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Abstract

The Edisonian method is the initial method, which is still often used by most struc-
tural design professionals. Instead of following a precise theoretical procedure, the
Edisonian method of reaching the optimum solution is characterized by trial and
error discovery. The design iteration process was automated as a result of the need
for a more effective design approach, which brings the structure closer to almost the
optimum in less time. The techniques used to automatically arrive at the optimal
answer are known as structural optimization (SO) techniques. This method at first
used Hard Computing (HC) approaches based on rigorous mathematical, sequential
and analytical models. Then, more fast algorithms are used called metaheuristics al-
gorithms, these techniques don’t reach an exact optimum but the near-best solution
with a tolerable imprecision. In the past decades, several SO was developed which
have different goals such as cost minimization, Structural performance improvement
and environmental impact minimization. In particular, in the first half of the thesis,
a review of the scientific literature concerning the various approaches to SO related
to the minimization of the cost is made.

Afterwards, at the core of this study, a new optimization method to design simple
steel truss structures for the evaluation of the optimal stock of existing elements is
introduced. To achieve this goal, the well-known bin packing problem (BPP) will be
implemented within the structural optimization procedure. The (one-dimensional)
BPP has been studied since the sixties by Kantorovich (1960). Specifically, among
all the variants and generalizations of the BPP, one of the most common applica-
tions in real-world cases is the Cutting Stock Problem (CSP) in which the objective
is to produce d; copies of each item type j (i.e. to cut/pack them) by employing the
minimum number of bins (frequently called rolls) so that the total weight in any bin

does not exceed the capacity. In the civil engineering field, structural optimization



is often employed aiming to improve the load-bearing capacity and the global per-
formance of the structure itself. This includes, for instance, the maximization of the
performance ratio through the minimization of the structure weight. However, this
goal does not guarantee maximum efficiency in terms of structural elements reusing
and minimization of waste during the industrial production phase. To overcome
these limits, authors propose a stock-constrained structural optimization in which
a heuristic search technique is adopted and the best arrangement of bars whit the
lowest cut-off waste is obtained for a 10-bar-truss and Warren truss (studied in two
grouping strategies) case studies. For completeness reasons, a comparison between
the solution obtained by the classic minimum weight optimization problem and the

stock-constrained one is discussed.
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Chapter 1

Introduction

The first way, which is still commonly employed by most structural design spe-
cialists, is the Edisonian approach. The Edisonian approach to the invention is
defined by trial and error discovery rather than a systematic theoretical process.
Edison employed this method to create the incandescent light bulb despite hav-
ing no understanding of the electrical resistance of the materials. The distinction
between Edison and today’s engineers is that they frequently have substantial tech-
nical knowledge and skill in their field. This allows them to generate solid first ideas
based on intuition before analyzing them using collapse criteria or design guidelines.
Design problems uncovered during testing are then addressed using the so-called
make-or-break technique. Advances in computer science enable the creation of soft-
ware capable of creating virtual prototypes that imitate the structural behaviour of
the building and allow the evaluation of the structural performances of the build-
ings digitally. Despite this significant advancement that results in an Edisonian
computer-aided approach, there are two major drawbacks: the manual change of
the computer model each time until the appropriate structural performances are
achieved, and the fact that the design is strongly bonded with the limited human
intuition. The end result is frequently a far-optimal solution that is a design of the
team’s total experience.|52]

This necessity to have a more efficient design procedure, which means structure
much closer to the optimum and in less time, led to automating the design iteration
procedure. The methods used for reaching the best solution in an automated way are

called Optimization methods. The act of attaining the optimal result under given
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conditions is known as optimization. The ultimate objective of all such judgments
is to either reduce the amount of work necessary or maximize the desired reward.
Because the effort or benefit wanted in each practical scenario may be described as
a function of specific choice factors, optimization can be defined as the process of
determining the circumstances that provide the highest or least value of a function.
[66]

Optimization methods have been around since Newton, Lagrange, and Cauchy.
Newton and Leibnitz’s contributions to calculus paved the way for the creation of
differential calculus approaches to optimization. The calculus of variations, which
deals with the minimizing of a function, was founded by Bernoulli, Euler, Lagrange,
and Weierstrass. To have an actual application of these methods it needs to waiting
the mid-twentieth century when digital computers enabled the application of opti-
mization algorithms and motivated further research, which has as result a lot of new
optimization techniques. [60]

A significant first classification of the optimization methodologies is between Hard
Computing techniques and Soft Computing (SC) techniques. Hard Computing pro-
cedures are the ones that are based on rigorous mathematical, sequential and ana-
lytical models. That methods give precise and exact results but have a very high
computational cost and not works for non-derivative functions. Some Hard Comput-
ing techniques are ones related to Lagrange’s multiplier and Operational Research.
Soft Computing, on the other hand, is made up of two technological disciplines:
approximation reasoning and randomized search. Approximate reasoning is a col-
lection of knowledge-driven procedures that trade soundness or completeness in or-
der to obtain considerable reasoning speedup. Furthermore, randomized search is
a family of numerical optimization methods that function by iteratively advancing
in the search space towards better positions, which are sampled from a hypersphere
around the present position. The SC methods don’t reach an exact optimum but
the near-best solution with a tolerable imprecision. Examples of SC procedures
are all the metaheuristic algorithm that imitate some natural pattern as the swarm
behaviour or the Darwinian Evolutionary selection, the Artificial Neural Network
(ANN) that was inspired by the brain function and Fuzzy Logic that use degrees of
truth instead of the binary "true" and "false" of Boolean logic. For completeness,

it is proper to cite that there are also some hybrid approaches that join the Hard
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Computing techniques and the Soft Computing ones. [20]

The basic formulation of an optimization problem is as follows:

minf(z) (1.1)

Where f(x) is the objective function that should be minimised to reach the
optimum, for example in civil engineering can be the cost or the weight. Meanwhile,
x is the set of design variables that can be discrete if assumes a finite number of
isolated values or continuous if assumes an infinite number of different values.

The problem is always subjected to a certain number of constraints:

gi <0, 7=1,...n
’ (1.2)
l;j;=0, j=1,...,p

gj(X) and [;(X) are known as inequality and equality constraints, respectively.
These constraints represent the domain limits of the objective function. For exam-
ple, civil engineering can be the Structural performance requirements according to
the technical regulations.
Optimization problems can have one or more objective functions, and in this case,
the optimization problem is called single-objective (SO) and multi-objective (MO)
optimization, respectively. While SO problems give a single result that is the mini-
mum of the entire function, for MOs the resolution is more complicated. The main
problem is that the different objective functions usually conflict, which means that
as one function is minimized, the other can increase and vice versa. For solving
this kind of problem in a simple way basically, there are two methods which are
Pareto and scalarization. In the Pareto method, there is a dominated solution and a
non-dominated solution obtained by a continuously updated algorithm. The Pareto
front gives a set of optimal solutions that are non-dominating in nature. Meanwhile,
the scalarization approach uses weights to combine multi-objective functions into a
single solution. [34]
The thesis is articulated in 4 chapters excluded the current introduction. The first

one makes a detailed review of the literature on cost structural optimization in the
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last decades. The second one exhibits the mathematical formulation of the cutting
stock problem according to the column generation procedure. The third one is the
core of the thesis and treats the structural optimization via CSP developed in this
thesis. At the end of this chapter three case studies are proposed as a test to en-
dorse the CSP optimization (10 bar truss, Symmetric Warren and 4 cross-sections
Warren). Finally, the last chapter collects the conclusion and the future works of

the research in this field.



Chapter 2

Cost Optimization Procedures

Review

The optimization methods have a wide application in many fields like informatics,
medicine, economy, etc. Among these, civil engineering represents one of the lat-
est branches of engineering in which optimization procedures have been successfully
experienced. Several aspects of the design process were considered within the opti-
mization process as the maximization or minimization of single or multi-objective
functions expressed in terms of structural performances, environment and economics.
In this chapter, an overview of the most promising techniques adopted for the cost
optimization of steel structures.

The various optimization methodologies can be implemented at three different lev-
els correlated with the design variables involved in the process. Topological opti-
mization, size optimization, and shape optimization are three kinds of structural
optimization issues that can be performed separately or integrated into the same
procedure at the same time (depicted in the figure 2.1.

Topological optimization aims to optimize the structural layout within a given design
space, for a given set of loads and boundary conditions, and with the best possible
system performance. It can be thought of as a procedure for optimizing the topolog-
ical arrangement of material in the design domain, eliminating unnecessary material
volume. It can be obtained by managing, in a different way, the connectivity matrix

of the nodes composing the structure or by modifying either the connection stiff-
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ness value and/or the type of the connection scheme. Each of the mentioned-above
approaches aims to detect the optimal load path and, generally, the most efficient
stress distribution among the bars.

Shape optimization is concerned with optimizing the overall shape or contour of a
fixed-topology structural system. The design variables are either some of the co-
ordinates of the important points in the structure’s border or other characteristics
that affect the outer structure’s shape.

Sizing optimization is aimed at optimizing geometrical parameters, such as the width
or thickness of members in a structural system whose topology and shape are fixed.
The dimensions or the areas of the cross-sections of the structural parts are typically
used as design variables. [20][52]

Although the first optimization problems were entirely formulated to achieve effi-
cient and safe structural systems, already at the beginning of the century, researchers
started to appreciate the potentiality of cost-optimized procedures as a powerful tool
to reduce the cost during the production, construction and assembly phase.

In the first applications, the economic cost is indirectly evaluated as the amount of
steel employed for the construction (e.g. [L6],[85],[45], [38]). This rudimentary ap-
proach is based on the link between the structural aspect (e.g. material saving) and
the economical convenience (e.g. cost saving) of the structural proposal (e.g. [25],
[6]), [15], [58]). In this respect, the authors supposed that performing a minimiza-
tion of the weight (or volume) results in a minimization of the employed material
cost also in special structure (i.e. steel structure for waste incineration steam gen-
erator [17] and steel truss arches strengthening in prestressed girder bridges [21]).
The weight optimization correlated with cost was used also as a way to take into
account the cost in a more wide structural performance optimization. For instance,
this kind of resolution was implemented for coupling the material minimization with
the improvement of seismic performances. The seismic performances were taken into

consideration in terms of uniform ductility demand in all stories by controlling the

inter-story drift (e.g. [38], [33]). Other papers treat the seismic performances of
buckling restrained braces (BRB) structural systems (e.g. [07], [68], [27]) or seismic
shear walls (e.g. [71]).

Specifically, two studies are relevant in this sense despite they did not take into

account a defined cost function. The first study of Liu et al. in [50] lead not only
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Figure 2.1: On the left column, starting design situations are presented; on the
right column, optimized designs are depicted. (a) Size optimization; (b) Shape
optimization of a Warren truss beam; (c) Shape optimization with a parametric
function h(z); (d) Continuum Topology optimization of a rectangular cross section
under a bending moment in the elastic stage; (e) Topology optimization on a discrete
grid (image from [69]).
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to provide a design based on the structural strength but also by taking into account
the global robustness of the structure subjected to seismic actions. To achieve this
goal, the sensibility of the problem is affected by “hard-to-control” input parame-
ters (called “noise factors”) for the evaluation of the structural robustness. In order
to overcome this limit, the authors adopted carefully adjusting “easy-to-control”
procedures with suitable input parameters (e.g. a maximum inter-story drift). For
simplicity, only the ground motion variability was used as a noise factor of the robust
design. The problem was structured as a multi-objective optimization with three
objective functions: the weight of the structure correlated with the total cost of the
structure, the mean value of the maximum inter-story drift considered for seismic
safety measure and, at least, the standard deviation of the maximum inter-story
drift that was linked with the robustness. The second, in spite of the use of only
the weight as a cost indicator, shows a different approach with respect to the other
optimization. In this study ([25]), Drewniok et al. developed a tool called Lightest
Beam Method (LBM) studied for non-composite universal beam (UB) members in
a structure. The aim of the study was to show how this tool works and its effective-
ness in economical and environmental terms. The method works by computing the
SLS requirement according to the loading state in terms of deflection and natural
frequency and by choosing the lightest standard element that fulfils the structural re-
quirements. In compliance with European design requirements, the LBM selects the
lightest beam from a library of UBs including the "Blue Book” of the Steel Construc-
tion Institute (SCI). LBM enables the user to determine steel savings given assumed
topology and geometry, and so structural engineers may utilize it as an accessible
form of individual member optimization. The described method, in comparison to
the others, was not a stochastic search of the optimum but a comparison of the whole
cross-section list with the structural requirements, and afterwards among the cross-
section that fulfils the constraints the lightest was chosen. Using the Eurocodes to
select the lightest part, we can save 26.5% of steel by mass, with half of the beams
determined by serviceability limit states (SLS). When deflection is calculated using
variable loads, the fraction of beams regulated by the SLS falls to 31.1%, resulting
in an additional 2.2% mass reduction. Steel savings of 34.5% may be obtained by
adopting lower natural frequency assumptions (3 Hz) and the average steel yield

strength rather than the characteristic steel yield strength. Based on case studies
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analysis, it was discovered that 1/3 of the steel in the frames could have been saved,
representing 36% of the original embodied carbon or 5% of the building’s whole-life
carbon over 60 years.

Successively, an actual but elementary cost function was created by multiplying the
weight by the unitary material cost. After that, other components were directly im-
plemented in the cost objective function as connection, fabrication, transportation
and erection costs [00]. The new cost function called total initial cost, results to be
more representative of the effective price of the entire structure and an increasing
level of accuracy in the evaluation of each detailed cost item can be obtained [1].
Further developments in cost optimization were to evaluate the cost along the entire
service life of the structure by including the maintenance, demolition and disposal
Life Cycle Cost (LCC). The procedure called Life Cycle Assessment (LCA) was
used to evaluate not only the cost but also the structure’s environmental impact for
the entire duration of the construction service.[73]

The following sections aim to compose a review of different cost optimization prob-
lems over the years. All the scientific papers are organized according to the specific
main class of optimization performed by the authors (e.g. size, shape and topology).
For the sake of completeness, optimization conducted when size, shape and topology

act simultaneously have been included in the bibliography analysis.

2.1 Size optimization

The most common typology of optimization was the one that takes into consider-
ation only the cross-sectional size of each element. The design variables in these
problems are generally the dimensions of the structural elements and /or their cross-
sectional mechanical properties (e.g. total area, flexural inertia etc.). As described
before, while the weight of a steel building is a crucial component of the total cost,
cost reduction should be the ultimate goal for making the best use of available re-
sources.

The first development in this direction consists in multiply the weight or the volume
of each member by the unitary cost of material such that an actual cost function in
monetary terms is derived. Undoubtedly, the outcomes obtained by this simplified

approach represent a crucial part of the overall cost of construction and they can
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be adopted in a preliminary estimation phase. However, it is not sufficient when a
real estimation is required. Specific production procedures or activities realized on
the construction site may represent up to 30% of the total cost. The main problem
associated with using a unit cost for materials, fabrication, assembly and erection
is that the various procedures are closely related to local market prices. That issue
entails the difficulty to translate these methods into different geographical and eco-
nomical regions.

To overcome this problem Jamai et al. in [10] propose a solution for considering
the fabrication cost, with specific regard to the role of welding as a percentage of
the material cost. This method computes the fabrication cost as a specific cost
ratio of ky/ky,, in a range between 0 and 2kg/min, where k; and &, represent the
fabrication and the material cost respectively. In this way, it is possible to adapt
the minimization of the cost function, as directly dependents on the time needed to
accomplish that specific work in different economic conditions. The paper advances
some extension of this method for other fabrication costs like flattening plates, sur-
face preparation, cutting and edge grinding.

Another study that considers a very detailed cost function was developed by Pavlov-
cic et al. in [60] that considers both manufacturing and material costs. The cost
function was a sum of the prices due to steel elements, welding, cutting, painting,
surface preparation, flange aligning, joints, transportation and erection based on the
Slovenian market. The variables, handled as discrete variables, used in the compu-
tation were related to the dimension of the cross-section (i.e. the H section, the
height of the section, the length of the flange, the web and the flange thickness).
In particular, an approach to consider the welding cost in the objective function was
developed in [12] where the welding cost was the sum of the factory welding cost
(welding that was done in the factory before the installation on site) and the site
welding cost (welding that was done directly in construction site). For the compu-
tation of the welding cost with different through heights, it was necessary to convert
all the fillets into standard 6 mm welding fillets. Specifically, each welding cost is
computed by multiplying the unit length price of a 6 mm fillet weld by each length
which is converted to a 6 mm weld considering the conversion ratio of the welding.
For allowing a correct design of the welding joint constructability constraints were

added to guarantee the feasibility of the connection.
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Another interesting application of the size optimization was for the Modular building
system (MSB) like in [29]. The paper performs a comparative study between three
types of cross-sections that are the lipped channel, folded flange and super-sigma.
In this case, the size optimization has the function to find the best solution for each
member typology (lipped channel, folded flange and super-sigma) in order to make
the results comparable and to have a reliable comparison between the cross-section
types. For the reason exhibited previously a size optimization was performed on the
elements cross-section of each typology in order to obtain the best solution between
the three different element typologies in analysis

Even if the considerations of the fabrication and erection cost were a great im-
provement in the cost optimization and allow to achieve more suitable results this
approach did not take into account other important factors which were introduced
by Sarma et al. (e.g. [71]), through the concept of life cycle cost (LCC) where the
maintenance cost was evaluated. This optimization was based on four criteria which
are the selection of the discrete commercially available sections with the lowest cost,
the selection of the standard section with the lightest weight, the search for the
minimum number of different types of commercially available sections and, finally,
the selection of the section with the minimum total perimeter length. Those four
criteria guarantee not only a low initial cost but also a low maintenance cost since,
for instance, the least perimeter of the element cross-section assures a low painting
cost during the building life.

LCC analysis was also widely used to evaluate the cheapest solution when seismic
forces are applied to the structure. Specifically, the seismic damage cost and repair
cost has been evaluated in different manners with the expression of the total cost
function as a single-objective function or through a multi-objective function where
conflicting target functions have been simultaneously optimized.

To achieve this goal, the single-objective function, in general, is formulated as the
sum of the initial cost function and new contributions related to seismic risk. Li,
Jiang et al.([51]) developed an objective cost function which is the summation of the
initial material cost and the future expected damage loss. In this paper, the initial
cost was simply computed as the addition of the columns and beams cost. Mean-
while, the damage loss was calculated as a function of the inter-story index evaluated

as proportional to the inter-story drift obtained with the modified pushover analysis
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according to the Chinese regulation and expressed by the fuzzy decision theory.
On the other hand, Sarcheshmehpou et al.(|72]) substituted the future expected loss
with an LCC. To achieve this goal three different approaches were performed: code-
based design, cost-based design and fixed-weight design. The code-based approach
aims at minimizing the construction cost of the building while two other approaches
result in a design with the least cost in the lifetime of the building. Finally, the fixed
weight approach redistributes the total structural material of the code-based design
to attain a new design with less LCC. For the dynamic analysis and the computation
life cycle, the Endurance Time (ET) method was performed.

Moreover, for the computation of the LCC, Ghaderi (|30]) proposed the use of Wen
and Kang’s formulation applied to multiple damage states. For each damage state,
the exceedance cost is determined as a percentage of the initial cost.

As mentioned above, there are also multi-objective approaches to solving the LCC
optimization. Liu et al. ([55]), for instance, used as objective functions the initial
construction cost, the degree of complexity of the structure in terms of the number of
different standard steel section types and the lifetime seismic damage cost calculated
with a confidence level of limit state probabilities. Each confidence level has a drift
ratio limit that was the constraint of the cost damage objective function. While the
initial cost was simply the weight of the structure multiplied by the unitary cost, the
damage cost function, for each damage state, was formulated as the sum between
the direct structural and non-structural damage and repairing cost, cost due to loss
of contents, relocation cost, direct and indirect economic loss, human injury cost
and human fatality cost.

Conversely, Saadat et al. (|70]) implemented a multi-objective optimization problem
where the two objective functions were the initial construction cost associated with
the weight of the building and the expected annual loss (EAL) considering direct
economic losses. Seismic performance and loss estimation of a structure can be or-
ganized into four steps: probabilistic seismic hazard analysis (PSHA), probabilistic
seismic demand analysis (structural analysis), probabilistic capacity analysis and
probabilistic loss analysis. PSHA’s purpose is to quantify the uncertainties in the
location, magnitude, and resultant shaking intensity of a hypothetical future earth-
quake at a specific site and integrate the data to generate an explicit description of

the distribution of future shaking at that site. The second phase in a structure’s
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loss assessment procedure is to find the optimal engineering demand parameters
(EDPs) that best represent its reaction at various hazard levels. The EDPs ac-
quired through a nonlinear time-history analysis were the inter-story drift and peak
floor acceleration, which were utilized to calculate the building’s direct economic
loss. Afterwards, the probabilistic capacity analysis provides the fragility curve of
the structure which is the distribution of the probability of damage exceedance for
given EDPs. The last point was the probabilistic loss analysis that aimed to convert
the damage estimate in the previous point into direct dollar losses, downtime (or
restoration time) and deaths.

Another way to evaluate seismic damage is to implement in the multi-objective op-
timization problem, in addition to the initial cost, the overall damage index (ODI)
that quantifies structural damage during an earthquake according to Gholizade and
Fattahi ([31]).

This approach require an huge computational effort due to the complexity of the
seismic analysis like a pushover, time-history analysis end direct dynamic integra-
tion of ground motion. To achieve time competitive techniques, Kaveh et al. ([18])
developed a multi-objective problem where the two objective functions were the ini-
tial cost of the structure simply computed as the weight function (linked with the
unit initial cost of the building) and the life cycle cost computed with the Wen and
Kang’s formula as a percentage of the initial cost. The importance of this research
lies in the advances implemented into the optimization algorithm that was based
on a non-dominated sorting genetic algorithm (NSGA-II) with the aid of a specific
meta-model utilized for reducing the number of fitness function evaluations. The
meta-model was a neural network, which can be trained and utilized for predicting
the response of a function. In this study, a radial basis function (RBF) network is
constructed and trained for predicting the response of the considered solution in the
optimization process.

When the buildings are subjected to horizontal loads, the traditional approach de-
veloped by researchers aimed to estimate the fitness of the objective function by
evaluating the violation of seismic constraints according to the various technical
regulations. However, several authors demonstrated that hybrid optimization tech-
niques for cost and the seismic performances evaluation must be preferred in order

to improve the accuracy of the optimal solution and the computational time too.
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Following this trail, Tu et al. in [34] created a multi-objective collaborative optimal
design procedure for steel frames equipped with buckling tension bracing (BRB) to
minimize seismic damage and material cost. For this purpose, two objective func-
tions were built in order to create a Pareto front. The first one was simply the
material cost, while the second objective function taken the maximum energy dis-
sipation ratio referred to a story among all stories, where the dissipation coefficient
was evaluated as the ratio of the hysteretic energy dissipated by the BRB at the
level of the retrofitted story and the hysteretic energy dissipated by the entire frame
(columns, beams and BRB system) at the level of the same story.

Moreover, in 2020 Barg et al. in [|9], for the evaluation of the inter-story drift lim-
itation and the optimum seismic design, used a multi-objective solution where in
addition to a material cost function they added the displacement participation fac-
tor (DPF) as a second objective function. The DPF was a function that is the virtual
internal work. The loaded structure is subjected to a unit virtual force applied in
the direction and position of the drift limit of interest. For these hypothetical truss
elements, the virtual internal work (or displacement participation factor, DPF) of
each element is calculated using a formula derived from the virtual work principle,
where all stresses and strains are assumed to be constant throughout the length of
the element. As a result, without reanalyzing the structure, we can compute the
influence on any global drift for all scaling alternatives.

And again, regarding the performance optimization coupled with an economic de-
sign, Xu et al. in [87] performed a size optimization for a supertall structure sub-
jected to wind load. This study first addresses the optimization formulation of a
complex structure system which includes concrete-filled steel tube (CFST) frame
members and shear wall members. The objective function of the problem was a
cost function. The cost function was simply the volume of the structural elements
multiplied by the unit volume material cost of concrete and steel. The objective
function was expressed in terms of the problem design variables that are linked
with the size of the element (thickness of the shear wall and external diameter and
thickness of the CFST element). The optimization method was tested on a real-life
structural system: the Guangzhou West Tower. The results, regarding this struc-
ture, reveal that the overall material cost consistently converged before 9 design

cycles and a significative decrease of 20.56% from 136.8 to 108.7 million yuan was
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obtained. Meanwhile, wind-induced reactions such as displacement response at the
top of the structure, inter-story drift response, and acceleration response drastically

decreased.

2.2 Shape optimization

The goal of shape or geometry optimization is to obtain an ideal shape by defining
certain critical points whose motions condition the structure’s overall shape with a
given size, topology and/or some set boundary conditions. In the case of a truss
construction, for example, the key points are the nodes where the members con-
verge. When a node is moved, all the linked elements must change their length and
inclination, affecting the overall geometry of the structure. This type of optimiza-
tion is not used alone in cost optimization but is often implemented as an aid to
cross-sectional size optimization (which is more efficient for the minimization of the

material cost) and topological optimization.

Size and Shape optimization As mentioned above shape optimization is mostly
used as an improvement of the already efficient size optimization.

Two studies were developed by Aydin et al. in [3] and [7] where was applied com-
bined shape and size optimization on the prestressed steel trusses. Since the raw
material cost of the steel structure is higher than that of the reinforced concrete
structure, to reduce the material used in the steel structure, an external prestress-
ing system applied to the steel truss was developed. This particular process makes
it possible to reduce the amount of steel used in construction. While the first paper
is referred only to Warren’s prestressed truss, the second investigated a more generic
problem in which the objective function was a cost function that summed up the
price contribution of steel elements and tendons by multiplying the weight with the
unitary cost of the steel and prestressed tendons respectively. Size variables are the
cross-sections of the truss system’s bars and deviators, while shape variables are the
height of the beam and the eccentricity of the prestressing tendon. The study used
both discrete and continuous optimization to perform size and shape optimization
respectively. The goal of these studies is to develop the lowest-cost structure while

taking into account strength, stability, and displacement limits under various load-
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ing conditions and prestressed system losses.

As observed in [7], prestressing can cut the overall cost of steel truss beams by up
to 25%. Based on the material weight utilized, the reduction rate can reach up to
28%. Furthermore, it was proved that up to 12% more economical results could be
achieved without increasing the total beam height.

Another relevant work, in the field of truss optimization, was done by Tiainen et al.
in 2017 [21], in which different size-shape Warren truss configurations were obtained
through a parametric analysis. Furthermore, steel grades were adopted as design
variables of the optimization problem. For this purpose, two types of Warren trusses
were investigated with and without vertical members. A cost and separately a size
and shape optimization was implemented in order to have comparable trusses for
each steel grade (from S355 to S960). The design variables were the truss height, the
locations of joints, the gap width at the joints (continuous variables) and the mem-
ber sections (from a catalogue of cold-formed square tubes as discrete variables).
The constraints were derived from the Eurocodes and consisted of strength, buck-
ling, serviceability and geometrical limitations. Two different optimizations were
performed: at first a traditional weight minimization was performed; Secondly, a
more complex cost function was developed by considering material cost, member
cutting cost, member welding cost and truss painting cost. The results analysis
indicate considerable weight savings when utilizing high-strength steel (HSS), up to
50% for S960. For the larger of the two load values examined, the cost reduction
was smaller, but still around 20 percent

One of the most comprehensive and complex size-shape optimizations was advanced
by De Santana Gomez et al. in [23]. This article covers the difficulties of addressing
real-world structural optimization issues while considering the repercussions of fail-
ure. The optimization consists of a risk optimization problem that was implemented
by adding the expected cost of failure to the other terms that constitute the total
life-cycle expected to cost. The terms of the total expected cost function were the
manufacturing cost, the operation cost, the inspection and maintenance cost, the
disposal cost and finally the expected cost of failure. The expected cost of failure
was computed as the sum of the expected cost for each failure mode. For each failure
mode, the expected cost of failure was given as the product of failure cost by the

failure probability. To decrease the computational cost due to the FEM analysis the
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ANN meta-models were implemented. Another way to implement a shape optimiza-
tion on a simple size optimization is to make some holes in the elements in such a way
as to reduce the mass of the members. These kinds of elements are called castellated
beams. The evaluation of the fabrication cost became a crucial item in representing
floor system (which are the set of structural elements that supports a floor) with
castellated beams where the cutting, welding and, generally, assembly procedures
represent an important component of the total price as evidenced by Kaveh et al. in
[16]. The castellated beams are perforated elements that allow the improvement of
the structural performances by using the same amount of material as in the normal
full beams. The best options are the hexagonal emptying function that permits to
have zero waste of material. The formulation of the problem was equipped with
an advanced cost function constituted by the material and fabrication price of floor
system constituents. The material cost depends on the weight of the steel beam
or reinforced concrete slab while the fabrication is directly related to the length of
the manufacturing operation (cutting, welding, etc...). The entire problem was
broken down into multiple sub-problems that are treated independently which are
the composite deck-slab optimization and composite castellated beams optimization.
The variables were related to the section dimension of the beam, holes characteristics

of the castellated beams, concrete thickness and the other deck slab geometric value.

2.3 Topology optimization

Topology optimization not only seeks the optimal spatial arrangement of structural
elements within a given domain that affects structural layout, but it also examines
how the available material might be structured to achieve the greatest structural
performance. For instance, the purpose of topology optimization for a fixed span
is to specify the type of truss to utilize for the specified loads and boundary con-
ditions. Another way to perform topology optimization in continuous design space
is to remove the less stressed material while adding material in the more strained
locations. Actually, topology optimization is not simply the change in the arrange-
ment of the elements but also every modification that varies the internal load path

in the structure. Therefore, the change in the connection typology (pinned or fixed
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joint) and stiffness (semi-rigid connection) should be considered as a specific case of
topology optimization since variations of the stress distribution occur in the struc-
tures. As demonstrated by the researches reported in the future section, topology
optimization results in a refined optimal strategy in which novel efficient load paths
can be recognized. Subsequently, though size optimization brings a simple reduction
of the overall weight, changing the topology of the structures permits to achieve of
innovative arrangements with a higher cost-saving impact. For these reasons, once a
preliminary weight cutting is performed by using size optimization, topology can be
adopted as a second-level strategy to achieve a more refined solution. This aspect
is demonstrated by the fact that any pure topology optimization has been recog-
nized in the literature. Most frequently, authors preferred a hybrid optimization by

coupling size and topology or size, shape and topology.

Size and Topology optimization Without any doubt, coupled size and topol-
ogy represent the most common optimization adopted by researchers due to their
adaptability to different engineering problems. Specifically, this approach is chosen
when the topology of the structures is changed by varying the properties connections
at the level of each node. The most relevant and used topological improvement to a
simple size optimization was to consider the connection inside the original problem.
In general, the connections to be considered in optimization can be the joint between
the columns and beams (called simply connection in the following) and the column
base connection that are the connection between the columns and the foundation
(called column base connections).

Historically, Simoes et al. in 1996 introduced the concept of the semi-rigid connec-
tion ([78]). The authors noticed that traditional approaches to steel frame design
ignore connection behaviour. Instead, the idealizations pinned and totally rigid were
utilized. Although these models make analysis and design methods easier, the ex-
pected frame response may not be practical. In real-world structures, most connec-
tions are designed in order to transfer moments and rotations, which can contribute
significantly to the final stress and displacement distribution within the structure.
The term semi-rigid is widely used to describe the intermediate behaviour of stiff-
ness connections between extreme cases (double pinned, double fixed or pinned-fixed

joints). In this way, a more reliable prediction of frame behaviour can be achieved
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by optimizing the mechanical properties of connections aiming to investigate how
these changes affect the overall structural behaviour.

To involve economic consideration taking into account trivial details related to con-
nections, Simoes et al. modelled the semi-rigid connections like springs with a certain
stiffness. The objective function was composed of the members’ weight and the cost
of the connection which is the product between the fixity factor ( usually chosen into
the range [0, 1] and representative of the stiffness grade of the connection) and a cost
coefficient. In this way, the cost associated to a semi-rigid connection is evaluated
as an extra cost to be summed to the base cost of a generic connection which is
assumed be equal to a pinned constraint scheme.

Further improvement in semi-rigid connection optimization was accomplished by
Hayalioglu et al. ([37]). In this study, the design of the connections was modelled
with both Frye and Morris polynomial model and linear spring model for the stan-
dard connection and column base respectively. In particular, the cost function was
given by the sum of the cost of the elements (that are simply the weight of the mem-
ber multiplied by the cost for unit weight), the cost of the beam-column connection
and the column base connection. As discrete design variables, a set of available
steel sections (AISC wide flange forms) is employed. At each iteration, either the
connection cost and column base, are upgraded proportionally to the rigidity of the
joint stiffness through some cost coefficients. Different coefficients were employed
for column-beam and column-base connections.

Moreover, another procedure in which the semi-rigid connection was included in the
design was developed by Truong et al. ([33]). The suggested approach for optimizing
semi-rigid steel frames was built in such a way that the cost function considers both
the steel frame weight and semi-rigid joints, while structural constraints as mem-
ber stresses and nodal displacements and/or inter-story drifts were adopted. If the
topology of the structure was changed by optimizing the stiffness values of the semi-
rigid connections, the sizing of each member was performed by choosing the optimal
cross-sectional areas. While the members’ (columns and beams) cost was simply the
weight for the unitary cost, the complexity of the connection was evaluated by adopt-
ing a proportional trend between cost and the increasing level of joint rigidity. In
order to investigate the effect of the intermediate value of stiffness within the struc-

ture, the authors chose as pinned and fixed joints the value of 2.26 - 108 Nmm/rad
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and 5.65 - 1011 Nmm/rad respectively. Once the extreme boundary configuration
was fixed, the stiffness values of the semi-rigid connections were derived by inter-
polating between the fixed lower and upper bound. The structural analysis of the
structure was performed through the Practical Advanced Analysis (PAA) and, at
each iteration, the distribution of stress into the structure was upgraded according
to the corresponding attempting value of each connection. This method allows to
perform of a nonlinear inelastic analysis with a low computational cost.
Meanwhile, the previous studies treat only the material and connection cost taking
into account only the boundary static scheme of the connection, Prendes et al. in
[64] tried to investigate the effect of welded connections into the global optimum
of the structure. In this way, the optimization was able to include all the techni-
cal procedures required by each phase of the welding operations. In general, the
cost function was constituted by four terms referred to the cost of vertical elements,
horizontal members, semi-rigid connection and welding cost. The first two terms
were obtained by multiplying the weight mass of these items by the steel market
price, while the semi-rigid connection cost was obtained as a percentage of the ele-
ment price multiplied by a suitable value of stiffness grade of joints (starting from
12.5% up to 22.5%, from the more flexible to the stiffer one). Lastly, the welding
cost is simply the sum of the filler material, gas, machines and operation cost of
the work. The discrete design variables involved in the process are the moment of
inertia (strictly bounded with the standard profile typology) and the joint stiffness.
Basically, the mentioned above approaches to consider semi-rigid connections were
widely used by various authors for developing different optimization algorithms
thanks to its reliability and simplicity in implementation (e.g. [65], [35], [76]). Some
authors added a specific constraint to guarantee the constructability of the connec-
tion (e.g. [36], [32]). The constructability constraints assure the correct allocation
of the beam to the columns in a connection by checking the correct matching of the
members (i.e. the web of the beam connected to the flange of the column should be
shorter or equal to the flange length).

While so far only work associating connection cost with an optimized grade of joint’s
stiffness has been presented, other authors focused on involving specific types of con-
nections with a well-defined degree of constraints into a cost function.

For instance, Kaveh et al. in [17] arranged an objective function which was a simple
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cost function composed of the cost of the structural members (computed as usual
like weight by unit cost) and the cost of the connections. The connections were
assumed pinned or rigid, labelled as 0 and 1 respectively. While the latter is as-
sociated with a cost equal to 900$/connection, the former cost was assumed to be
equal to zero based on the authors’ practical evaluation. As a set of variables of
Design Vector, all cross-sections and beam-end connection types are chosen. The
components’ cross-sections are taken from the AISC steel construction guidebook.
The effect of different types of static schemes for each connection was investigated
by Laberdi et al. in [2]. In this paper, the Design variable was constituted by
two vectors: the first one considers all the possible W-shape cross sections assigned
to each structural element through thumb criteria of grouping, instead, the sec-
ond one effectively considers the type of connections at each frame’s joints. In this
study, the connection can be either a pin or a moment connection, in particular,
the pin connection does not transmit a bending moment while the moment connec-
tion transmits a percentage of the moment. Combining the information derived by
coupling beam sizes and connection types, four types of beams were defined: fully
moment-connected, fully pinned, left-end moment-connected and right-end moment-
connected.

Other authors used a combined approach where only some specific connections ty-
pologies were taken into consideration. In particular, it was taken into account only
some specific connections and not the entire spectrum of stiffness and transmitted
moment. One of these was Jarmai et al. in [11] which takes into account only
four different connection types. In the mentioned research, the optimum design of
a structure was performed on a simplified model focused only to the central part of
a three-story building frame. The structure was subjected both to vertical and hor-
izontal (seismic) loading. For the structural analysis of the building, the framework
was decomposed into three parts and only the central part was analysed through
a fish-bone model. For the columns and the beams was used a welded square box
cross-section and a rolled universal beam I cross-section respectively and their di-
mensions was adopted as design variables of the optimization problem. Four types
of assembled connections are considered and the most economical one was entered
into the model. The objective function was a cost function with a detailed com-

putation of the costs (fabrication, connection and material cost) that contribute to
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the total price of the building. Specifically, material, design, assembly, inspection,
cutting and welding according to Japanese calculation was considered.

An ulterior improvement was done by Ali et al. in [4] which evaluated all the fab-
rication and erection phases by considering the most used connection typologies in
common practice. A realistic optimization of frame design should include the ef-
fective costs of various phases of production, including manufacturing and erection,
for this reason, a multi-stage production cost optimization was developed. The op-
timization problem had as discrete design variables three vectors that contained:
the cross-sectional sizes of structural members, the type of beam-to-column connec-
tions and the type of column bases. The optimal size of the structural member was
selected from available steel profiles instead, the most adopted technical solutions
by engineers of internal connections and column base connections were considered.
Buckling and serviceability constraints were applied to the optimization problem.
Finally, the objective function was a production cost function expressed as the sum of
the superstructure cost and the foundation cost. Superstructure cost comprises the
material, fabrication and erection costs. The material price was simply determined
as the unit price for different section types and different steel grades multiplied by
the effective element length. On the other hand, the fabrication cost was the set
of the elementary manufacturing operations evaluated as the time required to build
structural parts. By adding a cost per hour of workshop labour, the time is trans-
formed into a price. Lastly, the erection was simply computed by multiplying the
total mass of the structure by a cost factor that converts man labour and machine
power involved into the erection in economical terms. The second term of the objec-
tive function, which is the foundation cost, was the sum of the volume of excavated
soil and concrete volume footing times the relative cost factor.

Up to now, topological optimization has been discussed with only connections in
mind. Other applications rely into change the arrangement or the connectivity ma-
trix of structural elements when size optimization is performed simultaneously. The
most classic optimization that falls under these characteristics adopts a steel portal
frame as a case of interest for several optimization strategies.

In this regard, Phan et al. make a notable contribution with three in which several
optimization strategies and interesting real-world applications were proposed. In

the first ([01]) the authors studied the rigid-jointed cold-formed steel portal frames
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used for light industrial and agricultural buildings with a span of up to 20 m. One
of the advantages is the competitive cost compared to the hot-rolled systems. The
variables were taken into account where the spacing and pitch of the frame as con-
tinuous variables and the section size as discrete ones. The optimization of the
minimum cost was performed with a real-coded genetic algorithm that minimizes a
cost function considering the unit length cost multiplied by the length of the main
structural members and the frame spacing. The greater the spacing of the frames,
the lower the total cost of the structure, hence, fewer steel portals are required.
The second paper ([62]) include also joint effects and secondary members. The cost
function was taken into account the portal frames’ cost and their spacing and pitch,
the secondary members (purlins) and the brackets used in the bolted joint. Four
distinct discrete variables were used, namely, the cross-section sizes of the columns
and rafters, and both the length and depth of the eaves haunch. The analysis
was performed by employing both rigid and semi-rigid joints (in the second case
the semi-rigid connections are modelled like zero-dimensional springs with a certain
stiffness).

Finally, Phan et al. in the third research (|03]) for ulterior reduce the cost of the
industrial building consider the stressed skin action of the roof profiles that increase
the global strength and allows more economic solution for the structural members.
For this research, a frame with a span of 12 m, height to eaves of 3 m and roof pitch
of 10° was adopted. Once the frame layout is fixed, 6 building configurations were
investigated. The building configurations were constructed by 3, 4, and 5 portal
frames respectively, with two variations with frame spacings of 4 and 6 m for each of
these models. The stressed-skin was considered in order to evaluate the additional
rigidity to the overall structure thanks to the shear stiffness of these panels. This
resulted in a global cost-saving of the structure thanks to stress limitation at the
level of connections. The objective function was a cost function per square meter of
floor area which takes into account the cost of the members and the cost of the angle
brackets divided by the span length and the frame spacing. The discrete decision
variables were the size of the column and rafters by choosing from a list of sections
available in the UK. Moreover, grouping strategies were performed to minimize the
length of the bolt connections which range in a continuum interval of 200 up to 2000

mi.
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The stressed skin action was taken into account by other authors like Wrzesien et al.
([36]). In this work, the effect of stressed skin action on cost optimization of cold-
formed portal frame buildings was studied by comparing different structures with a
different number of bays. The paper studies buildings with a span of 6 m, height-
to-eaves of 3 m and frame spacing of 3 m. The objective function is the sum of the
cost of members and angle brackets per unit floor area. The design variables were
the size of the columns and rafters (discrete variables) selected from the standard
cross-section available in the UK, the length and the width of the bolt group (con-
tinuous variables) used in the connections and the centre of the bolt group (that was
assumed approximately be equal to the Centre of Rotation (ICR)). The constraints
are related to the strength and deflection specifications by taking into account the
beneficial effect of stressed skin action acting on the roof diaphragms. The opti-
mization was performed by a real-coded Genetic Algorithm for a different number
of bays. The comparative study shows that the stressed skin action is relevant for
buildings with few bays, less evident for structures with more than 9, meanwhile the
effect can be considered almost negligible for more than 12 bays.

However, with the increasing demand for sustainable design procedures by society,
several authors tried to couple the economical aspect with the environmental one
into optimization.

To reach this purpose Mavrokapnidis et al. in [57] analysed the environmental per-
formances of the cost-optimized tall buildings on five different topologies. The five
structural systems involved in the analysis were: the concrete Tube in Tube, the con-
crete Braced Tube, the steel Braced Tube, the steel Diagrid and the steel Outrigger.
The previous structural systems were optimized by the Optimization Computing
Platform (OCP) design tool developed by the Institute of Structural Analysis and
Antiseismic Research of the National Technical University of Athens which uses a
probabilistic and deterministic combined search. The structural elements have been
classified into columns, beams, walls and braces depending on their role in the struc-
tural systems, while their cross-sectional dimensions constitute the design variables
of the optimization problem. The objective function was a cost function that takes
into account the material cost and the construction cost. Structural verification
was conducted according to Eurocode specifications. On the five optimized results

was performed a Life Cycle Assessment (LCA) “cradle to grave” that computes the
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environmental impact deriving by the acquiring of row material for disposal and re-
cycling in order to make a comparison within the different environmental behaviours
among the tall structural typologies. Generally, the results showed that the min-
imization of the construction materials used for buildings’ erection alleviates the
environmental problems, that arise during the construction phase.

As has been seen before, cost optimization can be used also for more particular
applications like environmental ones. One other utilization of cost optimization was
in the seismic field.

The application can be various and focused on optimizing several aspects related
to the seismic behaviour of a structure. One of these can be the design of bracing
systems like in the Braga et al. study ([11]). The proposed procedure allows the de-
sign of a bracing system by minimizing the intervention cost. The procedure allows
obtaining the minimum cost through a dimensional and topological optimization of
the bracing. The structural behaviour of the system was obtained by a linear modal
analysis that gave the IDR (inter-story drift ratio) and braces displacement values
which are constrained by serviceability limitation expressed in terms of IDR. The
independent variables of the problem are the ones required for a bracing design like
the area of each steel truss, the yielding force and the yielding displacement. The
objective function was the sum of material and works price for the realization of
the intervention and was composed of the cost of steel elements, dissipative devices,
masonry works (removal and reconstruction or drilling and traces of the infills) and
foundation system improvement). The optimization aims to minimize the dimen-
sion of the global stiffness matrix of the consolidated system through an iterative
algorithm. Once the minimum size of the stiffness matrix is obtained, the optimal
retrofitted configuration and the optimal number of bracings are detected.
Another more specific application of cost optimization on the seismic devices was
relative to the yielding metallic devices for seismic loads [77]. Yielding metallic
devices are very useful to reduce inter-story drifts and enhance ductile behaviour
during seismic events. This article treats the cost optimization of a specific type
of dissipators which are realized by assembling a determinate number of triangular
plates that, through their deformation, are able to dissipate seismic energy. The
design parameters that concur in the cost minimization are the thickness of the tri-

angular plates and their number. The least cost is reached by a Genetic algorithm
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that minimizes a cost function that is the sum of the total failure cost and the cost
of the devices including their replacement cost. The failure cost is linked to the
story drift and floor acceleration responses computed by assigning to the devices a
proper stiffness. The randomness of the seismic events with various probabilities of

occurrence is included in the optimization by a seismic hazard curve.

2.4 Size, Shape and Topology optimization

The most effective and powerful approach to achieving the minimum cost of a struc-
ture is a combination of all three levels described above (size, shape, and topology).
In this section, these three approaches are integrated simultanecously in the same
procedure. The advantage of this type of technique is to achieve a design that is
simultaneously well-compliant with all three design aspects.

Historically, the first studies that used combined optimization were performed by
Lee et al. in 1975 ([53]) and Thomas et al. in 1977 ([80]).

In the first paper, the minimum cost design of a steel portal framed building was
achieved through the determination of the optimum shape and topology of the struc-
ture that is a function of material and fabrication cost only. The material costs
were taken from the “British steel corporation home trade price list” which gives
the unit weight cost and surface preparation cost meanwhile the fabrication costs
were computed for the main construction procedure (welding, cutting and drilling)
with the Standard Minute Value technique. The S.M.V. technique gives a prelim-
inary estimation of the time-specific cost for a single task. Aiming to accomplish
the optimization task the design variables were formulated into primary variables,
normally chosen at the beginning of the design process (building length, building
width, number of bays, eaves height, roof pitch and frame spacing), and secondary
variables, which are selected after the previous one, like the length and size of the
various elements (stanchion, rafter, wind braces, etc...).

On the other hand, Thomas et al. proposed an algorithm that allows a nonlin-
ear optimization technique (SUMT nonlinear programming or by transforming the
constrained problem into a series of non-constrained ones by the introduction of
penalties functions), for the least cost elastic design of roof systems composed of

rigid steel trusses, web joists and steel roof deck. This procedure is used for various
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grades of steel and standard sections. The method is a recursive search for the com-
bination of the design variables which safely supports the design load for the least
cost based on the design specification of AISC. Combined stresses due to axial forces,
secondary bending moments and buckling effective length are calculated. In partic-
ular, it considers changes in the mechanical properties of the members, geometric
variation and topology. The independent design variables are the cross-sectional
area of each member, the plane coordinate of each joint and the number of trusses
in the system. Conversely, the dependent variables are the variables associated with
the previous one (for example the cross-sectional inertia dependent to the geometry,
section modulus and radius of gyration). All variables are considered to be continu-
ous due to the nature of the adopted optimization strategy. The criteria to evaluate
the cost function is based on the overall material and fabrication cost computed by
simply multiplying the area/weight of the element by the unit area/weight material
and fabrication cost of the specific element. In this study, an important limitation
was highlighted by the same authors related to the total absence of constructability
constraints which would allow the discarding of unfeasible solutions. Lower and
upper bound and/or employed structural constraints can not guarantee that no re-
alistic element sizing (negligible cross-section areas) and/or unfeasible connections
between elements of the structure appear in the optimal solution.

More recent was the contribution of Kaveh et al. in [44] where the authors determine
the cost optimization of a composite floor system, made-up of steel beams and a
reinforced concrete slab. The cost function was determined by the minimum cost of
the concrete, steel beams and shear studs (the connectors between the steel girder
and the concrete slab). The design variables, that were assumed discrete, were the
steel beam spacing, the beam size and the concrete slab thickness.

Since considering all the necessary design variables for each optimization level in
a single objective function result in a heavy computational effort and in a lack of
control of each parameter related to the single optimization strategies, many authors
made use of parametric optimizations with specific regard to topology and/or shape.
In this regard, Kripka et al. in [51] develop a size and shape optimization by ranging
between 7 common different topologies of steel trusses with parallel chords. The 7
truss typologies were analysed through a simple cost function composed of the total

weight of the structure multiplied by the unit cost of the steel. The design vari-
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ables are the cross-sections of the truss members (treated as a discrete variable that
comes from the standard cross-sectional list) and the coordinate of the top chord
(continuous variable) in order to find the best span-height relationship for this kind
of beam. Because the same profile is used for a group of pieces, the number of
design variables is drastically decreased in comparison to the total number of ele-
ments. Regarding the examples presented, we observed great variation in the final
weight of the structure as the number of groups of elements increased. By including
truss height in the set of design variables, significant additional cost savings were
obtained. For the cases considered, the suggestion found in the technical literature
for the relation between height and span was not valid, because it led to structures
with a higher cost than those obtained with optimization.

Along this trail, Alhendi et al. in [3] implemented another parametric optimization
regarding parallel chord trusses. The aim of this study was to investigate the per-
formance and the cost-effectiveness of three parallel chord composite floor trusses
(Prat, Howe and Warren) with 4 different composite floor panels and load intensi-
ties. The analysis was made by making 165 models with different spans between the
trusses and different truss depths and panel typologies. The variables which come
from this analysis are the span range and span and depth ratio of the composite
floor truss system. In addition to that, a cost estimation function was implemented
as the sum of the material cost, fabrication cost and painting cost. The models were
computed through RFEM software and the minimum was reached by the mathemat-
ical regression found from the 165 models results. By observing the results pointed
out by the optimization, the authors provided useful technical specifications for the
composite tabular-floor trusses design.

Moreover, Mensinger et al. performed a full-complete optimization on floor sys-
tems by coupling the size search technique with parametric shape and topology
analysis ([59]). A cost and environmental impact multi-objective optimization was
implemented into the preliminary structural design for given rectangular boundary
shapes by using the Sustainable Office Designer (SOD) which was developed as a
SketchUp plug-in. The cost function was simply the masses of the various element
(steel members, reinforced concrete elements and profiled sheeting) multiplied by
the unitary price of the material. The other objective function was the German

Environmental Product Declaration (EDP) which is a coefficient that takes into ac-
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count many environmental indexes such as the global warming potential (GWP),
ozone depletion potential (ODP), photochemical ozone creation potential (POCP),
acidification potential (AP), eutrophication potential (EP), non-renewable primary
energy (PEne) and renewable primary Energy (PEe). The design variables are dis-
crete and related to the primary beam, secondary beam and column cross-section
and also the slab thickness. To permit a more efficient computation effort, only 1
slab thickness and 2 column cross-sections per floor were allowed. All the secondary
beam and main beam have been assumed to be the same cross-section resulting
in a reduction of a number of Design variables involved in the optimization. Nine
different floor layouts were examined by changing the dimensions of the rectangular
plant and the arrangement of secondary and main beams.

The combined size, shape and topology approach lead to the resolution of very so-
phisticated problems. In this sense, Cicconi et al. ([20]) elaborate on a special
parametric procedure to accomplish a specific task. This paper proposes a sequen-
tial multi-objective procedure for the structural optimization of modular industrial
towers such as the steel structure of the chimney used in oil and gas power plants.
The optimization method is articulated in three stages of optimization: preliminary
design, embodiment design and detail design. Objective functions focus on weight
and cost reduction. The first optimization level uses a 1-D model (pole model),
whereas the second uses a 3-D shell model. Finally, the third stage entails thorough
design, which includes simulations and analysis based on 3-D solid models. Thanks
to this approach, all the manufacturing, logistical, non-destructive testing and as-
sembly cost aspect were investigated in different stages of optimization aiming to

reduce the complexity of the entire problem into easier-to-handled problems.
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Chapter 3

Cutting Stock Problem

The previous chapter discusses how to optimize the structures’ price by manipulating
material, fabrication and maintenance costs. Specifically, materials cost minimiza-
tion considers only those elements involved in the construction process.

As will be seen in the current chapter, a significant part of the expenses is also the
waste of material from the cutting process. In other words, minimising the amount
of material involved in the construction process without a carefully cutting design,
which diminishes the waste, leads to inefficient cost optimization.

Construction and demolition wastes were expected to account for around 23% of the
overall solid waste stream. This waste ratio equates to more than 100 million tonnes
every year. Other nations’ percentages corroborate the estimates from the United
States. A percentage of the waste created by stock reduction is preventable, which
means it is generated as a result of improper material utilisation. The quantity
of superfluous acquired materials, needless workmanship, wastes and trucking and
tipping fees required to discharge the garbage would be reduced if the supplies were
used more efficiently [19)].

Indeed, efficient resource use is not just in the interests of the industrialist, but also
of the world at large. The disposal of trash from a stock-cutting operation may
cause pollution, and excessive wasting may deplete our planet’s precious supplies
[19].

Cutting losses is possibly the most major source of steel waste. Cutting losses arise
when normal steel lengths are shortened to fit the project’s required lengths. A

significant amount of the created steel waste according to Adham et al. (|75]) is
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related to cutting losses, which are mostly caused by:

e dividing an order into separate, smaller orders typically results in more waste

due to fewer cutting alternatives

e using inefficient cutting patterns in the cutting schedule results in the gener-
ation of avoidable waste that could be avoided through better stock-cutting

planning

e using the optimum cutting patterns may result in unavoidable waste that is

the minimum waste generated if the optimum cutting patterns are used

In order to minimise the waste the cutting stock problem (CSP) is a significant
source of one-dimensional stock waste in the construction industry.
The following part of this chapter is organized into three subsections. The first sec-
tion shows the state of art about cutting stock problems. Afterwards, the following
section treats the cutting stock problem applied in the structural optimization of
trusses. Lastly, a mathematical formulation of the cutting stock problem applied in

the following chapters was developed.

3.1 State of art

Cutting and packing (C&P) problems of concrete and abstract objects appear under
various specifications (i.e. cutting problems, knapsack problems, container and ve-
hicle loading problems, pallet loading, bin packing, assembly line balancing, capital
budgeting, changing coins, etc.) within disciplines such as Management Science,
Information and Computer Science, Engineering, Mathematics, and Operations Re-
search. All of these problems have essentially the same logical structure [10].

The most famous of these problems is the bin packing problem (BPP) which deter-
mines how to pack as many items as possible into a container or, in other words,
minimize the number of containers (bins) used for the same stock of goods. Infor-
mally, the BPP can be stated as follows. There are given n items, each with an
integer weight w;j(j = 1...,n) and an infinite number of identical bins with integer
capacity c. The goal is to load all the products into as few bins as possible so that

the total weight packed in each bin does not exceed the limit. [24]
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Almost all the other C&P problems are variants (e.g. pallet loading problem) or
generalizations (e.g. cutting stock problem) of the BPP.

In particular, in civil engineering, the most common problem of diminishing waste
due to the steel element cutting process can be solved with the cutting stock prob-
lem. In summary, the cutting stock problem (CSP) tackles the practical question
of cutting off needed pieces from stock material with the least trim loss. In more
technical terms, the CSP can be defined starting from the BPP definition as follows.
There are m item kinds, each with an integer weight w; and an integer demand
di(j =1,...,m), as well as a huge number of identical integer capacity c bins. In the
CSP literature, the bins are typically referred to as rolls, a word derived from early
implementations in the paper industry, and "cutting" is commonly used rather than
"packing". The goal is to manufacture d; copies of each item type j (i.e., cut/pack
them) using the fewest number of bins possible while ensuring that the total weight
in every bin does not exceed the capacity [24].

Moreover, the cutting stock problem can be classified as a one-dimensional and two-
dimensional problem. A specified set of order lengths must be extracted from stock
rods of a defined length in order to solve the one-dimensional cutting stock problem
(1D-CSP). Usually, the goal is to use the fewest amount of rods possible (material
input). The two-dimensional two-stage constrained cutting problem (2D-2CP) aims
to select the most valuable group of rectangular objects from a single rectangu-
lar plate. Furthermore, the two-dimensional CSP can involve regular or irregular
shapes, in the second case, the problem is called nesting and have a more difficult
solution.[10]

These kinds of problems are complex combinatorial optimization, which in math-
ematical terms is a strongly NP-hard problem. For this reason, many linear pro-
gramming, heuristic and metaheuristic approaches were proposed over the years.
The first approach to the C&P problems dates back to the thirties with Kantorovich
in [13]. Although his approach is poor and only handles small-scale cases, it aids in
understanding the problem structure.

Numerous heuristic approaches (such as first solving the linear programming LP
problem and then converting the LP result to an integer solution) take advantage
of this problem’s linear programming (LP) relaxation.

This problem is often formulated as an integer programming (IP) problem, and



3.2. USE OF CUTTING STOCK PROBLEM IN TRUSS SOLUTIONS 60

its linear programming (LP) relaxation is exploited in many heuristic algorithms.
In mathematics, the relaxation of a (mixed) integer linear program is the problem
that arises by removing the integrality constraint of each variable and allows solving
the integer programming (IP) problem as a linear programming one. This relax-
ing technique converts an NP-hard optimization issue (integer programming) into a
similar problem that can be solved in polynomial time.

However, this method makes it impractical to take into account all cutting patterns
that are practical and correspond to the columns in the LP formulation, especially
when the length of a single item is much smaller than the roll length. By resolving
the related knapsack issue, Gilmore and Gomory provided an inventive method to
identify the cutting patterns required to enhance the LP solution.

Gilmore and Gomory ([32]) proposed a column generation approach inspired by
Dantzig and Wolfe ([22]) for decreasing stock and bin packing concerns (BBP). Be-
cause enumerating all possible cutting patterns would take an inordinate amount
of time, it reduces valid patterns repeatedly and adds them to the issue based on
their contribution to the objective function. The column generation approach made
large-scale cutting stock issues solvable in a reasonable amount of time.

In the following years, many algorithms were developed to solve the problem. While
the most precise but computational and time consuming are the more rigorous pro-
cedure based on the integer linear programming, in more recent times several meta-
heuristic procedures have been implemented (e.g. Genetic Algorithm, Simulated

annealing and Tabu search).

3.2 Use of cutting stock problem in truss solutions

In the previous section, it was seen the general formulation of the Cutting Stock
problem. In recent years, the civil engineering sector has become increasingly inter-
ested in implementing the reuse of construction materials. The researcher notices
that the cost and environmental optimization, by themselves, in not sufficient for
reaching the best outcome. The building sector is a major contributor to material
consumption, energy use, greenhouse gas emission, and waste production [1] [5].

This problem can be solved basically in two ways: by minimizing the waste in the

fabrication phase or by reusing stock materials from other structures. The first



3.2. USE OF CUTTING STOCK PROBLEM IN TRUSS SOLUTIONS 61

way wasn’t so predicated and this was one of the aims of this thesis and the entire
research. The second path was deeply explored by Briitting et al. in various publi-
cations that treated the reuse of the construction stock elements. In this section, it
is possible to see the highlights of this specific topic.

The idea of Briitting et al. is to use the principle of circular economy in order to
reduce the cost and the environmental impact of structures. In a circular economy;,
manufactured goods are kept in use as long as possible through closed loops, which
consist of repair, reuse, and recycling. In particular, they were concerned about
reuse because less energy is spent on reprocessing with respect to recycling.

A first way to approach the reuse optimization problem it can be seen in [13]. In
this study, structural optimization with stock constraints was shown.

For clarity, the term member is used for a position or bar in a reticulated struc-
ture and member length is the distance between nodes at this position. The term
element is used for the individual component of a stock. The stock was reused ma-
terials which have different dimensions. In Figure 3.1 it is possible to see the two
ways for approaching the problem: the 1-to-1 assignment of elements to positions
in the truss (as in Stock A), and a cutting stock approach, where multiple members

can be cut from individual elements(as in Stock B).

(a) System (b) Stock A - Assignment (c) Stock B - Bin-packing
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Figure 3.1: (a) Cantilever truss, (b) stock A and assignment, (c) stock B and cutting
stock configuration (image taken from [13]

201 |

3O I

40 ]
s O BRSNS

(o)
I j=10 I 7]

In the first case, which is the assignment problem, the objective of the optimiza-
tion is to avoid waste by minimizing the long distance between members and stock
elements. The second one is to find a cutting pattern which minimizes global waste.
Both cases were solved through a MILP (mixed-integer programming) procedure.

Another problem addressed in the paper is that the lengths of the chosen elements
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may not correspond exactly to the lengths of the structure’s members once both
problems have been solved. For this reason, shape optimization is then used to
reduce cut-off waste for the globally optimal assignment or bin-packing solutions by
changing the placements of the structure nodes (coordinates).

Finally, Briitting et al. exposed also a procedure to optimize the configuration of a
stock or kit-of-parts such that its elements can be reused in various structures. This
last consideration allowed to spread of the stock of reusing items in many structures
and the outcome is an ulterior minimization of the waste.

Ulterior amendments, only for the assignment problem, were done to this basic for-
mulation in [12] where the assignment was coupled with a topological optimization.
After that, the truss was subjected to shape optimization. Is also noticeable the
introduction of an absolute buffer that allows the allocation of also the very short
items.

Moreover, in 2020 still Briitting et al. ([15]) report an entire structural optimization
based on the principles set out above. In this work it is possible to see the simulta-
neous analysis and design approach, structural analysis is part of the optimization
formulation by treating member end forces as well as nodal displacements and ro-
tations as continuous state variables. Furthermore, designing a custom kit of parts
(which is a group of discrete building parts that have been pre-engineered and are
created to be put together in many ways to define a finished building) whose com-
ponents are prepared to be combined in various structural configurations, serving
diverse purposes, is an alternate approach to component reuse.

In one of the more recent papers, Briitting et al. (|14]) use the assignment and CSP
for creating a kit of parts used for three different construction types. The kit-of-parts
bars are tubular components joined with bolts at spherical joints. The structures’
original topology and geometry are provided as input. The process consists of two
steps. To allow for the reuse of similar bars in different structures, the structural
geometries and kit-of-parts bars’ length and cross-section dimensions are optimised
in the initial stage. The second stage optimises the hole pattern for the spherical

joints’ connection details, allowing each joint to be reused in many constructions.
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3.3 Mathematical formulation of the problem

Now the following section analyzes the mathematical formulation of the cutting
stock problem by using the column generation technique to reduce the problem’s

computational cost.

3.3.1 Bin Packing formulation

In order to understand how the cutting stock problem works it is necessary to
exhibit the mathematical formulation of the one-dimensional bin packing problem.
This problem aims to allocate a set of items into the minimum number of bins.

For initializing the problem are necessary the following parameters:
e [: set of items, indexed by i
e B: set of bins, indexed by b
e [;: length of item i
e [: length of each bin
e ;5 € {0,1}: unitary if item ¢ is allocated to bin &, 0 otherwise
e y, € {0,1}: unitary if bin b is used, 0 otherwise

The mathematical formulation of the problem is:
min Z Yb (3.1)

Subjected to the following constraints:

in,b =1 Viel (3.2)

beB

> Lizip <Ly, WbeB (3.3)

el

rip <y Viel, beDRB (3.4)
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zip€{0,1} Viel, beB (3.5)

y €{0,1} VbeB (3.6)

The principal equation of the bin packing problem (3.1) simply minimizes the num-
ber of bins used to obtain the requested items. The mathematical equation was
subjected to some constraints. In particular, the (3.2) equation means that each
item must be assigned to a bin (i.e. each item should be cut from one of the paper
rolls available). Additionally, the second condition (3.3) assures that the length of
all items associated with a bin should not exceed the length of the bin and the third
(3.4) entails that an item can be assigned to a bin if and only if that bin is used.
Finally, the following two equation ((3.5), (3.6)) express the domains of the two

decision variable x; ; and ;.

3.3.2 Column generation

The bin packing problem is a very complex combinatorial problem. For simplifying
this problem the Column Generation formulation is used in this thesis. In this for-
mulation, the main element is no longer the bin, but the feasible cutting pattern,
that is, the possible arrangement of items in a bin. Since enumerating all feasible
cutting patterns is prohibitively time-consuming, it generates valid patterns itera-
tively and adds them to the problem according to their contribution to the objective
function.

The first step is to set up the restrained master problem (RMP).

The parameters involved into the column generation model are:

e [: set of unique items (subset of items with unique distinct lengths), indexed

by i
e P: set of paths, indexed by p

e L;: length of item ¢
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e ();: quantity needed for item ¢
e [: length of each bin

e M;,: matrix whose element (7, p) defines the number of times item ¢ is included

in path p
e 1, € Z: number of times path p is chosen

The mathematical formulation is:

min Z Tp (3.7)

peP
Subjected to:
> Mipr,> Qi Viel (3.8)
peEP
Ty € L (3.9)

The objective function of the RMP (3.7) is the minimization of the number of
paths used which is strictly correlated with the minimization of the number of bins.
The objective function is subjected to two constraints. First, it needs to select the
number of paths in a way such that every unique item appears at least as many
times as needed and this is what is done in (3.8). The second constraint defines the
T, domain.

The next step is to write the dual problem. The dual problem is a formulation
correlated with the principal problem exposed above which is the primal. The dual

problem is write in such a way that:

- A mostly horizontal constraint matrix becomes a mostly vertical constraint

matrix
- A minimization problem (3.7) becomes a maximization problem (3.10)

- The objective value coefficients of the primal become constraint right hand side

values of the dual

- The objective value coefficients of the dual are the dual values of the primal
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In particular, the dual problem is:

max Z QiNi (3.10)

il

Subjected to the following constraints:

d MyiAi<1 VpeP (3.11)

N €T (3.12)

The A; is the dual value referred to a specific item constraint. Each dual value
gives an indication of how profitable is to add the associate item to a new path.
Moreover, to determine the best path to add it is necessary to set up the pricing
problem where a new decision variable y; Vi € I which represents how many times

a certain item ¢ appears in the new path. More in detail:

max Z il (3.13)

el

Subjected to the following constraints:

Y Liyi<L (3.14)

i€l
Yi € 7 (3.15)

Where the (3.14) ensures that the newly added path is feasible and the (3.15)
imposes the y; domain.
Forehead, to decide if a certain path should be added to the RMP it needs to verify
the gain obtained by the addition of the new path with the following formula:

c—2<0 (3.16)

Where c is the original cost from the primal problem and z is the reduced cost
computed in the pricing problem.

From the primal, it is possible to get ¢ = 1 while from the pricing problem z =
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Zz‘e 7 Aiyi- Finally by substituting:

1-— Z )\zyz S 0 (317)

el

Which lastly becomes:

Z Nyi > 1 (3.18)
el
Until the previous condition is satisfied by the new generate path this one was

added to the primal RMP and the procedure was iterated. To make more clear the

overall process the algorithm is shown in the following:

Initialize and solve RMP with
initial set of paths

Compute dual values A

Solve pricing problem

YES ST Ay e 17 —_ NO —| Solve final RMP reinstating
add path i _— | integrality constraints

Figure 3.2: Column Generation algorithm for the solution of Cutting Stock Problem

3.3.3 Numerical example

To a deeper understanding of the CSP functioning, in this section, a practical case

study will be shown.
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The input parameters are provided by the customer which gives the length and the
number of items. In this case study it was assumed elements set which contained

the items shown in the figure 3.3 (the lengths were assumed as adimensional for

simplicity).
L=2
.
L=3 L=6
I Q-2 Q-2
I |
I |
L=4 L=5 L=7
Q=6 Q=6 Q=2
L] |
| L
| L-2
Q=2
| |
L |
|

Figure 3.3: Items requested by the customer
This data should be represented in two vectors:
I=1{2,3,4,506,7,8} (3.19)

Q=1{4,2,6,6,2,2,2} (3.20)

Where in the vector (3.19) are collected all the items’ lengths and in (3.20) are
collected the quantities for each item type.

Meanwhile, the producer provides the length of the bars available in the factory
which becomes the bins of the CSP. In this example, the bin length was 9 Ly;, = 9.
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First, the matrix of the cutting pattern was initialized as an identity matrix:

(3.21)

I
I R R R e

o O O o o = O
o O O O = O O
o O O = O O O
o O = O O O O
S = O O O O O
_ o O O o O O

The matrix (3.21) simply contains all the pattern which contains only one item as

shown in figure 3.4 for clarity: At this point, the initialization phase was over. After-

col. 1 I |

Col. 2 |

Col. 3 \

cos |

Col. 5

coc I |

Col. 7

Figure 3.4: Initial pattern at the iteration 0

wards, all the computation step exhibited in the previous subsection was performed.
The entire process is iterated until the pricing problem returns a positive reduced
cost. At each iteration, a new cutting pattern is added. In the following images, it

is possible to see the pattern added for each cycle and the associated reduced cost.

Figure 3.5: Iteration 1 where the reduced cost is -3.0000
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i

Figure 3.6: Iteration 2 where the reduced cost is -1.2500

| [ ]

Figure 3.7: Iteration 3 where the reduced cost is -1.0000

Figure 3.8: Iteration 4 where the reduced cost is -0.5000

Figure 3.9: Iteration 5 where the reduced cost is -0.5000

Figure 3.10: Iteration 6 where the reduced cost is -0.5000

Figure 3.11: Iteration 7 where the reduced cost is -0.5000

Figure 3.12: Tteration 8 where the reduced cost is -0.2500

Figure 3.13: Iteration 9 where the reduced cost is -0.1250

At the end of the algorithm iterations the RMP is recomputed with all the new
paths and it is possible to have the final results which are the number of bins
(Npins = 13) and the final cutting patterns related to each bin (shown in figure
3.14).
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Figure 3.14: Results from the CSP algorithm: bins and relative cutting patterns






Chapter 4

Cutting Stock Problem
embedded in Structural

Optimization

In the last decades, the Scientific Community challenged on minimizing the struc-
tures’ price by manipulating material, fabrication and maintenance costs. Specifi-
cally, in the structural optimization field, great attention was dedicated to materi-
als cost minimization aiming to achieve a slender structure with optimal resource
utilization. In this sense, the traditional approach adopted by researchers and prac-
titioners is to optimize the design cost of structures while simultaneously satisfying
safety recommendations provided by specific standard regulations. Undoubtedly,
this approach reduces the overall cost of the structure but does not take into ac-
count the effective quantity of steel involved in the process which is not only related
to the material used in the structure but also to the factory waste resulting from
the cutting process (an example of cutting machine in figure 4.1).

As demonstrated in the previous chapter, a significant part of the expenses is also
the waste of material from the cutting process. In other words, minimizing the
amount of material involved in the construction process without a carefully cutting
design, for the minimization of waste, leads to inefficient cost optimization.

Hence, this thesis aims to create a structural optimization which not reduces the

structural mass of the structure but the mass of the entire stock of rough bars in-
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volved in the construction. This ambitious goal was reached through the implemen-
tation of the Cutting Stock Problem (CSP) in the objective function of structural

optimization.

Figure 4.1: Beam cutting machine (image from www.asiacnc.com.tw)

In the initial chapters, it is possible to see the overall steps of structural opti-
mization and how these steps work. Moreover, the previous chapters discuss how
works the CSP and how this complex combinatorial problem was embedded in some
reusing problems.

In the following, by combining the concepts exhibited in the first half of the thesis
a new stock mass structural optimization was developed by the author and the re-
spective supervisors of this dissertation.

When considering the cutting stock problem in the context of structural optimiza-
tion, the goal is to design a structure that minimizes material usage while still
meeting the required strength and stiffness criteria. This can be achieved by deter-
mining the optimal arrangement in the stock of items that make up the structure.
To solve this problem, mathematical models can be developed that represent the
structural design and the material properties, as well as the constraints and objec-
tives of the problem. These models can then be solved using optimization tech-
niques such as linear programming, mixed-integer programming, or metaheuristic
algorithms.

In addition to minimizing material waste, the cutting stock problem can also help
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reduce the overall cost and environmental impact of a structure. By optimizing
the use of materials, the structure can be made lighter and more efficient, leading
to savings in both production and operation costs, as well as reducing the carbon
footprint of the project.

In a nutshell, the method exposed in the following is a weight minimization of the
entire stock of factory bars where the truss members were cut. The problem was
subjected to the serviceability and strength constraints and solved by a Genetic Al-
gorithm with guided crossover.

The chapter is organized in order to have initially the mathematical formulation of
the optimization than the overall algorithm with a detailed explanation of the CSP
frow-chart implemented into the process. Afterwards, there is a section dedicated
to the metaheuristic algorithm involved in the code and then the case studies and

the relative setting parameters.

4.1 Mathematical formulation of the structural op-
timization

With respect to traditional optimization approaches (i.e [16], [35], [15], [38]) in which
the objective function represents the total weight of the structure as a sum of the
mass of each element (structural mass), in this study the target function has been
evaluated by computing the amount of steel requested during the production phase
(stock mass). To achieve this goal, a real-coded guided-Genetic Algorithm (GA)
has been developed by the author and the supervisors of the thesis. The design
variables are the only discrete cross-sectional areas (taken from the cross-sectional
commercial catalogue) of each element in case of a size optimization where is added
the members’ length in case of a combined size-shape optimization. CSP has been
implemented within the optimization process and it has been independently solved
for all groups of elements with the same cross-sectional properties. Finally, the
solution obtained by the CSP for each group has been adopted for the evaluation of

the objective function W (z) expressed as follows:

g=k
W)= 61> ngdyL, (4.1
g=1
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W (x) is the optimization objective function and represents the total mass, more
precisely the sum of the purchased bars’ weight for each group g. Specifically, k rep-
resents the total number of groups of elements with the same cross-sectional areas.
ng, Ay and L4 are the cardinality, the cross-sectional area and the length of bins
belonging to the same group g of elements with the same cross-sectional area Ay,
respectively. p is material the mass density assumed to be equal for all members
composing the structure (in this case the steel density).

The problem is constrained in order to guarantee structural conformity to the tech-
nical standards and these constraints are incorporated in the OF as a penalty co-
efficient ¢;. In figure 4.2 it is possible to see the general flowchart of the entire

optimization.

STEP 1 Set the input assumption of the optimization problem. First, the model as-
sumption as the features correlated with the geometry of the structure (number
of elements and truss topology and eventual symmetry), the loading pattern
(position, values and eventual symmetry) and the material properties (Young
modulus F and density p). Afterwards, set the algorithm’s parameters (num-
ber of iterations, number of individuals N per population, mutation probability

and probability for roulette wheel parents selection)

STEP 2 Generate a random initial population with N individuals (N different trusses
having the same topology but different design variables). The design variables
are size and eventually shape parameters. The algorithm works with discrete

design variables taken from commercial standards.

STEP 3 Perform the structural analysis for the given load condition in order to find
the structural behaviour and verify the structural conformity to the Eurocode
3 (EN 1993-12005 and EN 1993-2 2006). The structural analysis is performed
by a FEM code which uses the Direct Stiffness Method (DSM).

STEP 4 Computation of the overall penalty ¢; related to the violation of the optimiza-
tion constraints. The penalties are coefficients that increment the objective
function of the individuals which not satisfy the problem constraint in order to
penalize the unfeasible solutions. Specifically, the penalties are computed for

each violation by penalty functions. The results of the penalty functions are



4.1.

MATHEMATICAL FORMULATION OF THE STRUCTURAL

OPTIMIZATION 77

STEP 5

STEP 6

STEP 7

STEP §

STEP 9

STEP 10

coefficients ¢; for each i violation (e.g. strength, deflection, etc...). The final

penalty ¢ is the sum of the single penalty ¢;.

Verify if at least 1% of the entire population is feasible. If this condition is not
satisfied reinitialize the entire population (return to STEP 2) with a discrete
design variable domain reduce by a certain number of cross-sections. These
excluded cross-sections are the smaller ones in order to increase, in the next
iteration, the probability to have a population which fits the feasibility request

of this decision point.

To obtain the number of standard commercial bars purchased and the relative
cutting patterns for each cross-sectional group g. The grouping on the elements
is necessary because the items with the same cross-sectional area should be
allocated in the same bar typology. The CSP allocates the various structural
members into the standard factory bars in an optimal way in order to minimize

waste. For more details see figure 4.3 and the relative explanation.

Evaluation of the objective function W (x) which return the total mass of the
purchased bars. The OF is simply the sum of the purchased bars’ mass resulting
from the CSP for each cross-sectional group g multiplied for the overall penalty

¢1. The goal of the optimization is to reach the minimum W (x).

Check of the stagnation condition. This step avoids the algorithm stuck in a
local optimum while trying to search for a global optimum. Specifically, this
condition verifies if the best solution is the same for a predetermined consecutive
number of iterations. Whether the response is affirmative the optimization
process re-initializes the population (return to STEP 2) in order to explore
other solution spaces. Otherwise, the optimization process continues with the

following steps.

This condition simply check if the imposed number of iteration is reached.
Whether the number of the current iteration is lower the process comes to

STEP 3 otherwise continue with the plotting of the output results.

The outputs of the entire optimization process are final member properties,
the overall mass of purchased steel, the number of bars for each cross-sectional

class and the relative cutting pattern relative to the optimal individual.
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STEP 1

STEP 2

STEP 3

STEP 4

STEP 5

STEP 6

STEP7

STEP 8

STEP 9

STEP 10

Figure 4.2: Structural Optimization via CSP problem algorithm
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Figure 4.3: Detailed CSP algorithm embedded in the structural optimization
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4.2 GA with guided crossover

In order to solve the problem stated in previous section, a real-coded GA is adopted.
This is a population-based stochastic optimization technique appropriate for global
optimization, which does not require direct evaluation of gradients. Introduced by
John Holland [39], it is inspired by Charles Darwin’s theory of natural evolution.
This algorithm reflects the process of natural selection where the fittest individuals,
also called parents, are selected for reproduction in order to produce offspring of
the next generation. At the end of the process, the best survival among all the
fittest candidates found at each generation is selected as the best globally optimized
solution. Although the native GA worked with binary values representing genes,
encoded in string structures called chromosomes, in this paper the authors overcome
the limits related to the decoding process by using a real-code GA in which genes
and chromosomes represent directly the design variables and the solutions of the
problem.

At each iteration, traditional GA phases were adopted during the optimization

as following:

e Initial population: in this phase, individuals with a set of random genes (x;)
composing chromosomes () are created by observing lower and upper bounds
reported in table. Gene represents, at each generation, the candidate value of a
specific design variable involved in the identification procedure. A set of genes
(vector form) represent a solution of the problem for the current generation. In
this way, the best solution is selected and the optimal set of parameters which

govern that specific law is detected.

e Fitness function: in this phase, the fitness of the candidate solutions is eval-

uated by calculating the OF introduced in the previous section.

e Selection: During this phase, a Roulette Wheel Selection was implemented
in order to guarantee that the two fittest parents are selected for the next
steps. Adopting this technique, a probability to each parent is assigned and

the parents with higher fitness are more likely to be chosen for the next steps.

e Crossover: in this phase, a single point crossover was performed in which

recombination of gene pool between parents occurs after a position selected in
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a random way fro each parent. Lower and upper bounds are imposed at this
stage such that if only a gene of the new offspring is not ranged within the
imposed interval (higher than the maximum value or lower than the minimum
value of that specific parameter), it is forced to assume maximum or minimum

value, respectively.

e Mutation: aiming to improve the exploration and exploitation ability of the
algorithm, a mutation rate of 1% is assigned. In this way, new genes are
introduced into the population by modifying gene pools of parents in a random

way.

At the end of these stages, a sorted function was implemented aiming to store
survivors with the best fitness among the generated offspring, at each generation.
The identification procedure can be considered ended when the stopping criteria of
the algorithm are satisfied and the optimal set of parameters for each law is found.
The entire procedure was run n times in order to check the reliability and robustness
of the algorithm. Specifically, the authors observed that stagnation usually occurred
for the algebraic models while no differential ones needed to use all the available 200

generations.

4.3 Case study 1: 10-bar truss

Within this section, it will be exhibited a simple application of CSP embedded in
structural optimization. The structure under analysis in this section is a ten-bar
truss benchmark coming from [79]. The case study is simple and the optimization
assumptions are minimal just to check the results.

The section is divided into two subsections, the first show the model definition and
the set of algorithm parameters and, afterwards, another subsection exposes and

discusses the results.

4.3.1 Model definition and parameters’ setting

As reported in Figure 4.4, the structure is a trussed isostatic cantilever composed of

10 steel bars and constrained by two pinned supports at nodes 5 and 6, respectively.
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A single-loading condition P; has been assumed and, specifically, two equal forces

Py are applied at nodes 2 and 4.

360 360
F—T—»‘
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Figure 4.4: Configuration of the in-plane 10-bar truss, measures are expressed in
inches (in.)

For having a resume of numerical model assumption on the material and geometry

of the truss the table 4.1 was created.

Parameter Value
Modulus of elasticity of steel E 10000 ksi
Steel density p 0.10 Ib/in?
Loading Py 100 kips
Length of purchased bars (bins) Ly;, 1020 in
Number of design variables 10

Bounds of design variables (Hynin, Hmaz) [1.62, 33.5] in?

Table 4.1: Model assumption relative to the 10 bar truss.

The design variables of the problem are simply the 10 cross-sectional areas of
the truss components. The problem was solved by a GA algorithm which works

with discrete values. This procedure allows taking into account only solutions with
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elements which have cross-sectional areas available in the commercial standards list.
Therefore, a set of 42 discrete values (shown in table 4.2) have been used for the
possible cross-sectional areas for each member. In this simplified optimization it
was not taken into account the elemental buckling and, for this reason, only the

cross-sectional areas of the elements are sufficient as sectional properties.

Discrete cross-sectional areas A [in?]
1.62 1.8 199 213 238 2.62 2.63
288 293 3.09 3.13 3.38 347 3.55
3.63 3.84 387 3.88 4.18 422 4.49
459 48 497 512 574 722 797
11,5 135 139 142 155 16 16.9
18.8 19.9 22 229 26.5 30 33.5

Table 4.2: Discrete cross-sectional standard area within the design variables are
chosen.

Now the assumptions related to the model are imposed. It is possible to proceed
with the optimization statement.

The statement of the entire optimization process is the following:

min f(x) = W(x) (4.2)

Subject to Nep <1 (4.3)
t,RD

]]\ZERZ <1 (4.4)

Umaz,e < Ulim,z (4.5)

Umaz,y < Uim,y (4.6)

The goal of structural optimization is the minimization of the objective function
W (z) (see (4.1)) correlated to the stock mass.

Equations from (4.3) to (4.6) represent the structural constraints of the problem.
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In detail, strength verifications about tensile stress (without any holes) and com-
pression stress according to Eurocode 3 (EN 1993-12005 and EN 1993-2 2006) are
introduced by Equations (4.3) and (4.4) respectively. Other constraints to satisfy is
the maximum deflection along x and y directions (represented by Equations (4.5)
and (4.6), respectively).

To apply the previously seen constraints to the optimization process a penalty co-
efficient ¢ is multiplied by the stock mass. In this way, the unfeasible solutions are
penalized with respect to the feasible ones.

The penalty applied to the SO is the sum of the single penalty related to the single

violation:

(bl = ¢Nc + (bNt + ¢um + ¢uy (4'7>

In particular, the violation functions are simply equal to the sum of the verifica-

tion ratios

i=v
60 = Q—Ed (4.8)
p lim

Where () is the constraint parameter (stress or deflections) for an element of the
truss ¢ which does not satisfy the constraint condition. The overall penalty related
to a constraint ¢ is the sum of the violation of all the violated items v. Particularly,
the effective solicitation or deflection is at the numerator and the limit value is at
the denominator. The displacements of the free nodes in both directions had to be
less than +2 in. and the allowable stress was set to £25 ksi.
In this specific case study, two attempts were done with the implementation of

an additional penalty ¢p related to the ripetitivity of the cross-section among the

design variables.

¢R = stingleA (49)

Where k£ is a proportional coefficient which set the impact of the ripetitivity
penalty on the objective function. Conversely, Ngj,gic, is the number of different
areas present within the design variable. This penalty is added to the (4.1) but as

it will exposes more in detail in the next paragraph the results are worse compared
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the original formulation.

The algorithm setting parameters are collected in table 4.3.

Parameter Value

Maximum number of iterations 200

Number of individuals per population 200

Areas excluded if unfeasibility condition isn’t satisfied 5 smaller DV
Mutations’ probability 1%

Proportional children 1 child for each parent
Stagnation condition 10 iterations

Table 4.3: Optimization algorithm parameters set by the operator.

4.3.2 Results and discussion

In this section, the results of the structural optimization (SO) process with specific
regard to the ten-bar case study are pointed out. Specifically, two optimization

scenarios have been performed:

e Scenario (a): optimization by considering CSP (minimization of purchased steel

bars).

e Scenario (b): optimization via traditional approach by minimizing the total

weight of the structure without considering the CSP procedure.

In order to have a comparison between the two mentioned-above approaches, the
CSP procedure has been performed at the end of (b) such that the total number of
bins requested for the assemblage of the optimal weight structure has been evaluated.
Afterwards, a case of the SO via CSP with the implementation of the ripetitivity
penalty is exhibited.

Scenario (a)  In scenario (a) 10 runs are performed through SO via CSP and
the results are summarised in table 4.6 at the end of the section. Afterwards, from
the data collected the best result and the mean value and standard deviation are

collected in the following table 4.4.

The first observations concern the operation of the CSP in the SO. It can be seen

that the results tend to have each bar with a different cross-section, containing 2
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Stock Mass (OF) [Ib] Structural Mass [Ib] Waste Mass [1b]

Best 6825.84 5791.97 1033.87
I 7320.13 6158.41 1161.73
o 308.64 257.05 98.37

Table 4.4: Result of the optimization via CSP related to Scenario (a)

elements per bar (corresponding to the maximum number of elements that can be
allocated in a bar). These two features allow for obtaining the best results because
exploit at the maximum capacity the bars and simultaneously have a good degree
of freedom in the size optimization of the elements.

In other words, the OS works on two levels: the correct choice of cutting pattern to
maximise the utilisation of the bars and the selection of the minimum cross-sectional
area for each bar.

Figure 4.5 gives a more clear view of the bars’ exploitation in scenario (a).

Structural optimization via CSP (a)
4 2 g
= " item 360 in.
S oo B item 500.12in.
5 Waste
c
3 a0
200
0 Area group
AOA A A A

Figure 4.5: Optimal cutting pattern derived by optimization scenario (a)

To show how the algorithm works in more detail, the plots of the best solution
(Figure 4.6), the violation (Figure 4.7) and the unfeasibility (Figure 4.8) for each

iteration are presented on following.
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Figure 4.6: OF best solution for each iteration related to Scenario (a)
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Figure 4.7: OF violation for each iteration related to Scenario (a)
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Figure 4.8: OF unfeasibility for each iteration related to Scenario (a)

Scenario (b) Scenario (b) consists again of 10 runs performed with a traditional

structural optimization which minimizes the total structural mass only. The mass

of the stock was obtained successively by applying the CSP to the cross sections

obtained. The results of the 10 runs are summarised at the end of the section in

table 4.7. The best solution, the average solution and the standard deviation are

collected in the following table.

Stock Mass (OF) [Ib]

Structural Mass [1b]

Mass Waste [Ib]

Best 10323.42
p o 12133.92
o 1343.16

5580.42
0632.88

64.15

4743.00
6501.04
1348.10

Table 4.5: Result of the optimization via traditional approach (b)

On following the stock representation (Figure 4.9) and the plots of the best
solution (Figure 4.10), the violation (Figure 4.11) and the unfeasibility (Figure 4.12)

for each iteration.
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M Minimum weight optimization (b)
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Figure 4.9: Optimal cutting pattern derived by optimization scenario (b)
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Figure 4.10: OF best solution for each iteration related to Scenario (b)

Now it is possible to compare the results of the two optimizations (Scenario
(a) and Scenario (b)). The first important result is that the stock mass is much

lower in Scenario (a) versus a small increment of the structural mass which is very
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Figure 4.11: OF violation for each iteration related to Scenario (b)
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Figure 4.12: OF unfeasibility for each iteration related to Scenario (b)
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similar between the two scenarios. From these considerations, it is possible to deduce
that the algorithm with embedded the CSP perform well because requests fewer
purchased bars with a small increment of the structural weight.

Another consideration is about the variability of the problem which presents better
results in terms of a stock mass standard deviation in scenario (a) and regarding
the structural mass the standard deviation is lower in scenario (b). Moreover, the
standard deviations’ values of the relative OF (stock mass for (a) and structural
mass for (b)) penalize scenario (a) because the variability of the cutting pattern

does not allow to have a strong convergence of the results.



Attempt Cross-sectional areas [in?| Number of bins S;/Ir;ls(:l[llf]d Mitszc[lib] M\ZfsasSt[fb]
1 [30.0 1.99 22.0 22.0 1.99 4.18 13.9 13.9 30.0 4.18] |1, 1, 1, 1, 1] 6113.27 7351.14  1237.87
2 [18.8 4.22 26.5 18.8 1.8 1.8 26.5 22.0 22.0 4.22] 1, 1,1, 1, 1] 6393.24 7478.64  1085.40
3 [30.0 1.8 30.0 13.5 1.8 1.62 13.5 22.0 22.0 1.62] 1,1, 1, 1, 1] 5843.82 7029.84  1186.02
4 [22.0 1.62 22.0 22.0 1.99 1.62 22.9 22.0 22.9 1.99] 2, 1, 1, 1] 6117.41 7192.02 1074.61
5 [30.0 1.99 30.0 13.5 1.99 1.99 13.5 22.0 22.0 1.99] |1, 2, 1, 1] 5889.66 7086.96  1197.30
6 [30.0 1.62 22.0 11.5 1.62 1.8 11.5 22.0 30.0 1.8 | 1,1,1,1, 1] 5791.97 6825.84  1033.87
7 [30.0 3.13 22.9 15.5 3.13 2.88 15.5 30.0 22.9 2.88] [1, 1, 1, 1, 1] 6420.43 7589.82 1169.39
8 [26.5 4.49 26.5 13.9 4.49 15.5 15.516.9 16.9 13.9] [1, 1, 1, 1, 1] 6507.30 7883.58  1376.28
9 [26.5 3.87 26.5 13.9 2.88 2.88 26.5 26.5 13.9 3.87] 2,1, 1, 1] 6358.10 751230  1154.20
10 [26.5 1.99 22.0 18.8 1.99 1.8 26.5 18.8 22.0 1.8 | 1,1, 1, 1, 1] 6148.88 7251.18  1102.30

Table 4.6: Structural Optimization via CSP results of 10 runs. Scenario (a)

SSNY.L 4vd-0T ‘T AdNLS HSVD €7

¢6



Attempt Cross-sectional areas [in?| Number of bins Sﬁ;ls(:l[llal Msatszc[lib] M\zfs?t[leb]
1 [30. 1.8 26.5 14.2 1.62 1.62 13.5 18.8 22. 1.62] [11112111] 5573.62 13264.08  7690.46
2 [30. 1.8 26.5 16. 1.62 1.62 11.5 18.8 22. 1.8 | [T1111111] 5545.762334 13078.44 T7532.68
3 [22.9 1.62 30. 13.9 1.62 1.62 15.5 22. 22.9 1.8 | [1211111] 5746.47 11152.68 5406.21
4 [30. 1.62 26.5 11.5 1.62 1.62 7.97 26.5 22. 1.62] [121111] 5580.42 10323.42  4743.00
) [30. 3.38 26.5 13.5 1.62 1.8 15.5 16.9 22. 3.47| [1111111111] 5711.06 13736.34  8025.28
6 [26.5 1.62 22.9 15.5 1.62 1.62 13.5 22.922.9 1.62] [1221 1] 5612.90 10663.08  5050.18
7 [30. 1.62 26.5 13.9 1.62 1.62 13.5 22. 18.8 2.38] [12111111] 5595.03 13292.64 7697.61
8 [26.5 1.8 30. 14.2 1.62 1.62 13.9 22.9 18.8 1.99| 111111111 5658.64 13434.42  7775.78
9 [30. 1.8 26.5 15.5 1.8 2.13 16. 18.8 18.8 2.88§] [1T1111111] o673.77 11588.22 5914.45
10 [26.5 2.13 26.5 16. 1.62 1.8 14.2 18.8 22.9 1.99] 111111111 5631.08 10805.88  5174.80

Table 4.7: Traditional Structural Optimization (Structural mass only) results of 10 runs. Scenario (b)

SSNY.L 4vd-0T ‘T AdNLS HSVD €7

€6
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Ripetitivity penalty With the idea of helping the algorithm find better results
in terms of stock mass, a ripetitivity penalty was introduced that increases the
OF value based on the number of different cross-sectional areas between the design
variables. Therefore, greater is the number of cross-sectional different areas greater

is the penalty.

R = stingleA (410)

Where k and Ngjpge, are a coefficient which set the impact of the penalty on the
OF and the number of different areas present within the design variable respectively.
In the following pages in the tables 4.10 and 4.11 are presented the results of 10
runs (for k=0.1 and k=0.2 respectively). Meanwhile, in the following table the best
solution, the average one and the standard deviation are collected (table 4.8 and

4.9)

Stock Mass (OF) [Ib] = Structural Mass [Ib] Mass Waste [1b]

Best 7127.76 6043.71 1084.05
I 8128.38 6751.39 1376.99
o 664.19 467.16 248.40

Table 4.8: Result of the optimization via CSP considering ripetitivity (k = 0.1)

Stock Mass (OF) [Ib] Structural Mass [Ib] Mass Waste [Ib]

Best 8051.88 6816.97 1234.91
I 8768.23 7367.95 1400.28
o 611.95 549.00 209.11

Table 4.9: Result of the optimization via CSP considering ripetitivity (k = 0.2)

The algorithms despite the low values of k do not work properly. The OF values
are worse and the standard deviation too. These results show that considering the
ripetitivity in this specific problem makes the algorithm more rigid because forces
purchased bars to have the same cross-sectional areas. Therefore, a reduction of the
degree of freedom in the problem has as a consequence less difference in item areas.
Moreover, the reduction of the available area produces items with an overestimated

cross-sectional area which increase both the structural and stock mass.



Attempt Cross-sectional areas [in?| Number of bins S;/Ir;ls(:l[llf]d Mitszc[lib] M\ZfsasSt[fb]
1 [22.9 13.9 22.9 14.2 7.97 7.97 22. 22. 14.213.9] |1, 1,1, 1, 1] 6904.97 8258.94  1353.97
2 [26.5 4.97 26.5 13.9 4.97 13.9 13.9 26.5 13.9 26.5 | |2, 1, 2] 7380.30 8748.54  1368.24
3 [30. 4.49 22.9 22.9 1.99 1.99 30. 16. 16. 4.49] 1,1, 1, 1, 1] 6418.84 7688.76  1269.92
4 [30. 1.99 22. 13.9 1.99 1.99 13.9 30. 22. 1.99] 1, 2, 1, 1] 6043.71 7127.76  1084.05
5 [26.5 14.2 26.5 14.2 16.9 3.47 16.9 26.5 26.5 3.47] 2, 1, 1, 1] 7399.11 8932.14  1533.03
6 [30. 13.9 30. 13.5 13.5 13.5 13.5 13.9 16. 16. | 11,1, 2, 1] 7142.55 8863.80  1721.25
7 [22.9 4.8 22.9 15.5 4.8 7.97 15.5 30. 30. 4.8 | 1,2, 1,1, 1] 6927.53 8768.94  1841.41
8 [30. 4.18 30. 7.22 4.18 7.22 16. 18.8 16. 18.8 | 1,1, 1, 1, 1] 6524.25 777240 1248.15
9 [26.5 3.87 22. 22. 2.38 2.38 26.5 18.8 18.8 3.87] 1,1, 1, 1, 1] 6309.15 7502.10  1192.95
10 [22. 1.99 30. 13.5 7.22 1.99 30. 13.5 22. 7.22] 1,1, 1, 1, 1] 6463.50 7620.42 1156.92

Table 4.10: Structural Optimization via CSP including ripetitivity (k=0.1) results of 10 runs

SSNY.L 4vd-0T ‘T AdNLS HSVD €7

<6



Attempt Cross-sectional areas [in?| Number of bins S;/Ir;ls(:l[llf]d Mitszc[lib] M\ZfsasSt[fb]
1 [26.5 7.22 26.5 7.22 7.22 7.22 26.5 26.5 11.5 11.5 | |2, 2, 1] 6816.97 8051.88  1234.91
2 [30. 4.49 30. 4.59 4.49 4.59 30. 15.5 30. 15.5 | 2, 1, 1, 1] 7446.72 8627.16  1180.44
3 [26.5 22. 26.5 16.9 4.59 4.59 22. 11.5 16.9 11.5 | 1,1, 1, 1, 1] 6790.31 8311.98  1521.67
4 [30. 4.8 16. 16.9 4.8 16.9 18.8 16. 30. 18.8] 1, 1,1, 1, 1] 7474.62 8823.00  1348.38
5 [26.5 4.49 26.5 16. 1.99 16. 16. 16. 16. 16. | 1, 1, 3, 1] 6551.63 8259.96  1708.33
6 [30. 7.22 30. 7.22 2.38 2.38 30. 30. 13.9 13.9 | 2,1, 1, 1] 7321.25 8517.00  1195.75
7 [22.9 26.5 26.5 16. 16. 7.97 26.5 7.97 26.5 22.9 | 1,2, 1, 1] 8441.28 10186.74  1745.46
8 [22.9 26.5 26.5 7.97 7.22 7.22 26.5 22.9 26.5 7.97] [1, 2, 1, 1] 7809.12 9291.18  1482.06
9 [30. 1.99 30. 7.97 7.97 1.99 30. 15.5 30. 15.5 | 2, 1, 1, 1] 7510.08 8716.92  1206.84
10 [30. 11.5 30. 11.5 4.22 4.22 30. 11.5 30. 11.5 | 12, 2, 1] 7517.51 8896.44  1378.93

Table 4.11: Structural Optimization via CSP including ripetitivity (k=0.2) results of 10 runs

SSNY.L 4vd-0T ‘T AdNLS HSVD €7
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4.4 Case study 2: Symmetric Warren truss

Within this section, a more complex application example is exhibited. The structure
under analysis is a Warren truss with 23 members. The structure is subjected to
symmetric loading and a symmetric geometry is assumed. This assumption approx-
imately halves the design variables which becomes 12 cross-sectional areas.

The section is divided into two subsections, the first show the model definition and
the set of algorithm parameters and, afterwards, another subsection exposes and

discusses the results.

4.4.1 Model definition and parameters’ setting

This case study examines a single-support Warren truss with 23 elements that is
being loaded uniformly in-plane on the lower chord. This decision was made in order
to minimize production costs due to the Warren-type truss’s reduced joint count as
compared to other types (like the Pratt or Vierendeel types). The complete length L
of the truss is likewise displayed in Figure 4.13, divided into 6 spans with a spacing
of L/6.

|
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Figure 4.13: Configuration of the Warren truss under analysis, the numbers indicate
the design variables which are 12 because the symmetry is considered, measures are
expressed in millimetres (mm)

The truss to be optimized is characterized by hollow members in particular in
this truss typology Circular Hollow Sections (CHS) are used in particular a standard

cross-sectional list from the standard code is used (EN 10210). In fact, hollow sec-
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tions are particularly effective in compression as previously mentioned because the
material is far from the section axis, increasing the resistance to buckling. In some
situations, hollow sections can also be more affordable than other profiles, such as
when there are lower loads, cheaper steel prices, and higher hourly labour costs [50].
For reducing the computational effort and aiding the algorithm to search for the op-
timum symmetry of the truss is taken into account. This assumption almost halves
the design variables which becomes 12 instead to 23 (the design variables of the
problem are indicated in Figure 4.13.

The truss is loading symmetrically by considering a load due to the permanent
non-structural load equal to 4 kN/m? a snow loading equal to 1.5 kN/m? and a
maintenance loading of 0.5 kN /mQ. To obtain the in-plane loading of the truss,
an influence area of 10 m is considered, which is the distance between two Warren
trusses in a roof system. Afterwards, the uniform distributed load along the lower
chord of the Warren truss is divided into 5 concentrated forces P; concentrated into
the lower chord internal nodes. The self-weight of the structure is considered sepa-
rately in the FEM code used for the structural analysis.

All the specifications regarding the material and the features of the model are re-

ported in table 4.12.

Parameter Value
Modulus of elasticity of steel E 210000 M Pa
Steel density p 7.85 t/m?
Loading lower chord nodes P; 240 kN
Length of purchased bars (bins) Ly;, 15 m
Number of design variables 12

Bounds of design variables (Apin, Amaz) [182, 24700] mm?

Table 4.12: Model assumption relative to the symmetric Warren truss.

The statement of the entire optimization process is similar to Case Study 1 and

is resumed in the following:

min f(z) = W(z) (4.11)

N
ED <4 (4.12)

t,RD

Subject to
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Ngp

<1 4.13

Nerp — (4.13)

Nep (4.14)
Ny,rD

Umaz,x < Ulim,x (415>

Umazx,y < Ulim,y (416)

An explanation of the constraints is available in the previous case study. The only

noticeable difference is the equation (4.14) which assesses the buckling instability
requirement according to Eurocode 3 (EN 1993-12005 and EN 1993-2 2006).

The violation comes from the constraint is computed as in the previous case study,

the only difference is that the ¢; used into the W(z) is no more the sum between

the various singular violations but the greater of them.

Cbl = max(QbNCa ¢Nt> ¢Nb> ¢uma Cbuy)

(4.17)

The settings of the algorithm are shown in the following table 4.13. Considering

Parameter Value
Maximum number of iterations 200

Number of individuals per population 300

Areas excluded if unfeasibility condition isn’t satisfied 5 smaller DV
Mutations’ probability 5%

Proportional children
Stagnation condition

1 child for each parent
20 iterations

Table 4.13: Optimization algorithm parameters set by the operator.

that the complexity of the problem is grown with respect to the 10-bar-truss case

study the number of individuals is increased to 300 and the stagnation is raised

to 20 as well. A modification of the stagnation reinitialization is performed. The

algorithm does not reinitialize all the individuals but stores the 10 best individuals

in order to not lose the genetic pool.
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4.4.2 Results and discussion

As in the previous case study, two optimization scenarios are investigated by per-

forming 10 runs per scenario:

e Scenario (a): optimization by considering CSP (minimization of purchased steel

bars).

e Scenario (b): optimization via traditional approach by minimizing the total

weight of the structure without considering the CSP procedure.

Scenario (a) Regarding the first scenario (a) the results of the optimization are
synthesised in the following table and figures referred to the best solution. For more

detail about the ten runs see the table 4.16.

Stock Mass (OF) |kg] Structural Mass |kg] Mass Waste [kg|

Best 4341.44 3006.42 1335.03
I 5249.65 2952.80 2296.85
o 391.43 292.55 391.10

Table 4.14: Result of the symmetric Warren optimization via CSP approach (a)

Structural optimization via CSP (a) - Symmetric Warren
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B A B || Waste
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o

Al A A A A A A A

Figure 4.14: Optimal cutting pattern derived by optimization via CSP scenario (a)
- Symmetric Warren
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Figure 4.15:  OF best solution for each iteration related to Scenario (a) - Symmetric
Warren
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Figure 4.16: OF violation for each iteration related to Scenario (a) - Symmetric
Warren
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guided-sampled Genetic Algorithm (GA)

20

15 1
=
2
p=1
m

£ 10 1
5
(3]

5 -

0 -

T T T T T T T
o] 25 50 75 100 125 150 175 200
lterations

Figure 4.17: OF stagnation for each iteration related to Scenario (a) - Symmetric
Warren
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Figure 4.18: OF unfeasibility for each iteration related to Scenario (a) - Symmetric
Warren
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The results of scenario (a) as it is possible to see in the stock representation (figure
4.14) are not optimal because the grouping of the areas does not reach the minimum
in terms of the number of bars. For instance, it is possible to notice that the waste
in the bars As, Ag, Ag is greater than the length of each item. As it is possible
to see in the best solution evolution through the 200 iterations plot (figure 4.15)
achieving the best solution is more difficult and there are long stagnation points.
The standard deviation of the stock mass is similar to the 10-bar truss case study

and is related to the innate variability of the CSP problem.

Scenario (b) Now on following are exhibited the results and the plots related to

scenario (b). More in detail the 10 runs results are shown in table 4.17.

Stock Mass [kg| Structural Mass (OF) [kg] Mass Waste [kg|

Best 4610.62 2395.22 2215.40
7 5832.42 2717.97 3114.45
o 531.14 167.85 392.44

Table 4.15: Result of the symmetric Warren optimization via traditional approach

(b)

Minimum weight optimization (b) - Symmetric Warren
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Figure 4.19: Optimal cutting pattern derived by traditional optimization scenario
(b) - Symmetric Warren
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guided-sampled Genetic Algorithm (GA)
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Figure 4.20: OF best solution for each iteration related to Scenario (b) - Symmetric
Warren
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Figure 4.21: OF violation for each iteration related to Scenario (b) - Symmetric
Warren
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Stagnation
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Figure 4.22: OF stagnation for each iteration related to Scenario (b) - Symmetric

Warren
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The results derived from scenario (b) are much worse than the ones obtained
from scenario (a). The assignation of the items to the beams in scenario (b) is only
dependent on the optimum size for reducing the structural mass. Therefore, taking
into account only the structural mass optimization leads to great variability in terms
of cross-sectional areas which means a raise in the number of bars. Moreover, a great
number of bars results in a low exploitation rate which means a lot of waste material.
By comparing the two scenarios in (a) we have the use of 8 bars in the best results
meanwhile in (b) the quantity raises to 11 bars. The scenario (a) best solution trend
is more rigid (with more numerous and longer stagnation points) but is probably
due to the higher complexity of the problem.

In terms of structural mass, the average value of scenario (a) is 234 kg much greater
than scenario (b) which is an acceptable compromise because the gain in terms of
average stock mass in scenario (a) is about 583 kg. The standard deviations of the
results are a little high in both scenarios (less in terms of stock mass in scenario (a)
and lower in structural mass in (b)) due to the high variability of the problem.

Unfortunately, the difference between the two scenarios is not high as in the previous
case study and, for this reason, an ulterior simplification of the model is performed

in the next case study.



Attempt Cross-sectional areas [mm?] Number of bins

Structural Stock Waste
Mass [kg] Mass |kg] Mass |kg]

[ 6910, 8740, 6570, 10000, 2640, 3760,

1,1,1,1,1,1,1,1, 1,1, 1] 294801  5592.07  2644.05
1560, 371, 810, 820, 5310, 3760] L1111, L L L

[4020, 4020, 2960, 5890, 8260, 5940,

) 659, 5040, 1050, 1120, 373, 950 L LI L LI L LI 206638 520243 233605
5 [ 52%94%7 14%24(?01’826%(?05929%%0{18270%04957%9])07 1,1,1,1,1,1,1,1,1,1,1] 302407 551824  2494.17
A [826(;%: i%é% ‘;711)(’)’152;?4;20502%?0’ 1,1, 1,1, 1,1, 1,1, 1,1, 1] 2786.95  5143.67  2356.73
] R T
6 [4577127 53775,021687101’075 §§§,021 53505 sgg]o’ 1,1,1,2, 1,1, 1,1, 1] 327278 5410.85  2138.07
- Ngig; 18888 zggol ;lgg’% 38725 25140’ 1,1,1,1,1,1,1,1,1,1] 335413 573195  2377.82
< [i’f;g% 3;363% 635;2% ng% 1212073172%(]) 2.1,1,1,1,1,1,1,1,1] 255210  4957.51  2405.41
0 [531}&0 ?1228%1 %12%’7 5896%?’423?01’7?%?0’ 1,1,1,1,1,1,1,1,1,1,1] 262045 526425  2643.80
0 6290, 11300, 5030, 6910, 9860, 2520, | 1 L ) 990673 533408 2037.34

6910, 1120, 1120, 810, 340, 6290]

Table 4.16: Structural Optimization via CSP results of 10 runs for symmetric Warren. Scenario (a)
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Attempt Cross-sectional areas [mm2] Number of bins ?\j{j;?;ﬁ;l Mizgc[ll{(g] M\azassrl‘jg]
1 [37510%7 821114%’ tzlo‘?’ggol’o%o{éﬁoo’ 111111111111] 283833  G6097.33  3259.00
2 [1452410(?’5773770(?’1313210(?’1%9610(?’31250(?01’0601020(]]’ [111111111111] 2800.97 6225.44 3424.47
3 [26;1’(7)’8,4(8);8: ggg?&?g;?’gég?gg%s;lo’ 111111111111 2748.27 5679.44 2931.17
4 [3?;15%’0 717?; 77%170352%0612205351:)]70 111111111111] 262077  5668.60  3047.83
5 [206906’;92%%’ Aﬁ? 6;902705’7%17?45052 9105]500’ 111111111111 276400  6320.94  3556.94
6 [1gé?’?gzgf)’é;é?’1323?’135?’1f;ég]’ 211111121 1] 9806.83  6342.02  3535.18
7 [653??6,33(?3: f?f(()]: 2(7);8: 525?74;83]007 [11111111111] 2805.83 5842.75 3036.93
8 [5258507,3;&7435;’ 565;70’53;12;3;&60’ 1111111211] 930522 4610.62  2215.40
9 [12158,?6’63;8: gjé)’oé;g?lgi;&?g;?&go’ [T11111111111] 292251 6132.30 3209.79
10 [5770, 7120, 8540, 5990, 8760, 9LL0, 14y y 1) oareor sdoar2 202775

1370, 1390, 1710, 1120, 810, 4210|

Table 4.17: Traditional Structural Optimization results of 10 runs for symmetric Warren. Scenario (b)
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4.5 Case study 3: 4 member types Warren truss

Within this section, a further reduction of the design variables regarding the previous
model was implemented. The structure is the same as in case study 2 but all the
members are grouped into 4 groups which have 4 different cross-sections. In this
way, the design variables are only 4 and the computational effort is reduced.

The section is divided into two subsections, the first show the model definition and
the set of algorithm parameters and, afterwards, another subsection exposes and

discusses the results.

4.5.1 Model definition and parameters’ setting

This case study is a simplification of the previous one. As it is possible to see in
Figure 4.24 all the members are previously grouped into 4 cross-sectional classes
based on the structural behaviour. The four classes are the lower chord, the upper
chord the internal web and the external web. The only modification is this radical
reduction of the design variable meanwhile the problem statement of the other model
and optimization characteristics are equal to the one exposed in case study 2. The
final aim of this assumption is to reduce the design variable and to force the grouping
of the bars in order to exploit better the stock material.
-

T cross-section

/7 CSH EN10210

ol
/ external web
/

/

/

/) <\ lower chord
7 Py l Py P Py J Py 7
2400

Figure 4.24: Configuration of the Warren truss under analysis, the members are
divided into 4 cross-sectional areas which are the 4 design variables, measures are

=4000
Hmin=1000
0

Hmax

expressed in millimetres (mm)

In the following tables (4.18, 4.19) are summarized the characteristics regarding

the model properties in the first one and the setting parameters in the second table.
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Parameter Value
Modulus of elasticity of steel E 210000 M Pa
Steel density p 7.85 t/m?3
Loading lower chord nodes P 240 kN
Length of purchased bars (bins) Ly;, 15 m
Number of design variables 4

Bounds of design variables (Apin, Amaz)  [182, 24700] mm?

Table 4.18: Model assumption relative to the symmetric Warren truss.

Parameter Value

Maximum number of iterations 200

Number of individuals per population 300

Areas excluded if unfeasibility condition isn’t satisfied 5 smaller DV
Mutations’ probability 5%

Proportional children 1 child for each parent
Stagnation condition 20 iterations

Table 4.19: Optimization algorithm parameters set by the operator.

4.5.2 Results and discussion

As in the previous case study, two optimization scenarios are investigated by per-

forming 10 runs per scenario (for more detail see case study one):
e Scenario (a): optimization by considering CSP (minimization of the stock).

e Scenario (b): optimization via traditional approach (minimization of the struc-

tural mass).

Scenario (a)  On following the results of scenario (a) with 4 design variables

are exposed. For more detail about the 10 runs see table 4.22.

Stock Mass (OF) |kg] Structural Mass [kg] Mass Waste [kg|

Best 2656.44 2189.96 466.48
7 2770.02 2265.11 504.91
o 98.30 73.80 37.38

Table 4.20: Result of the 4 DV Warren optimization via CSP approach (a)
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Figure 4.25: Optimal cutting pattern derived by optimization via CSP scenario (a)
- 4 DV Warren
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guided-sampled Genetic Algorithm (GA)
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Figure 4.27: OF violation for each iteration related to Scenario (a) - 4 DV Warren
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Figure 4.28: OF stagnation for each iteration related to Scenario (a) - 4DV Warren
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guided-sampled Genetic Algorithm (GA)
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Figure 4.29:  OF unfeasibility for each iteration related to Scenario (a) - 4 DV

Warren

In this case, the stock representation (Figure 4.25) shows that the rate of ex-

ploitation of the bars is the maximum that it is possible to attain. It is interesting

to notice that all the 10 runs give as a result the grouping in three classes of areas

because the two external webs are simply allocated in one of the other three existing

bars. Another indicator of the algorithm’s goodness is the decrease of the standard

deviations both in stock and structural mass which means that the results tend to

converge to similar results. Also, the waste mass is much lower than in the previous

case study.
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Scenario (b) On following the results of scenario (b) with 4 design variables are

exposed. For more detail about the 10 runs see table 4.23.

Stock Mass [kg]

Structural Mass (OF) [kg|

Mass Waste |kg]

Best 3109.78
1 3282.09
o 222.82

979.33
1135.67
215.64

Table 4.21: Result of the 4 DV Warren optimization via traditional approach (b)

15000
- !
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Length [mm]
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Minimum weight optimization (b) -
4 cross-sectional groups Warren

—

Figure 4.30: Optimal cutting pattern derived by traditional optimization scenario

(b) - 4 DV Warren
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Figure 4.31:  OF best solution for each iteration related to Scenario (b) - 4 DV
Warren
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Figure 4.32: OF violation for each iteration related to Scenario (b) - 4 DV Warren
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In scenario (b) the results are a little bit worse than in (a). The increment
is almost in all the runs of only one bar. These results are due to the fact that
algorithm (b) uses the groups imposed from the operator without the merging of
the external webs cross-sectional areal class with another of the three other classes.
The principal thought that comes from this outcome is that the traditional structural
optimization itself works well and the impact of the CSP optimization, in this case,
is minimum.

Therefore, the CSP algorithm in this case has more of a function of finding the best
set of cutting patterns instead to group the items’ areas which are similar to the one
chosen by the traditional structural optimization (in fact the structural mass is very
similar between the two scenarios). A noticeable value is the standard deviation

which increases in scenario (b).



Attempt Cross-sectional areas [mm?] Number of bins ?\EIZ;?H:;]I Mzsxz(s)c[ll({g] M\;\;TJ[EI;]
1 [4210, 5310, 1370, 5310] 2, 2, 3] 2236.80 272591  489.11
2 [4970, 5280, 906, 4970] 2, 2, 3] 2234.99 2733.92  498.93
3 [4210, 5940, 1120, 5940] 2,2, 3] 229420  2785.96  491.77
4 [4500, 4710, 2060, 4710] 2, 2, 3] 2361.53 2896.65  535.12
5 [4030, 6120, 906, 4030] 12, 2, 3] 2163.95 2710.37  546.42
6 [3710, 5890, 1120, 5890] 2, 2, 3] 2189.96 2656.44  466.48
7 [4210, 6120, 680, 6120] 12, 2, 3] 2208.85 2672.93  464.08
8 [4500, 5990, 1390, 4500] 12, 2, 3] 2381.09 296141  580.32
9 [4020, 5890, 1120, 5890] 2, 2, 3] 2248.37 2729.44  481.08
10 [5280, 4670, 1370, 5280 12, 2, 3] 2331.39 2827.18  495.79

Table 4.22: Structural Optimization via CSP results of 10 runs for 4 cross-sectional type Warren. Scenario (a)
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Attempt Cross-sectional areas [mm?] Number of bins ?\EIZ;?H:;]I Mzsxz(s)c[ll({g] M\;\;TJ[EI;]
1 [4030, 5990, 862, 4210] [2231] 2136.60 3159.94  1023.34
2 [5030, 4710, 965, 4070] 223 1] 2136.63 3113.90  977.27
3 [5030, 5280, 869, 3360] [2231] 2179.56 3130.62  951.06
4 [4670, 5280, 641, 5890] 2231 2137.61 3263.21 1125.59
5 [4500, 5030, 869, 5890] [2231] 2127.14 3244.84  1117.69
6 [4710, 4670, 810, 9110] 2231 2203.87 3567.83  1363.96
7 [4210, 4970, 1050, 5990 223 1] 2116.05 3238.13  1122.07
8 [4970, 5010, 810, 4020] 2231 2130.44 3109.78  979.33
9 [5280, 4710, 733, 5010] 223 1] 2152.68 3201.50  1048.82
10 [5030, 5030, 679, 5010] [53 1] 2143.65 3791.20  1647.55

Table 4.23: Traditional Structural Optimization results of 10 runs for 4 cross-sectional type Warren. Scenario (b)
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Chapter 5

Conclusion

In this thesis, a novel procedure for the optimization of steel truss structures has
been introduced to evaluate the minimum number of bins (total mass of purchased
steel bars) and the optimal cutting pattern of a stock of elements by solving the
Cutting Stock Problem (CSP).

After an introductory part which gives an overview of the scientific literature con-
cerned with Structural Optimization techniques which investigate the minimization
of the cost related to the structure, the mathematical formulation of the Cutting
Stock Problem in particular the Column Generation methodologies was explored in
detail.

Given the necessary prerequisites, the Structural Optimization via CSP developed
by the author and supervisors of this thesis is exhibited. The new Structural Opti-
mization aims to minimize the total mass of purchased steel bars by a GA-based size
optimization algorithm. The number of bars requested by the objective function is
obtained through a CSP column generation code which allocates all the items of the
truss under analysis in an optimal way:.

Thereafter, some application case studies are investigated for testing the goodness
of the algorithm. To have effective feedback the Stock obtained by the Structural
Optimization via CSP is compared with the stock obtained by a traditional Struc-
tural mass minimization.

In the first case study, which is a simple 10-bar truss used as a benchmark, the
algorithm gives satisfactory results. The 10-bar truss under analysis is very simple

and the bars have a capacity of a maximum of 2 items per bar. Nevertheless, the ex-
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ploration of the domain of solution is very simple due to the standard cross-sectional
list which has a small number of cross-sections, a small number of unfeasible solu-
tions and a constant interval between two consecutive areas.

The two next case studies are a 23-bar Warren truss which is modelled in two dif-
ferent ways: as a symmetric truss that almost halves to 12 design variables and as a
4 cross-sectional areas truss (reduce the design variables to the upper chord, lower
chord, external and internal web cross-sections). The problem, in this case, is more
interesting because of the complexity of the problem that arises (i.e. the number
of items per bar, more different items’ lengths and a bigger solution domain) and
hence the usefulness of the optimization. Due to the innate complexity of the ques-
tion, the exploration capability of the algorithm is incremented. With respect to the
10-bar truss the solution of the symmetric Warren gives worse results. Probably the
principal cause is the solution domain correlated whit the standard cross-sectional
list used for the Warren which has a greater number of areas with also a greater
percentage of unfeasible solutions and a variable interval between two consecutive
solutions. To reduce the variability of the algorithm the 4 cross-sectional areas truss
model was created. As expected, forcing the grouping of the area more allows the
collection of more items bars and has good results.

The limit of this work is a high variability of the solution due to the innate complex-
ity of the problem, the request for a preventive grouping for more complex structures
and the rigidity of the algorithm which have lots of stagnation point across the it-

erations.

5.1 Future developments

Since the CSP is a problem strictly related to the length of the items and of the
bins it would be interesting in the future to add the lengths of the elements to the
optimization design variables in order to obtain a size and shape optimization.
Another interesting aspect is to differentiate the length of the purchased bars in
order to buy the bar typology which guarantees the minimum waste of material.
Moreover, this thesis treats only the weight as the objective function of the struc-
tural optimization, it would be useful to explore more the CSP utilization in cost

minimization problem which takes into account more economic factors (i.e. fabrica-
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tion cost, connection cost and maintenance).

A further development is to consider the environmental impact of the minimization
of the stock bars by a life cycle assessment and/or an objective function which min-
imize the emission by implementing the optimization of the various environmental

indexes.
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