequality constraints. Because we have no equality constraints, the penalized
objective function can be reduced to

Π(x, µ) = f(x) + µ
J∑

j=1
Hj [gj(x)] g2

j (x) . (3.1)

3.3.3 Cost Calculation
The third and final step of the objective function is to calculate the total cost of
the bridge, which can only be done after the design of the reinforcement. The total
cost is calculated as

C = Csuper + Cpiers + Cslabs + Cpiles , (3.2)

where the cost of the superstructure Csuper, the cost of the piers Cpiers, and the cost
of the foundation slabs Cslabs are calculated according to

Ci = Vc,icc,i + Vs,ics,i + Af,icf,i ,

and the cost Cpiles is calculated according to

Cpiles = Lpilescpiles .

In these equations, index i denotes structural part i (superstructure, piers, or
foundation slabs); Vc, Vs, and Af are the concrete volume, the steel volume, and the
formwork area, respectively; cc, cs, and cf are the unit costs for concrete, steel, and
formwork, respectively; Lpiles is the length of the piles; and cpiles is the unit cost of
the piles. The cost of the foundation slabs Cslabs also includes excavation and refill
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material. The excavation volume is roughly estimated to 150 % of the foundation
slab volume, and the refill material volume is roughly estimated to the same as the
foundation slab volume.

The quantities Vc, Vs, and Af of the superstructure are calculated by numerical
integration with the trapezoidal rule. This means that a linear variation of the
cross-sectional quantities (concrete area, steel area, and perimeter) is assumed. The
unit costs cc, cs, cf, and cpiles includes costs for material and labor, and the assumed
values of these costs are presented in Table 3.4.

The parts of the bridge that are excluded in the optimization model are also
excluded in the cost calculation. Therefore the abutments, the edge beams, the
pavement, and miscellaneous equipment (such as lighting, rail, noise barrier, etc.)
are not included in the cost calculation.

Table 3.4 Considered unit costs for the cost calculation. Costs for labor and material
are included. A cost of 500 SEK/h was used for the labor.

Description Cost Unit
Concrete: material C32/40 1700 SEK/m3

Concrete: material C35/45 1800 SEK/m3

Concrete: material C50/60 2000 SEK/m3

Concrete: labor of bridge deck (1.5 h/m3) 750 SEK/m3

Concrete: labor of piers (1.75 h/m3) 875 SEK/m3

Concrete: labor of foundation slabs (0.75 h/m3) 375 SEK/m3

Formwork: material 500 SEK/m2

Formwork: labor of bridge deck (1.5 h/m2) 750 SEK/m2

Formwork: labor of piers (2 h/m2) 1000 SEK/m2

Formwork: labor of foundation slabs (0.75 h/m2) 375 SEK/m2

Reinforcement: material 9 SEK/kg
Reinforcement: labor of bridge deck (30 h/ton) 15 SEK/kg
Reinforcement: labor of piers (27.5 h/ton) 13.75 SEK/kg
Reinforcement: labor of foundation slabs (17.5 h/ton) 8.75 SEK/kg
Concrete piles SP1 450 SEK/m
Concrete piles SP2 550 SEK/m
Concrete piles SP3 700 SEK/m
Steel core piles φ90 3500 SEK/m
Steel core piles φ100 4250 SEK/m
Steel core piles φ120 4750 SEK/m
Steel core piles φ150 5500 SEK/m
Excavation for foundation slabs 150 SEK/m3

Refill material for foundation slabs 200 SEK/m3
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Chapter 4

Evaluation of the
Software Application

As stated in the introductory chapter, the purpose of this thesis is to facilitate
practical applications of cost optimization. A software application that was developed
for this purpose was presented in the previous chapter. For this application to
be useful, it is of utmost importance that it produces reliable results. Practical
considerations are often decisive when designing a bridge; therefore, the optimized
designs are required to be realistic besides being economical.

This chapter presents case studies that were carried out to ensure that the appli-
cation produces realistic designs that are practical and does not lack constructability.
These case studies consists of one comparison with an existing bridge and two
fabricated design situations, referred to as conceptual designs.

4.1 Case Study: Bridge over the Norrtälje River
The bridge over the Norrtälje river is an existing beam bridge of reinforced concrete
that has been designed conventionally. It is located in the city of Norrtälje, north of
Stockholm in Sweden. It has five spans, carries road traffic, and crosses the Norrtälje
River as well as three footpaths (Fig. 4.1). The design was carried out according to
the Eurocodes by the company ELU Konsult AB in 2013, and the construction was
finished in 2014. Some general properties of the bridge can be summarized as:
• The first one and a half span has a varying width of the bridge deck.
• The bridge is slightly curved.
• Eleven cross sections per span were used in the design.
• The cross-sectional heights vary over the spans.
• The cross sections are, except from the varying width, symmetric with respect

to the centerline of the bridge.
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Figure 4.1 Elevation showing the original design of the bridge over the Norrtälje River.
MB stands for “Movable Bearing”, FB stands for “Fixed Bearing”, and FP
stands for “FootPath”.

As mentioned in section 3.1.2, the software application only deals with straight
bridges with a constant width. Furthermore, the application uses few cross sections
per span (three in this case) and assumes linear variation of the cross-sectional
properties. This differs from the design of the existing bridge; therefore, there would
be too much discrepancy in a comparison between quantities from the original design
and quantities from an optimized design. To avoid this discrepancy, the original
design was slightly modified to suit the optimization model. The modification
consisted of three things: the width of the bridge deck was set constant, three cross
sections per span was used, and the bridge was considered to be straight according
to the elevation shown in Fig. 4.1. This allowed for a consistent comparison between
the original design and an optimized version of it.

After the modification, the modified design was used as input to the objective
function, so that the reinforcement was designed and the quantities were calculated
in the exact same manner as an optimized design. This eliminated any discrepancy
in the result caused by the simplified optimization model.

Before executing the optimization, several tests were carried out to find a suitable
value of the penalty factor µ (Eq. 3.1). The tests found that values in the order
of 1.0 · 108–2.0 · 108 are suitable for this optimization problem. Consequently, the
penalty factor µ = 1.5 · 108 was selected. With this penalty factor, the value of
the objective function increased by approximately 25 % for the largest constraint
violations.

Finally, the optimization was carried out. Fig. 4.2 shows an elevation of the
optimized design. It has five spans like the original design, but with different lengths.
The symmetry of the original design is perhaps more aesthetically appealing, and
allows for reusage of the formwork. The aesthetic aspect was naturally not included
in the optimization as the only objective was to minimize the cost. Ideally, the
reduction of the cost by reusing formwork in identical spans is something that should
be considered in the software application; however, this has not been implemented.
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Figure 4.2 Elevation of the optimized design (cf. Fig. 4.1).

Fig. 4.3 shows a comparison between a cross section in the original design and the
corresponding section in the optimized design. Both sections are taken in mid-span
over the river. The most notable differences is the shape of the cross sections and
the amount of shear reinforcement.
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(a) Original Design

(b) Optimized Design
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As,ue = 10874 mm2

As,le = 39876 mm2

AsT = 37098 mm2

AsT = 31030 mm2

Figure 4.3 Comparison between a cross section in the original design and the corre-
sponding section in the optimized design.

In Fig. 4.3, As,ue and As,le denotes the area of the longitudinal reinforcement in
the upper and lower edge, respectively; AsT denotes the area of the longitudinal
torsion teinforcement; and Asw denotes the area of the transverse reinforcement,
calculated as mm3/mm. The transverse reinforcement was designed with respect
to the combination of shear and torsion, and the longitudinal reinforcement was
designed with respect to moment capacity in the ultimate limit state and crack
widths in the serviceability limit state.
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Table 4.1 compares the quantities and cost of the original design and the opti-
mized design, and Fig. 4.4 shows how the quantities and cost varied during the
optimization. Note that the steel mass is the only quantity that monotonically
decreased throughout the optimization; this indicates that the steel mass had great
influence on the total cost. The reason for this is likely that the permissible crack
widths of the bridge deck were small (0.2 mm), which led to substantial amounts of
longitudinal reinforcement.

Table 4.1 The quantities and total cost for the original design and the optimized design.

Quantity Original Optimized Difference
Total Cost (·106 SEK) 11.7 10.4 −12.8 %
Steel Mass (·103 kg) 224.5 183.0 −22.7 %
Concrete Volume (m3) 1033.9 972.4 −6.3 %
Formwork Area (m2) 1709.5 1700.7 −0.5 %
Pile Lengths (m) 2016.0 1890.0 −6.7 %
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Figure 4.4 Variation of the quantities and total cost during the optimization.

Fig. 4.4 shows a discontinuity of the quantities when going from level 1 to level
2. The reason for this discontinuity is that level 2 had symmetric cross sections
over each span, while level 1 did not have symmetric cross sections. Therefore the
starting point in level 2 selected the largest of both symmetric cross sections in each
span, which increased the quantities.
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4.2 Conceptual Design 1: A Bridge of 65 meters
The first of the two fabricated design situations is a bridge with a total length of
65 meters. Fig. 4.5 shows the initial conditions for the optimization, including the
ground level, the rock level, and an infeasible region for piers.

zr,1 = −22500 mm

Total length 65 m

x

z

zr,2 = −16600 mm
zr,3 = −14700 mm

zr,4 = −13800 mm

zg,4 = −7000 mm
Infeasible region

zg,3 = −7400 mm

zg,1 = −10200 mm

zg,2 = −8800 mm

Figure 4.5 Initial conditions for the first of the two fabricated design situations.

The optimization was performed twice, with the maximum allowable crack widths
wmax = 0.3 mm and wmax = 0.2 mm. Fig. 4.6 shows an elevation of the result. Note
that the leftmost span is longer than the rightmost span in both cases. This shortens
the piles as the difference between the ground and rock level is larger to the left.

MB FB

MB FB

Infeasible region

Infeasible region

23283 22081 19636

177492630120950

MB MB

MBFB

(a) wmax = 0.3 mm

(b) wmax = 0.2 mm
Figure 4.6 Elevation of the result for two different allowable crack widths.
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Table 4.2 presents the quantities and total cost for the optimized designs, and
Fig. 4.7 shows the variation of the quantities during the optimization.

Table 4.2 Quantities and total cost for two different allowable crack widths.

Quantity
Allowable Crack Width

Difference
wmax = 0.3 mm wmax = 0.2 mm

Total Cost (·106 SEK) 4.04 4.38 +8.4 %
Steel Mass (·103 kg) 65.3 74.5 +14.1 %
Concrete Volume (m3) 403.6 451.4 +11.8 %
Formwork Area (m2) 858.1 877.3 +2.2 %
Pile Lengths (m) 275.1 321.2 +16.8 %
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Figure 4.7 Variation of the quantities and total cost during the optimization.

Fig. 4.7 shows that the quantities were almost constant in level 1. The reason for
this is that there were only 4 design variables, while the population size was taken as
80. Therefore the optimal static system was found already in the first few iterations.
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4.3 Conceptual Design 2: A Bridge of 35 meters
The second of the two fabricated design situations is a bridge with a total length of
35 meters. Fig. 4.8 shows the initial conditions for the optimization, including the
ground level, the rock level, and an infeasible region for piers.

Infeasible region

zr,1 = −22500 mm

Total length 35 m

x

z

zr,2 = −16600 mm
zr,3 = −14700 mm zr,4 = −13800 mm

zg,4 = −7000 mm

zg,3 = −7400 mm

zg,1 = −10200 mm
zg,2 = −8800 mm

Figure 4.8 Initial conditions for the second of the two fabricated design situations.

This conceptual design was carried out for two different values of the maximum
allowable crack width as well. Fig. 4.9 shows an elevation of the result.

Infeasible region

20705 14295

MB FB MB

Figure 4.9 Elevation of the result. Both allowable crack widths yielded the same struc-
tural system.

Table 4.3 presents the quantities and total cost for the optimized designs, and
Fig. 4.10 shows the variation of the quantities during the optimization.
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Table 4.3 Quantities and total cost for two different allowable crack widths.

Quantity
Allowable Crack Width

Difference
wmax = 0.3 mm wmax = 0.2 mm

Total Cost (·106 SEK) 1.99 2.04 +2.17 %
Steel Mass (·103 kg) 31.5 32.9 +4.30 %
Concrete Volume (m3) 206.2 208.6 +1.16 %
Formwork Area (m2) 451.0 450.5 −0.11 %
Pile Lengths (m) 119.3 126.7 +6.25 %
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Figure 4.10 Variation of the quantities and total cost during the optimization.

The result in Table 4.3 shows that changing the maximum allowable crack width
from 0.3 mm to 0.2 mm did not affect the result significantly. Compared to the
result shown in Table 4.2, the outcome is less sensitive to the allowable crack width.
One reason for this could be that the superstructure constitutes a smaller part of
the total quantities.
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Conclusions

In this thesis, an optimization model for beam bridges has been presented. Further-
more, it was shown in a case study that this optimization model has the potential
to reduce the cost compared to a conventional design. This also means that the
current optimization algorithms are robust enough to successfully minimize the cost
for relatively large and complex structures like a beam bridge. Although there is a
potential of cost savings, the speeding up of the design process is perhaps the major
benefit that should incline designers to favor optimization.

In the introductory chapter, it was stated that the purpose of this thesis is to
implement cost optimization in practice to facilitate the usage of optimization by
practicing engineers. Indeed, the findings of this thesis could facilitate the usage
of optimization for at least three reasons. Firstly, it is shown that the current
optimization algorithms can successfully be implemented to minimize the cost of
beam bridges. Second, many difficulties in the implementation were addressed
and solved. Finally, the outcome is satisfactory: a potential of both time and cost
savings is suggested.

5.1 Future Research
Although the software application is complete enough to perform some case studies
and numerical experiments, it is yet not reliable enough to be used in a real design
situation. By developing this application further, there are many possibilities of
what it could be used for. The following ideas for improvement of the software
application would increase its usefulness and reliability:
• Implement more cross section types to be able to compare different bridge

types.
• Increase the level of detail in the design. Include fatigue, the substructure,

and other structural parts that were neglected in this thesis. This is also an
opportunity to introduce new design variables.
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• Perform parametric studies to find the sensitivity of different parameters; this
could be used both to improve the efficiency of the optimization model and to
provide design recommendations for bridge designers.
• Implement LCA as an objective. The optimal use of our resources should

consider both cost and environmental impact.
• Try out different optimization algorithms, for example some of the ones listed

in Table 2.1. It is of interest to find out which of the available algorithms that
are most efficient for this optimization problem.
• Implement curved bridges and varying width of the bridge deck.
• Implement railway bridges including dynamic verifications.
• Try to improve the efficiency of the application; for example, using surro-
gate models13 or just simplifying the structural analysis might improve the
performance significantly.

13Further reference can be found in the review by Forrester and Keane (2009).
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