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Preface
‘Why, so often, do we build what no one wants?’
‘Why, so often, do engineers optimize their solution only on subsystem mechanical properties and disregard stakeholder’s preferences?’
‘Why, so often, do policy maker keeps the decision making process
in-transparent resulting in insufficient socio-eco purpose’?
These are typical questions arising from real-life experiences
within the built environment practice. The actual answer to these
questions is that engineering design and decision management are
often being solved from a one-sided viewpoint, disregarding that
the problem nature is wicked, integrative and multi-faceted. Misrepresenting this complex and interconnected problem nature results in what we call ‘ bridges to nowhere’ solutions. It therefore
requires a participatory process which does justice to both the hard
and the soft aspects of system development. So, truly connecting
and closing the gap between human preferences, engineering assets behavior using transparent and open design models is crucial.
These models offer unprecedented opportunities and ‘bridges for
anywhere’ solutions within a complex socio-technical systems development context.
The purpose of the Open Design Systems approach is to foster
adoption of engineering artifacts in our future society by following
an interdisciplinary and multi-systems level approach supported
by sound mathematical open glass box and open source models as
the means of observation and perception. Here, systems thinking
and a stakeholder-oriented focus is required to search for different
v
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solutions within an open-ended solution space, uniting both feasibility (technics) derived from the object properties and desirability
(economics) derived from each subject’s objectives. This will result
in an open dialogue and co-design approach that enables a priori
best fit for common purpose design synthesis dissolutions rather
than a posteriori normative design compromise absolutions.
It is important to note that this approach is based on sound
mathematical engineering design modeling and optimization. More
specific, it is based on the principles of Preference Function Modeling (PFM). PFM is a mathematical economics theory which removes fundamental modeling errors, including in the classical decision and utility theories (e.g. Pareto). This is not simply a calling
out of erroneous work - rather, PFM provides proof and solutions
that enable pure open systems engineering design. This PFM based
design methodology has led to the development of a state of the art
design optimization tool the Preferendus, which has recently been
published by the authors of this book.
The purpose of this book is twofold. The first purpose is to
demonstrate the potential of the Preferendus in the specific domain
of interest of the reflective practitioners, such as transportation,
water management, energy and real estate. The second purpose
is to incite MSc students form different engineering backgrounds
(civil, offshore, architectural, construction management engineering) with the open design systems methodology and methods. This
book is part of the reference material for a substantial number of
TU Delft MSc courses of both the Civil Engineering and Architecture & Built Environment master programs.
All of these courses are being conducted along the principles
of the state of the art educational Open Design Learning concept
(ODL). ODL is a constructivistic and experiential learning approach
(“learn to design by real-life designing”) where students actively
develop new solutions originating from their inner and outer designs. It forms the fundamental basis for creating ‘open, integrative
and persistent learners’ concerned about dissolving future world
problems.
Open Design Systems is abbreviated as ‘Odesys’. The name
is not only an abbreviation, but is also thought to have derived
from Odysseus, who was a legendary Greek king of Ithaca and one
of the most influential Greek problem solving champions. To be-
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come a true Odesys engineer, three typical sayings from the famous
Odysseus stories might be companions on your personal problem
solving journey:
• ‘Find an Odysseus ruse, like the Trojan horse‘, meaning a creative
way out of a seemingly insoluble problem;
• ‘Be able to choose between Scylla and Charybdis‘, meaning how
to find/secure the golden mean even in the case where one
has to (merely) balance between ‘two evils’;
• ‘Make use of Cassandra information‘, meaning a prophecy of
doom that later proves to be correct and in particular based
on true relevant information that one should not or does not
want to hear.
Last but not least, for more information the interested reader is
referred to:
open-design.school
Delft,
July 2022

odesys.nl
Dr.ir. R. (Rudy) Binnekamp
Prof.dr.ir. A.R.M. (Rogier) Wolfert
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Introduction
The Open Design Systems approach is formally a methodology
for developing best fit for common purpose design/decision solutions. Before explaining the Open Design systems methodology
we need to first provide its position within the research and development context. We argue that this requires a new type of engineer: the so-called z (Zeta) engineer that is educated according
to the principles of the Open Design Learning (ODL) concept, see
Binnekamp et al. (2020). ODL is a constructivistic and experiential
learning approach (“learn to design by real-life designing”) where
students actively develop new solutions originating from their inner and outer designs. It forms the fundamental basis for creating ‘open and integrative learners’ concerned about solving future
world problems. In Part I we elaborate on the specific position of
the z engineer.
These z engineers have to be equipped with a methodology that
bridges the gap between engineering asset behavior (feasibility related to the object) and human preferences (desirability related to
the subject). In other words, they need an open design/decision
methodology enabling socio-technical systems integration on all
relevant levels using pure mathematical optimization modeling.
We argue that the typical engineer usually focuses purely on
the technical and mainly object-oriented aspects. However, we are
convinced that the open design systems z engineer has to follow a
pure system’s engineering approach that requires the integration of
both social and technical aspects. That is, taking the societal stakeholder desires as starting points to later on determine which feasible engineering system is best fitting to dissolve the design/decision making problem.
1

Draft educational use only
2

INTRODUCTION

This new methodology is on its most conceptual level consists
of the following three levels (Figure 1):
• Feasibility - parametric engineering object behavior (physicalmechanical/hard/technical);
• Integrative - interface between subjective objectives and object behavior;
• Desirability - subjective objectives in relation to stakeholders’
preferences (psychological/soft/social).

Figure 1: The need for connecting and closing the gap between engineering asset behavior (feasibility related to the object) and human preferences (desirability related to the subject).

In Part II we will develop the so-called Preferendus based design/decision methodology that captures this socio-technical systems integration.
The book is therefore split in two parts along these lines:
Part I Position of the Open Design Systems engineer in the R&D
context. The working domain of the z engineer.
Part II Description of the Open Design Systems methodology. The
working methods/tools of the z engineer.
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Reading guide
Part I starts with the identification of the formal differences between the domains of civil/building engineering and construction
management. This is followed by the identification of the formal
differences between the scientist and the engineer (Chapter 1). We
then describe the basic process flows of research and engineering
(Chapter 2). Having distinguished between the domains of civil/building engineering and construction management on the one side and
having distinguished between the scientist and the engineer we
identify four quadrants. We show for each quadrant: 1) the relating
research questions and development statements, and 2) the related
research/development methods (Chapter 3). We end this part by
using this quadrant model to establish the working domain of the
z engineer (Chapter 4).
Part II starts with a few incitements that lead up to the Open
Design Systems development statement (Chapter 5). We then show
how a design/decision making problem can be formulated in terms
of a mathematical optimization problem (Chapter 6). We then use a
number of simplified design/decision exemplifying problems (i.e.
the exemplars) as key stepping stones to finally arrive at the best
practice for the Open Design common purpose design methodology (Chapter 7). The methodology consists of a number of steps
which are explained in Chapter 8. The Open Design systems approach is then demonstrated using real-life exemplars from the
reflective design, project and operations management perspective
(Chapter 9 and 10). We end with an overall conspection (Chapter 11).
To position the working domain and methods/tools/techniques of
the z engineer, some systems engineering terminology is required.
In the next chapter, before Part I, the main systems engineering
terms and definitions are introduced.
The Python code/templates for all exemplar design/decision
making problems in this book can be found on Github:
github.com/TUDelft-Odesys/Preferendus_core_scripts
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Setting the Scene
Before we introduce the Open Design Systems engineer, the methodology and its methods in Parts I and II, respectively, we will first
set the scene for the most important concepts, terms, principles
and definitions. These will be specifically colored for their prominent place within the Open Design Systems (Odesys) and Learning
(ODL) context. For the sake of clarity and to prevent confusing we
list these as a concise portal, and as used in this book.
Design
To design is to imagine and specify things that do not exist, usually
with the aim of bringing them into the world. The “things” may be
tangible – machines and buildings and bridges; they may be procedures – the plans for a marketing scheme or an organization or
a manufacturing process. Virtually every professional activity has
a large component of design, although usually combined with the
tasks of bringing the designed things into the real world. So how
does a designer reason? In a certain sense, design is the opposite of
induction. The aim of induction is theoretical knowledge; design
is aimed at a functioning thing. Induction is a process of abstraction and designing a process of concretization: innoduction (see
Roozenburg, Eekels (1995)). In contrast to research, designing is a
future-oriented action, where a new articulation is created from the
unknown (i.e., de-sign: ‘a not yet drawn mark’). So, the core of designing is the transition of a functional description of a new artifact
to the description of its true sense and form.
In addition to its meaning as a verb (to design or designing),
design can also be used as a noun. Design means (in a non-artistic
5
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sense) a plan or scheme in the mind (inner) for a potential realization in the observed world (outer). According to Steiner (1995),
development purpose is related to the inner human motive (i.e.,
‘the impulse that gets you in motion/ gets you motivated’) that
transforms a desire via an intent into a inner and/or outer design.
According to Ackoff et al. (2006), the so-called intentional or ‘idealized design’ serves as the motivator/stimulator for the devise and
design process. A true living dialogue in the space between subject
and object creates an open space where new designs can emerge.
Or in the words by Goethe: "only human can sense the interactive experience experiment as the mediator between subject and
object”.
The following formal definition of engineering design is the
most useful in the open design systems context (see Dym (2013)):
‘Engineering design is a systematic, intelligent process in which engineers generate, evaluate, and specify solutions for devices, systems, or processes whose form(s) and function(s) achieve ‘stakeholder’ objectives and users’ needs while satisfying a specified set
of constraints. In other words, engineering design is a thoughtful
process for generating plans or schemes for devices, systems, or
processes that attain given objectives while adhering to specified
constraints’. For further reading, see Ackoff et al. (2006); Bohm
(2004); Dym (2013); Roozenburg, Eekels (1995); Scharmer (2016);
Steiner (1995).
Science
Science, any system of knowledge that is concerned with the physical world and its phenomena and that entails unbiased observations and systematic experimentation. In general, science involves
a pursuit of knowledge covering general truths or the operations
of fundamental laws.
Science can be divided into different branches based on the subject of study. The physical sciences study the inorganic world and
comprise the fields of astronomy, physics, chemistry, and the earth
sciences. Social sciences like anthropology, psychology, management and economics study the social and cultural aspects of human behavior. For further reading, see Bohm (2004); Bortoft (1996);
Roozenburg, Eekels (1995); Simon (2019).
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Engineering
Engineering is the strive for optimum conversion of the resources
of nature to the purpose of humankind. The field has been defined
as the creative process to design or to develop structures, machines,
apparatus, or manufacturing processes, or works utilizing them
singly or in combination; or to construct or to operate the same
with full cognizance of their design with respects to an intended fit
for purpose (quality of service)
The words engine and ingenious (i.e., ‘inborn nature’) are derived from the same Latin root, in-generare/-gignere, which means
“to create or generate / to give birth.” The early English verb engine meant “to contrive.” Thus, the engines of war were devices
such as catapults, floating bridges, and assault towers; their designer was the “engine-er,” or military engineer. The counterpart
of the military engineer was the civil engineer, who applied essentially the same knowledge and skills to designing buildings,
streets, water supplies, sewage systems, and other projects. For
further reading, see Blanchard, Blyler (2016); Dym (2013); Hastings
(2014); Wasson (2015).
Management
Management (or managing) is the art and science of managing resources of a project or service providers. Management is setting
the strategy of these organizations and coordinating the efforts of
its people to accomplish its objectives through the efficient and effective application of available resources, such as financial, natural, technological, and human resources. Two concepts are used
in management to differentiate between the continued delivery of
products or services and adapting of products or services to meet
the changing user needs. The term "management" may also refer
to those people who manage an organization—managers.
Management versus leadership
A manager is usually focused on controlling or dealing with situations, matter or people within the workplace which often involves
constantly reassessing and adjusting results to measure efficiency
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and improve effectiveness. Note that management differs from
leadership. Leadership tends to focus more on increasing common
purpose by motivating, inspiring and encouraging others to pursue an idealized design rather than ensuring tasks are completed
through management. So, management focuses on optimizing the
planning and execution of a process (fitness only on effectiveness
and efficiency), while leadership focuses on optimizing a system as
a whole (focus on fitness for purpose). For further reading, see Argyris, Schon (1995); Hastings (2014); Scharmer (2016); Schon (1987);
Senge (2006).
Systems Engineering
Systems engineering is an interdisciplinary field of engineering and
engineering management that focuses on how to design, integrate,
and manage complex systems over their life cycles. At its core, systems engineering utilizes systems thinking principles to organize
this body of knowledge and products.
System
A system is a group of interacting or interrelated elements that act
according to a set of rules to form a unified whole, from Greek
sust#µa, organized whole, a whole compounded of parts or a sum
of the vital processes in an organism. A system is composed of
sub-systems: e.g., in case of technical systems the sub-systems are
the engineering assets and in organizational/social systems these
could be the (sub)departments. One could even further zoom-in to
object /component or subject /person level respectively. A system,
surrounded and influenced by its environment, is described by its
boundaries, structure and purpose and expressed in its functioning: the so-called embedding systems dimensions. Systems are the
subjects of study of systems theory and other systems sciences. The
interested reader is further referred to Ackoff (1999); Blanchard,
Blyler (2016); Bohm (1994); Thom, Fowler (2019).
System classification
Ackoff (1999) classifies systems on whether or not the parts and/or
the whole is purposeful (also see Table 1:
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1. Deterministic systems in which neither the parts nor the whole
are purposeful.
2. Animated systems in which the whole is purposeful but the
parts are not .
3. Social systems in which both the parts and the whole are purposeful.
Table 1: System classification.
Systems & models
Deterministic
Animated
Social
Ecological

Parts

Whole

Example

Not purposeful Not purposeful Mechanisms
Not purposeful
Purposeful
Animals
Purposeful
Purposeful
Corporations
Purposeful
Not purposeful
Coral reef

Note that a system can represent both physical and non-physical
artefacts. Physical systems comprise of physical engineering assets
and their components. Non-physical artefacts can be management
systems such as planning/information/safety/etc. systems. The
interested reader is further referred to Ackoff (1999); Blanchard,
Blyler (2016); Hastings (2014).
System state
A set of variable values used to describe the behavior/performance
of a system. Also known as a system’s configuration. As an example think of a car’s throttle position that, as a variable, determines
the car’s overall speed. In case of a manual gearbox the overall
speed also depends on the selected gear, which is another variable.
For further reading, see Lorenzelli (1995); Thom, Fowler (2019).
Systems Thinking
Systems thinking is an approach that views an issue or problem as
part of a wider, dynamic system. It entails accepting the system as
an entity in its own right rather than just the sum of its parts, as well
as understanding how individual elements of a system influence
one another.
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When we consider the concepts of a car, or a human being we
are using a systems thinking perspective. A car is not just a collection of nuts, bolts, panels and wheels. A human being is not simply
an assembly of bones, muscles, organs and blood. The notion that
the system as a whole has properties provided by the elements,
that individual elements cannot provide is called emergence: i.e.,
‘the whole is more than the sum of its parts.
In a systems thinking approach, as well as the specific issue or
problem in question, you must also look at its wider place in an
overall system, the nature of relationships between that issue and
other elements of the system, and the tensions and synergies that
arise from the various elements and their interactions.
According to Ackoff (1999), systems thinking combines analysis
(zooming in) and synthesis (zooming out) in a three step process:
1. Identify a containing whole (system) of which the thing to be
explained is part.
2. Explain the behavior of properties of the containing whole.
3. Then explain the behavior or properties of the thing to be
explained in terms of its role(s) or function(s) within its containing whole.
A special type of systems thinking is part of the Goethenan science in which Goethe discerned a hidden relationship of system
parts that explains how one form can transform into another form
while being part of an underlying archetypal form or primeval phenomenon (Ur-phänomen). So, he proposed researchers and developers to seek the natural, lawful organizing ideas or archetypepattern behind specific natural phenomena or within (living) systems. They must adopt a more living, more humane, experiential
approach aspiring to enter into the living essence of the living system zoomed into its primeval phenomenon (i.e., which appears or
is seen as the basic element). The experimenter aspires to allow the
phenomena to reveal its inherent order and system laws. While
often invisible, these system laws are clearly objective, not subjective, and not invented by the experimenters. Goethe intuited the
practice of rational science promoted a narrowing and contracting interplay between humanity and nature. A special and typical Goethenan archetype is the human threefold of nerve (sense)/
rhythmic (heart lung) / metabolic (limbs) which can be zoomed in-
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/out within the human system (see Heusser (2016)). Finally, the
Sierpiński triangle (sometimes spelled Sierpinski), is a fractal attractive fixed set with the overall shape of an equilateral triangle,
subdivided recursively into smaller equilateral triangles. This is
one of the basic examples of self-similar sets—that is, it is a mathematically generated pattern that is reproducible at any magnification (zooming out) or reduction (zooming in). For further reading
see, Ackoff (1999); Bortoft (1996); Heusser (2016).
Problem solving and systems thinking
Ackoff (1999) identifies four methods of ‘problem solving’: 1) Absolve, 2) Resolve, 3) Solve, and 4) Dissolve. His point was that
the further you take your problem solving the more likely you
will make the problem go away forever. There is even an extra
twist: Absolving and Resolving do not count as solving the problem. Solving, though valid, involves current knowledge. If there
is a known solution one shouldn’t have to waste their time on it.
As a manager — a paid problem solver — only Dissolving problems is a worthwhile use of time. Dissolving requires an open and
non-conformist manager that is interested and connected to unknown problems and has the ability to develop new knowledge
and prospective expertise for a resilient future
A systems thinking approach to problem solving recognizes the
problem as part of a bigger system and addresses the whole system
in any solution rather than just the problem area. A popular way
of applying a systems thinking approach is to examine the issue
from multiple perspectives, zooming out from single and visible
elements to the bigger and broader picture. Systems thinking is
best applied in fields where problems and solutions are both high
in complexity.
Open versus closed systems
The open systems that we know of are systems that allow interactions between their internal elements and the environment. An
open system is defined as a “system in exchange of matter with
its environment, presenting import and export, building-up and
breaking-down of its material components. Closed systems, on the
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other hand, are held to be isolated from their environment. Equilibrium thermodynamics or dynamics of mechanical systems, for
examples, are fields of study that applies to closed systems. In social sciences, schematically, if there is an interaction or feedback
loop between ideal and material or subjective and objective then
the system is an open system, otherwise it is a closed system. A
closed system offers a deterministic relationship. The idea of open
systems was further developed in systems theory. For further reading, see Ackoff (1999); Blanchard, Blyler (2016); Bohm (1994); Glasl
(1998); Lievegoed (1980); Senge (2006).
Systems theory
Systems theory is the interdisciplinary study of systems, i.e. cohesive groups of interrelated, interdependent parts that can be natural or human-made. Every system is bounded by space and time,
influenced by its environment, defined by its structure and purpose, and expressed through its functioning. A system may be
more than the sum of its parts if it expresses synergy or emergent
behavior.
Changing one part of a system may affect other parts or the
whole system. It may be possible to predict these changes in patterns of behavior. For systems that learn and adapt, the growth
and the degree of adaptation depend upon how well the system is
engaged with its environment. Some systems support other systems, maintaining the other system to prevent failure. The goals
of systems theory are to model a system’s dynamics, constraints,
conditions, and to elucidate principles (such as purpose, measure,
methods, tools) that can be discerned and applied to other systems
at every level of nesting, and in a wide range of fields for achieving
optimized equifinality.
General systems theory is about developing broadly applicable concepts and principles, as opposed to concepts and principles
specific to one domain of knowledge. It distinguishes dynamic or
active systems from static or passive systems. Active systems are
activity structures or components that interact in behaviors and
processes. Passive systems are structures and components that are
being processed. For example, a program is passive when it is a
disc file and active when it runs in memory. The field is related
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to systems thinking and systems engineering. For further reading,
see Blanchard, Blyler (2016); Bohm (1994); Lorenzelli (1995); Senge
(2006); Thom, Fowler (2019).
Modeling
Modeling allows for better understanding of a problem and presents
a means for manipulating the situation in order to analyze the results of various inputs (“what if” analysis) by subjecting it to a
changing set of assumptions.
For general reading on ‘modelling’, see Ackoff (1999); Barzilai
(2022); Blanchard, Blyler (2016).
Model
A model is an abstraction of reality or a representation of a real object or situation. In other words, a model represents a simplified
version of something. It may be as simple as a drawing of house
plans, or as complicated as a miniature but functional representation of a complex piece of machinery.
A more usable concept of a model is that of an abstraction, from
the real problem, of key variables and relationships. These are abstracted in order to simplify the problem itself.
Model classification
Some models are replicas of the physical properties (relative shape,
form, and weight) of the object they represent. Others are physical
models but do not have the same physical appearance as the object of their representation. A third type of model deals with symbols and numerical relationships and expressions. Each of these
fits within an overall classification of four main categories: physical
models, schematic models (e.g. a logical diagram), verbal models,
and mathematical models.
Mathematical models
Mathematical models are perhaps the most abstract of the four
classifications. These models do not look like their real-life counterparts at all. Mathematical models are built using numbers and
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symbols that can be transformed into functions, equations, and formulas. They also can be used to build much more complex models
such as matrices ore linear programming models. The user can
then solve the mathematical model (seek an optimal solution) by
utilizing simple techniques such as multiplication and addition or
some more complex techniques such as matrix algebra or Gaussian
elimination.
Mathematical model classification
Mathematical models can be classified according to their use (description or optimization), degree of randomness (deterministic and
stochastic), and degree of specificity (special or general).
Mathematical optimization models
A mathematical optimization model is a mathematical representation of a real-world problem that is made up of three key features:
1) Decision variables that define the degrees of freedom, 2) Constraints that define boundaries that have to be respected, and 3)
Objectives that define the various (and often conflicting) goals to
be achieved. Within the optimization procedure a search is carried out to find the optimal configuration of decision variables that
does not violate the constraints and performs best in relation to the
objectives.
Multi-objective optimization
Multi-objective optimization is an area of multiple criteria decision
making that is concerned with mathematical optimization problems involving more than one objective function to be optimized
simultaneously. Multi-objective optimization has been applied in
many fields of science, including engineering, economics and logistics where optimal decisions need to be taken in the presence of
trade-offs between two or more conflicting objectives. Minimizing
cost while maximizing comfort while buying a car, and maximizing
performance whilst minimizing fuel consumption and emission of
pollutants of a vehicle are examples of multi-objective optimization problems involving two and three objectives, respectively. For
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general reading on engineering design optimization, see Hillier,
Lieberman (2020); Martins, Ning (2021).
Optimization problem formulation
In general, an optimization problem can be mathematically represented in the following way:
Given: a function U ( x, y) : A ! R from some set A to the real
numbers, where A is constrained by y.
Sought: an element x0 2 A such that f ( x0 )  f ( x ) for all x 2 A
("minimization objective") or such that f ( x0 )
f ( x ) for all x 2
A ("maximization objective"), where x or x0 are design/decision
variables.
Design/decision variables
The variables x that the designer or decision maker has control
over. A given set of these variables x 2 A values determine the
state of the design/decision system and is considered a design configuration. Design variables determine the degrees of freedom of
the design/decision system.
Constraints
In mathematics, a constraint is a condition of an optimization problem that the solution must satisfy: x 2 A, where A is constrained
by the domain conditions y. The set of candidate solutions that
satisfy all constraints is called the feasible set. So, in other words,
constraints are a fixed set of requirements which cannot be violated in a given problem formulation. Constraints divide all possible solutions in two groups: feasible and infeasible. The set of
candidate solutions that satisfy all constraints is called the feasible
set. Constraints, when related to the social science (subjects/ stakeholders), can be considered negotiable: soft constraints. Contrary,
constraints that are related to the natural sciences (objects/engineering assets) are not negotiable: hard constraints. Note that in
modern mathematical language, the domain A is part of the definition of a function rather than a property of it.
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Objectives
The function U is called an objective function, where the objective
is a goal-oriented requirement which is to be followed to the greatest extent possible (either by minimization or maximization) given
the problem’s constraints. The objective function is called a preference function or fitness function for maximization and a loss function or dissatisfaction function for minimization. A feasible solution that minimizes or maximizes, if that is the goal, the objective
function is called an optimal solution.
Solution space
The set of feasible design/decision alternatives i.e., a set of possible
candidate solutions, as defined by the constraints y (i.e., within the
constrained domain A). The domain A of U is called the search
space or the choice set, while the elements of A are called candidate
solutions or feasible solutions. Note that this set can be empty in
which case the design/decision making problem is infeasible.
Measurement
By an empirical system E we mean a set of empirical objects/subjects together with operations (i.e., functions) and possibly the relation of order which characterizes the property under measurement.
A mathematical model M of the empirical system E is a set with
operations that reflect the empirical operations in E as well as the
order in E when E is ordered. A scale s is a mapping of the objects/subjects in E into the objects in M that reflects the structure of E
into M. Measurement is the mapping of an empirical system E into
a mathematical system M. The purpose of modeling/mapping E
by/into M is to enable the application of mathematical operations
on the elements of the mathematical system M (see Barzilai (2022)).
Object
An object is something that is tangible and within the grasp of the
senses. A physical body or object, in physics, is an identifiable collection of matter. A physical object, in engineering, is often called
an engineering asset.
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Subject
A subject is an human, or a person, who has individual preferences,
who makes his/her own decision and has a free will.
Preference
Preferences are central to design/decision theory because of the relation to human behavior. Preference literally means "to esteem or
value (something) more than others, set before others in liking or
esteem" and directly from Latin praeferre "place or set before, carry
in front," from prae "before" + ferre "to carry”. So, preference is a
measure of human desirability. Preference is an expression of the
degree of ‘satisfaction’ or ‘well-being’, and it describes the utility
or value something provides. Or in other words, preference is the
property of individual interest and a measurement of subjectivity
which expresses the economic satisfaction (ophelimity): i.e. the fitness for purpose. Preference is also synonymous to choice/decision as one chooses/decides for those objects that one prefers (i.e.
one prefers A over B expressed as A
B). The meaning of preference scores can only be derived from their relative position for
which the ratio of differences is a real number expression. Scores
are expressed as real numbers (scalar or bare quantity) on a defined scale from, for instance 0 to 100, where 0 is mapped to the
‘worst’ alternative and 100 is mapped to the ‘best’ alternative. Note
that at least three alternatives are needed to determine valid preference scores. The mathematical preference modeling foundations,
including the economic theory, are laid down in Barzilai’s preference function modeling theory.
Moreover, the interested reader is also referred to Lacan’s psychoanalytic model of desirability/subjectivity (see Desmet). As
conative states, desires are closely related to preferences. The difference between the two is that desires are directed at one object
while preferences concern a comparison between different objects,
of which one is preferred over the others. A desire (i.e., a moral
wish rather than an instinct driven craving) is transformed via an
intent/interest into a preference-based decision/design (see Steiner).
Note that money is not a property of an object but relates to a human’s willingness to exchange money to satisfy desires related to
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the acquisition of the object and thereby a measurement of preference. Also note that economics in essence is all about balancing the fitness for purpose quality between supply and demand
(object-subject). For further reading, see the pure economics work
of Barzilai (2022) and/or Desmet (2019).
Preference function/curve
A function that relates objective design/decision variables (i.e., physical properties) values to subjective (i.e., psychological properties)
preference ratings. This function links the social sciences domain
(human subject) to the natural sciences domain (physical object).
The correct mathematical modeling of preferences within the context of proper measurement scales are found in the pure economics
work of Barzilai (2022).
Preference aggregation
Preference aggregation is a key principle within design/decision
making. It determines how individual preferences are integrated
in group decision making, which is thereafter reflected in the design. A straightforward and commonly accepted approach for the
aggregation of preferences is to use the weighted mean of the individual preference scores. However, this is not correct as the operations of addition and multiplication are not defined on these
preference scores (see Barzilai). Instead, aggregation of preference
scores should be done according the mathematical operations that
are defined in the one dimensional affine space. The overall group
preference score is the synthesis that provides the “best” fit of all
weighted (relative) scores for all different subjective objectives. In
other words, the correct way of preference score aggregation, according to PFM theory, is based on finding the aggregated preference score that minimizes the least-squares difference between
this overall preference score and each of the individual scores of all
stakeholders’ criteria. We use PFM because it is based on a mathematical well-founded theory of preference measurement. For doing so, we use the Tetra software which incorporates a solver based
on the before mentioned preference aggregation1 . Note that classical multi-criteria design/decision making analyses, including the
1 See

https://scientificmetrics.com
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Pareto analyses, which use the weighted arithmetic mean algorithm, contain modeling errors that render their outcomes meaningless.
Miscellaneous
Purpose
Purpose means "intention, aim, goal; object to be kept in view;
proper function for which something exists". Etymologically it is
equivalent to Latin propositium "a thing proposed or intended".
On- or ‘for purpose’ means "by design, intentionally". According to Steiner (1995), purpose is related to the inner human motive (i.e., ‘the impulse that gets you in motion/ gets you motivated’) that transforms a desire/wish via an intent/interest into
a (moral) design/decision. The intentional or so-called idealized
design serves as motivator/stimulator for the devise and design
process (see Ackoff et al. (2006)). Note this is one of the reasons to
develop the inner purpose via a self-chosen/motivated system of
interest as part of the Open Design Learning (ODL) concept.
Purpose is also directly linked to the concept of quality (i.e.,
Quality of Service, abbreviated as QoS). Fit(ness) for purpose is a
fair balancing act between user demand (wanted by the subject)
and engineering asset supply (offered by the object) and expresses
the system’s QoS (on product delivery and/or ongoing during operation), which is in essence a true economic balancing act. For
further readings, see Ackoff et al. (2006); Hastings (2014); Van Gunsteren (2013).
Principle of Reflection
The principle of reflection (see Barzilai (2022)) is an essential element of modeling that states that operations within the mathematical system are applicable if and only if they reflect corresponding
operations within the empirical system. For instance, the difference
between two time events (year numbers 2010 and 2020) is defined
because the operation of subtraction is defined in the mathematical
system (one dimensional affine space) that represents time. Conversely, the addition of two year numbers is not defined in the one
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dimensional affine space that represents time and therefore the outcome has no empirical meaning. In technical terms, in order for the
mathematical system to be a valid model of the empirical one, the
mathematical system must be homomorphic to the empirical system (a homomorphism is a structure-preserving mapping). In a
broader sense the principle of reflection also relates to the essence
of engineering design where modeling plays a very important role
as a reflection of the reality of object behavior. In most of engineering problems a reality test can be performed to check the validity of
the model. However, for mathematical modeling of human behavior in the social sciences such a test is not readily available. Therefore in the social sciences domain one has to resort to meticulously
scrutinizing2 each step in the process of sound modeling of human
behavior. This means that for the part of open design systems that
deal with human behavior, one needs to make use of mathematical
models that are based on proper axioms.
U model
The U-model forms the basis for the theory-U, which is a social design method based on the foundation of human experiences (integration of an open mind, heart and will) and more particular
the principles of human learning and development behavior (see
Scharmer (2016) and/or Steiner (1995)). The U-model was developed by Glasl (1998) as an open socio-technical process to come
from a phenomenological diagnosis of the present state to designs
for the future (drawing on Goethean / anthroposophical scientific
principles by Steiner). He described a process in a U formation consisting of three levels (technical and instrumental subsystem, social subsystem and cultural subsystem). In general, the U method
transforms observations into intuitions and judgments about the
present state and design/decisions about the future. The three
stages represent explicitly recursive reappraisals at progressively
advanced levels of reflective, creative and intuitive insights, thereby
enabling more radically open systems intervention and redesign.
The stages are a metamorphosis from: a) phenomena - picture (a
qualitative metaphoric visual representation), b) idea - purpose (the
2 See

L.A. van Gunsteren, “Continuous Adjustments and the Reality Test in
Managing Complex Projects”, JMPM, vol. 8, no. 1, May 2022.
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design idea or formative principle), and c) judgment - validation
(does this fit for?). The first three then are reflexively replaced by
better alternatives (new idea new image new phenomena) to form
the final design.
The U-model has been further transformed for educational purposes within the open design learning (ODL) method (see Binnekamp et al. (2020)). In this ODL process students are combine
both the human development principles of the U-model theory and
the engineering systems development principles according to the
V-model theory. These U and V models theories seamlessly connect the open human and systems development, mainly because of
their congruence. For further readings, see Glasl (1998); Scharmer
(2016).
V model
The V model is a logical model or graphical representation of a systems design/development life-cycle (see Blanchard, Blyler (2016)
or Wasson (2015)). It is used to produce rigorous design and development life-cycle models and engineering management models.
The V-model summarizes the main steps to be taken in conjunction with the corresponding deliverables within system validation
framework, or engineering asset/project life cycle design/development. It describes the activities to be performed and the results
that have to be produced during service or product design/development.
The left side of the "V" represents the systems design decomposition of requirements, and creation of system specifications. The
right side of the "V" represents systems integration of parts and
their final verification and validation. Note the formal distinction
between verification and validation. Where verification is focused
on checking whether subsystems meet their requirements, validation is focused on evaluating whether the system as a whole is
working as intended.A systems engineer compiles a verification
plan which describes how each subsystem will be verified against
its specific requirements. However, before the verification plan is
made a validation plan is compiled reflecting how the user needs
as part of the operational concept design will be operationally evaluated as a working system.
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Together with the U-model the V-model can be represented as
a W-model which truly connects the human devise & design U
model with the systems design and integrate V-model, into an integrative open systems development approach (life-cycle: devise, design, construct, integrate, operate). For further readings, see Blanchard, Blyler (2016).
Reflective practitioning
In general, a reflection process is termed as a cycle that needs to
be repetitive. The four aspects of the reflective cycle are to teach,
self-assess, consider, and practice. Reflective practice is said to be a
process to learn from and through experiences on-the-run for the
acquisition of new understandings and perceptions for practice.
Reflection is a fundamental part of learning and teaching. It generally aims to enhance your professional knowledge and actions.
The reflective practice is explained as a practice that helps a student to be aware of inherent learning and knowledge from their
experience. Concepts as double-loop learning, the learning society, and reflection-in-action are now a part of education language.
Note that where double-loop learning ‘was over its top or ended’,
U-model based learning started (see Scharmer). For further readings, see Argyris, Schon (1995); Palmer et al. (2010).
Living (design) dialogue
Dialogue assumes a conversation and a necessity to listen to the
other. Its creator/’father’ Martin Buber (see Kraemer (2003)) indicated that a real discovery of a true ’I’ lies in the encounter with
’You’, and ’I’ does not exist without a relation with ’You’. According to Buber dialogue constitutes the basis of Philosophy in general
due to the fact that it is the only effective form of communication
in contrast to one-sided expressions of opinions. In other words, in
the space between one and the other (subject-object and/or subjectsubject), a place can be found where new ideas can emerge. From
this principle arises the so-called design dialogue as part of the Umodel and or the ODL concept. A design dialogue is a way of ‘intuitive thinking’ via concentrative inter-sensing-acting on practice
that brings together awareness, insights as stepping stones towards
the creation of new design. This living design dialogue is an active
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‘inner’ dialogue with yourself and /or an ‘outer’ dialogue with the
model that represents the design problem. For further readings, see
Bohm (2004); Kraemer (2003); Palmer et al. (2010); Scharmer (2016).
Methodology versus methods
Methodology refers to the overarching strategy and rationale of
a research or development project. It involves applying from all
available methods those that are of interest to a specific research
or development project to arrive at the intended outcome (new
knowledge or new product). For the overarching Research & Development (R&D) methodologies, see the process flows in Chapter 2. Note that the Open Design Systems methodology is a particular coloration of this development process flow.
Methods are the specific tools, techniques and procedures which
one can use either to: 1) to collect data and investigate behavior (research) or 2) to devise the new engineering product (development).
For an overview of R&D method, see Appendix A. The interested
reader is further referred to Roozenburg, Eekels (1995).
Modeling and simulation
Simulation of a system is the operation of a model in terms of time
or space, which helps analyze the performance of an existing (science) or a proposed (engineering) system. In other words, simulation is the process of using a model to study the performance of a
system. It is an act of using a model for simulation.
For further readings, see Roozenburg, Eekels (1995).
Experimenting and observation
Experimenting is the systematic observation of an existing (science)
or proposed (engineering) system for the purpose of analyzing its
performance. It is congruent to simulation, however, experimenting does not make use of a model. It is an act of using an experiment for observation. For further readings, see Roozenburg, Eekels
(1995).
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Chapter 1

The Scientist and the Engineer
We will introduce a four quadrant model that helps the reader understand why construction management is different from civil/building engineering and what the difference is between science and the
engineering.
Where civil engineering practitioners mainly focus on the design of physical objects (bridges, tunnels, buildings, offshore facilities etc.), construction management practitioners are concerned
with organizing the actual design, construction and operating process and related activities (planning, budgeting, organizing, information, risk and safety, etc.).
1.1. Civil/building engineering and construction management
We start with the difference between civil/building engineering
and the construction management domain. This difference relates
in essence to the branch of science that one operates within. Figure 1.1 shows the so-called ‘hierarchy of the sciences’ taken from
Wikipedia. This figure shows the different branches and can be
used to explain what makes the civil/building engineering education domain different from the construction management education domain.
Civil/building engineering practitioners, concerned with civil/building engineering objects, mainly operate within the natural sciences,
more specifically, physics. Physics is a natural science that involves
the study of matter and its motion through space-time, along with
related concepts such as energy and force.
27
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Figure 1.1: The scientific universe (source: wikipedia.org).
Construction management practitioners, concerned with organizing or managing the design, realization, and operating process
of these objects, mainly operate within the social sciences. The social sciences are the fields of scholarship that study society. Management can be defined as the organization and coordination of
the (human) activities of business organizations in order to achieve
defined objectives. Management consists of the interlocking functions of organizing, planning, controlling, and directing a (human)
organization’s resources in order to achieve its objectives.
Note that the formal sciences operate completely in the domain
of the mind.
1.2. The difference between scientists and engineers
The second topic that we address is the difference between scientists and engineers. We can start with examining the origin of both
words and their definitions using Wikipedia.
The word science is derived from the Latin word scientia, meaning ‘knowledge’. Science is defined as a systematic enterprise that
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builds and organizes knowledge in the form of testable explanations and predictions about the universe. The word engineer (Latin
ingeniator) is derived from the Latin words ingeniare (‘to create,
generate, contrive, devise’) and ingenium (‘cleverness’). Engineers
are professionals who invent, design, analyze, build and test machines, complex systems, structures, gadgets and materials to fulfill
functional objectives and requirements while considering the limitations imposed by practicality, regulation, safety and cost.
It is important to make this distinction because the line of reasoning and end result that scientists aim for is fundamentally different from that of engineers. Where scientists strive for knowledge acquisition, engineers strive for technical action. This closely
relates to the two domains that humans function in: the domain
of the material reality and the domain of the mind. Given these
two domains we can distinguish two directions: 1) a process from
the outside to the inside (from the material reality to the domain
of the mind) - a process that we call knowledge acquisition - and,
2) a process from the inside to the outside (from the domain of the
mind to the domain of the material reality), we call technical action.
The process from the outside to the inside is directed towards acquiring new knowledge of the world. The process from the inside
to the outside is directed towards change of the world, i.e. creating/developing new engineering solutions, see Figure 1.2.
Methodology of technology
Action

Formal
logic

Reasoning

Mind

Matter

Autonomous
transformation
of nature

Material
logic

Knowledge acquisition
Methodology of science

Figure 1.2: Methodology of science and technology (source:
(Roozenburg, Eekels, 1995).
Both scientists and engineers start with a problem. This problem points to an unsatisfactory situation which one wants to change

Draft educational use only
30

CHAPTER 1. THE SCIENTIST AND THE ENGINEER

into a more satisfactory one.
For scientists the problem is that the available knowledge (a collection of factual statements about the world) is not aligned, or is
insufficiently aligned, to the empirical facts. The facts are unassailable; hence the aim of scientific research is to change, respectively
expand, the collection of factual statements (which appeared to be
insufficiently true), in such a manner that they align better with the
facts.
For engineers the problem at the onset is that the facts are not
aligned with our values and preferences concerning these facts.
And since (in the first instance) our values are unassailable, this
discrepancy leads to us making it our aim to change the facts, i.e.
changes to the material world. We want to create a material condition which does agree with our values and preferences. This requires technical action. Technical action requires technical means,
and these must be engineered, i.e. designed. Also see Figure 1.3.

Figure 1.3: Scientist vs. Engineer (incl. the U, V and W model for
the developer).
Note that engineering concerns human values and preference,
whereas science needs to be as objective - value free - as possible.
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Chapter 2

The Research & Development Framework
Now that we have distinguished between scientists and engineers
we also need to further define the related processes as they are
also completely different. Figure 2.1 shows the basic process flows
of scientific research and engineering development one beside the
other. We shall refer to these from now on as the research and development process flows, respectively.
It is clear that they resemble one another. They have the same
number of elements which, moreover, relate to one another in a
similar manner. One could conclude that technology is merely a
form of applied science and that, if you have scientific research, you
‘automatically’ have technology and engineering development. We
will show, however, that this train of thought, which is indeed
widely prevalent, is incorrect. In order to do so, we will explain the
essential methodical differences between the two process flows.
2.1. Two types of problems
We already stated that both process flows begin with a problem.
These problems appear to be different already:
• The research process flow is triggered by a discrepancy between current facts (derived from observations) and our existing knowledge. The aim of the process is adjustment of
our knowledge to the facts. In other words, we want to un31
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‘Researcher / scientist’
Methods of:
theoretical investigation
(study to evaluate)

‘Developer / engineer’
Methods of:
systems design
(action to create)

From matter to mind
Process of abstraction

From mind to matter
Process of concretization

Investigating to understand ...

Designing to enable ...

‘conjecture thinking’

‘design thinking’

Research gap:
Discrepancy between facts and
past knowledge
Context analysis empirical
observations and literature study

Development gap:
Discrepancy between current
capabilities and future values
Context analysis user needs and
literature study

Research Question:
(What/why/how is/are …?)

Development statement:
(To design an artifact that …!)

Observations (from the existing
empirical world)

Needs (for the new solution)

Gathering of relevant empirical
facts

Formulation of relevant design
requirements

Formulation of the new theory
(hypothesis)

Creation of a provisional design
(prototype)

Choice of research method(s)
Modeling / experimenting

Choice of development method(s)
Modeling / experimenting

Arriving at results / conclusions

Devising of solutions / products

Testing of results / conclusions
against empirical facts

Verification of solutions / products
against design requirements

Evaluation
results against
observations

Validation
solutions
against
needs

New scientific theory added to the
body of knowledge
(by induction)

New engineering/management
system added to body of products
(by innoduction)

Figure 2.1: The research and development process flows (expanded
and further developed from Roozenburg, Eekels (1995).
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derstand something that we do not fully understand now.
This is the scientific knowledge acquisition process.
• The problem at the onset in the development process flow
is a discrepancy between current capabilities and our values.
The aim of the process is adjustment of current capabilities
(by means of the engineered system) to our values and preferences. In other words, we want to be able to do something
we cannot do yet by changing the material world. This is the
engineering design process.
2.2. Observation versus needs
Research occupies itself with the existing real world and with our
representation thereof in factual statement. Development, on the
other hand, occupies itself with a not yet existing, but (hopefully)
feasible world, or worlds.
The observation phase in research originally started with the
observation of facts from the empirical world that did not agree
with existing theory. In order to improve the theory, we need more
than the establishment of one or a few ‘anomalous’ instances. We
therefore need purposeful observation to show that the facts indeed do not agree with existing theory. This phase leads, by means
of induction, to the construction of a hypothesis.
The analysis phase in development is aimed at possible worlds
guided by our needs. In this phase one can ask oneself in reasoning under what conditions a world that has been thought up will
be both feasible and desirable. This phase leads, by means of deduction, to the set of requirements that the engineered system will
be judged upon and a provisional design prototype as a first functional impression of the solution to the problem.
Note that both the construction of a hypothesis and the creation
of a prototype require creativity.
2.3. Results versus solutions
The following two parallel elements of the two process flows are
‘results’ and ‘solutions’.
It should be possible to derive the phenomena to be explained
or predicted by means of deduction, from the theoretical relation-
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ships acquired from induction. This is what one tries to do in the
‘deduction phase’. We can state that deduction in the research process flow leads to a categorical explanation and/or prediction of
one or some aspects of reality. Arriving at results is done by means
of a chosen research method. The results will be tested against the
hypothesis to prove the general validity of the new theory. The
application of development methods will lead by means of ‘innoduction’1 to a provisional solution that meets the user needs. This
is what will be verified against the requirements. AppendixA contains an overview of research and development methods.
2.4. Testing versus verification
Testing within scientific research can direct itself to the explanatory
power or the predictive power of the postulated laws or theories.
In view of the inductively acquired hypothesis, deductively a prediction has been made (with or without the help of an experiment)
on facts to be observed in the future. In the testing procedure these
facts are observed and compared with the prediction. Does it fit the
observations? If not, to what extent do the observations ‘support’
the hypothesis, that is how ‘true’ is the hypothesis?
During verification in the development process flow, comparisons are made as well, albeit not between fact and theory, but between (simulated) system behavior and the desired behavior of the
system to be developed. Does the engineered system meet the requirements on all system levels? If not, what adjustments need to
be made to (parts of) the system?
2.5. Evaluation versus validation
In the research process flow ‘evaluation’ does not judge only on
how well predictions fit observations. A decision is also taken
of whether the goal laid down, (improved theory) has been sufficiently attained, or whether more observations are required. Hence,
the feedback arrow which runs in Figure 2.1 from the element of
‘evaluation’ back upwards. But if the evaluation has been satisfactory, it is decided to add the knowledge which the process has yield
1 See

Section 4.4 of the book of Roozenburg and Eekels on Product design for
further information.
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to the acreage of knowledge in the domain of the mind. Usually
this takes place more explicitly in the form of a scientific publication.
In the development process flow we encounter the element ‘validation’ at this level. As with research, validation does not judge
only on whether or not the obtained solution meets the requirements, but also on whether the goal laid down, (improved system), has been sufficiently attained, or whether an adjustment of
the needs is required. And finally, the decision can refer to choosing an attractive alternative from the collection of generated solutions. The process ends with the yield of a number of acceptable
solutions, or - one decision step further - with the manufacturing
or implementation of the most attractive solution, i.e. engineered
system.
2.6. Conspection on scientific research
Any scientific theory lasts only until it is replaced by a ‘better’ one.
This negation principle is based on Popper’s falsification principle.
A theory like ’all swans are white’ is a theory that satisfies Popper’s
principle because it is falsifiable. The theory holds until the first
non-white swan is seen. An important consequence of Popper’s
principle is that a theory can never be seen as the ultimate truth.
A statement such as ’the science is settled’ is therefore contrary to
Popper’s principle.
The question then is how ’better’ is defined as the motivation
to exchange the old theory for the new one. For this, ’Ockham’s razor’ is used. Ockam’s razor is a principle that states that when two
explanations exist for the same phenomenon, the simplest explanation should be chosen. The principle of scientific progress is not
complicated. A theory is used as an explanation for phenomena in
reality.
A useful example is the transition from the geocentric model
of the universe to the heliocentric model. The old theory was that
the Earth is at the center of the universe. However, this theory
could not be used to explain why some planets exhibit retrograde
motions. For example, Mars moves from right to left, but sometimes this movement is reversed, after which the planet continues
from right to left. In order to be able to explain these movements,
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a complex system was used. Epicycles played an important role in
this. These are auxiliary circles to be able to explain the retrograde
movements.
A new theory, where the sun was placed in the center, could explain these movements without having to use complicated models
such as the epicycles. The new theory thus satisfies the principle of
Ockham’s razor and must be preferred over the old theory.
Reproducibility is a core principle of scientific progress. Scientific claims should not gain credence because of the status or
authority of their originator but by the replicability of their supporting evidence. Scientists attempt to transparently describe the
methodology and resulting evidence used to support their claims.
Other scientists can agree or disagree whether the evidence supports the claims, citing theoretical or methodological reasons, or by
collecting new evidence. Such debates are meaningless, however,
if the evidence being debated is not reproducible.
In 2005 renowned scientist John Ioannidis published a paper
with the title “Why most published research findings are false”2 . In
the paper he expressed his concern that most current published research findings are false. The Reproducibility Project showed that
he was right. This was a project that attempted to replicate findings
in 100 studies from three leading psychology journals published in
the year 2008. Only 36% of the studies could be replicated with
significant results.
The reproducibility project draws attention to a major problem.
A survey of nearly 900 members of the American Society for Cell
Biology (see go.nature.com/kbzs2b) revealed that a minority of respondents reported ever having tried to publish a replication study.
When work does not reproduce, researchers often assume there is
a perfectly valid (and probably boring) reason. What’s more, incentives to publish positive replications are low and journals can
be reluctant to publish negative findings. In fact, several respondents who had published a failed replication said that editors and
reviewers demanded that they play down comparisons with the
original study.
2 John

P. A. Ioannidis (2005) Why Most Published Research Findings Are
False, CHANCE, 18:4, 40-47, DOI: 10.1080/09332480.2005.10722754
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2.7. Conspection on engineering design
Science deals with objective explanations of natural phenomena as
stated before. Human values ideally have no place in this process.
The opposite holds true for engineering development. The process
of engineering development is initiated by a subjective discrepancy
between what human society wants and what the current state of
technology has to offer. What is considered the ‘best’ engineering
solution is also subjective as it depends on human individual values and preferences. Therefore there can be no single objective best
solution.
As David Hume already put it in 1882: “Beauty is no quality in
things themselves: It exists merely in the mind which contemplates
them; and each mind perceives a different beauty. One person may
even perceive deformity, where another is sensible of beauty; and
every individual ought to acquiesce in his own sentiment, without
pretending to regulate those of others. To seek the real beauty, or
real deformity, is as fruitless an inquiry, as to pretend to ascertain
the real sweet or real bitter.”
Designing leads to the blueprint of the product plus directions
for its particular use. These in turn are, as a description of a larger
class of possible realizations, of a general nature. Therefore engineering designing follows a line of reasoning from general to general which is called innoduction. Note that this innoductive line
of reasoning is also applicable to pedagogy. For more detailed information, see the before mentioned book of Roozenburg, Eekels
(1995).
Ideally the final design best represents all stakeholders values
and preferences. In that case the optimal design solution is a mirror
of all stakeholders values and preferences. The validation step is
where this check is carried out: Does the proposed design solution
indeed meet the users demands and wishes?
2.8. Final conspection
The formal distinction made in this chapter between the scientist/researcher and the engineer/developer does not imply that they work
entirely in their own specific cycles and that and that the work of
a researcher has no development components at all, or vice versa
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that a development/design project has no research component at
all. So for example, it is not uncommon that, before the start of a
design process, more knowledge is required. For the acquisition
of this knowledge the research cycle can be used. For instance, in
order to optimize an engineering system, the relation between the
different engineering variables needs to be better understood. In
other words, it can be that the engineer needs to carry out some
(minor) research as part of the development process. We do emphasize that in that case the research cycle precedes the development cycle and the line of reasoning for the research cycle will be
opposite to the development cycle as mentioned earlier. The main
focus of the engineer, however, will be on the development cycle.
Conversely, a researcher may need to design a specific experiment
to answer his main question or to prove a hypothesis. For this, the
researcher can go through a (mini) development cycle as part of the
research process. The latter should not be referred to as ’research
by design’, which is a misleading term in the context of research
and development, because the main focus of the researcher is to
acquire knowledge, which is done by designing an experiment in
this example (as part of the research method).
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Chapter 3

Scientific Research & Engineering Development
We have now distinguished between the physical and social sciences and also between scientific research and engineering development. This allows us to define a research and development framework containing four types of R&D domains.
3.1. The 4 quadrant R& D model
Figure 3.1 shows the distinction between: 1) the research-oriented
approach aimed at understanding, focusing on either physical objects or human organization processes, resulting in new knowledge
and, 2) the development-oriented approach aimed at enabling, focusing on either objects or processes, resulting in new solutions.
The related research questions or development statements differ depending on the quadrant. Figure 3.2 shows for each quadrant
typical research questions or development statements. Questions
related to scientific research normally start with ‘what’ or ‘how’ as
they are aimed at knowledge acquisition; we want to better understand and explain something. Statements related to the development approach normally start with ‘to develop’ as they are aimed
at technical action; we want to be able to do something that we
cannot do yet.
Depending on the quadrant also the methods used to arrive
at the graduation deliverable will differ. Figure 3.3 shows typical
methods, either for research (Q1/2) or development (Q3/4). Scientific research, when focusing on physical objects, makes use of re39
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Figure 3.1: Four types of R&D domains.

Figure 3.2: Four types of R&D projects and related research questions / development statements.

search methods such as lab testing, statistical analysis, sensoring/-
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monitoring, data mining, etc. Scientific research, when focusing
on human organization processes, makes use of research methods
such as case studies/focus groups, surveys/interviews, statistical
analysis, evaluation, etc. Engineering development, when focusing
on physical objects, makes use of development methods such as
physical/numerical modeling, technical optimization, product lab
testing, proof of concept validation, etc. Engineering development,
when focusing on human organization processes, make use of development methods such as systems modeling, multi-objective optimization, simulation/programming, model testing and validation, etc. A more exhaustive list of research and development methods is provided in Appendix A.

Figure 3.3: Four types of R&D projects and related research / development methods.

3.2. Example: 4 Quadrant model applied to a real-life project
Let us consider the ‘Rotterdamsebaan road project’ aimed to improve the accessibility to The Hague and the region. For each quadrant we give examples of possible research questions and development statements relating to this project and the related research or
development process.
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Q1: Research, related to physical objects
“What is the effect of the tunnel boring machine on the geometrical location of existing infrastructure?” Such a question relates to
the physical effects of the tunnel boring machine on its environment such as existing real estate. It requires measuring over time
the exact position of building components by means of measuring
instruments. It would require lab testing of the instruments, statistical analysis of the acquired sensor and monitoring data over
time, and possibly data mining. The end result would be insight
into whether or not change of the geometrical position of building
components can be attributed to the tunnel boring machine.
Q2: Research, related to management organizations
“What is the relation between project management team composition and acquiring project sustainability goals?” Such a question relates to gathering insight into the effect of team composition
on the realization of certain project goals that determine whether
or not goals with respect to sustainability have been achieved. It
would require multiple case studies of which the Rotterdamsebaan
road project would be just one, setting up and organizing surveys
or interviews, performing statistical analysis on the results obtained.
The end result would be insight into which factors in relation to
team composition contribute to achieving goals that define sustainability.
Q3: Development, related to physical objects
“To develop a machine that enables the re-use of existing asphalt
for new roads.” Such a statement relates to the design of a crushing, filtering and mixing machine that maximizes the outputs asphalt material that is of good enough quality to be used for the
new roads. It will require physical and/or numerical modeling of
the recycling process, possibly in combination with lab testing, optimization of the machine so that it can produce material of good
enough quality. The end result would be a design of a first ‘proof
of concept machine’.
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Q4: Development, related to management organizations
“To develop an optimization tool that enables finding the optimal
infrastructure intervention strategy for an infrastructure network.”
Such a statement relates to optimizing the timing of infrastructure
interventions (e.g. maintenance, renovation, etc.) so that they have
minimal impact on society. It would require modeling of the infrastructure network planning, optimization of intervention measures
using simulation and finally testing and approving the created decision support model.

3.3. Example: 4 Quadrant model applied to construction
engineering & management faculty
We now consider a construction engineering and management faculty. For each quadrant we give examples of possible research
questions and development statements relating to this faculty and
the related research/development process. Also see Figure 3.4.

Figure 3.4: Four types of R&D projects and related research / development methods for an engineering & management faculty.
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Q1: Research, related to physical objects
“What is the buckling behavior of I-section high strength steel columns?”
Such a question relates to the physical behavior of a steel column. It
requires lab testing where by means of measuring instruments the
buckling strength under different conditions can be determined.
It would involve mathematical modeling of the material behavior.
The end result would be an improved insight into the material behavior.
Q2: Research, related to management organizations
“What is the Last-Planner-System’s impact on project cultures in
terms of partnering?” Such a question relates to gathering insight
into the effect of a specific project management control system on
the project’s culture and related associative organizational properties. It would require multiple case studies, setting up and organizing surveys or interviews, performing statistical analysis on the
results obtained. The end result would be insight into whether the
application of the LPS has an effect on the project culture and related mutual understanding.
Q3: Development, related to physical objects
“To develop a pile driving system that enables the removal of piles
without disturbing sea life.” Such a statement relates to the design
of a pile driving machine that uses a novel way of driving piles
such that vibrations and noise disturbance are minimized. It will require physical and/or numerical modeling of the pile driving process, possibly in combination with lab testing, optimization of the
machine so that it can meet the stated requirements. The end result
would be a design of a first ‘proof of concept machine’.
Q4: Development, related to management organizations
“To develop an optimization tool that enables keeping a project
schedule at target delivery date.” Such a statement relates to mitigating the effects of risk events and project disturbances so that
they have minimal impact on the project delivery date. It would
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require modeling of the network planning, optimization of mitigation measures using simulation and finally testing and approving
the created decision support model.
As in the previous example the emphasized words in Q3/4 signify the goal-oriented nature of the practice of engineering design
which is primarily based on human values and preferences. The
practice of scientific research should be as value free as possible
to arrive at results that are reproducible. In other words, engineering design solutions are depending on subjective input of human stakeholders (mind to matter) whereas scientific research is
depending on objective observations of the world (matter to mind).
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Chapter 4

The Open Design Systems Engineer
Having made the distinction between the natural sciences and the
social science on the one hand and the distinction between research
and development on the other hand we can now position what we
call the open design Zeta (z) engineer.
Although the open design systems engineer operates mainly in
Q4 there is a need for integrating the other quadrants. In order to
solve design/decision problems the z engineer makes use of the
body of knowledge of the natural and social sciences. Think of the
laws of physics, the output of (lab) experiments, preference function modeling and measurement theory, the output of the statistical
analysis of interviews, etc.. This serves as the starting point for the
z engineer. However, because the z engineer is also schooled in
the domain of civil/building engineering, they have an advantage
over those that were only schooled in (business) management (g
education). That is, the z engineer also has an understanding of the
technical aspects of the engineering objects related to the management problem for which a solution needs to be developed.
The reason for calling the open design systems engineer a z engineer is because the z symbol signifies that they integrate multiple
domains. The top part of the symbol signifies the broad management knowledge and skills required to operate within the social
sciences domain (Q2). The bottom vertical part signifies the ‘anchor’ of being schooled in civil/building engineering which is required to be able to bridge the gap between the ‘hard’ and ‘soft’
engineering development domains (Q3/4). Because the z engineer
has been schooled in civil/building engineering, they have basic
47
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knowledge of scientific research carried out within the natural sciences domain (Q1). Figure 4.1 illustrates how we position the open
design z engineer.

Figure 4.1: The position of the Open Design Systems z engineer,
mainly positioned in Q4, gathering knowledge from Q1/2 and
linking with Q2.
To lead the way for open design z engineers, we have developed
a learning concept that supports the open design systems engineering education. Why? Because we observed that today’s education
is often based on existing static knowledge transfer where teachers
instruct what students have to think. Alternative thought pathways are closed, instead students are funneled towards using single solutions derived from past problems rather than opening them
so that they are prepared for solving future multi-faceted problems.
Teachers mostly do believe that they are empowered to only fill the
inner of their students with known facts and procedures to understand existing situations. We believe that education should also
work outwards to create solutions from and for our societal challenges and aims. For this purpose we devised the Open Design
Learning (ODL) concept, which truly unlocks and integrates the
inner ego (along the U-model: open mind, open heart, open will)
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and the outer eco (along the V-model: open space/source, open
glass box, open ended), see Binnekamp et al. (2020) and/or Wolfert
et al. 2022.
The ODL is an innovative educational concept for higher education. It is a reflective, creative and engaged learning approach
that opens human development and unlocks new knowledge and
solutions. ODL stimulates students’ curiosity, clarity and creativity.
ODL teachers and students are working in an open spirit leveling
relation. The ODL approach connects the inner personal learning
ego and the outer real world eco. The students and the teachers
cooperate in a living dialogue in- and on-action. This co-reflective
dialogue creates an open space where alternative views can co-exist
and new insights can be conceived. Students learn via a self-chosen
system of interest arriving at an original response demonstrating
their individual learning achievements.
ODL is a constructivistic and experiential learning approach
(“learn to design by real-life designing”) where students actively
develop new solutions originating from their inner and outer designs. In this ODL process students are using the human development principles of the U-model theory and the engineering systems
development principles according to the V-model theory. These U
and V models seamlessly connect the open human and systems development, mainly because of their congruence. It forms the fundamental basis for creating ‘open, integrative and persistent learners’ concerned about solving future world problems. Some other
key elements of the ODL method are (a) the living dialogue; (b)
self-chosen system of interest; (c) reflective practitioning in and onaction and (d) the self-created ODL response and its specific commendation principles. The interested reader is advised to visit the
open-design.school/ website.
Now that we have positioned the open design systems z engineer, we need to establish the methodology, methods and techniques available to them. Part II offers the stepping stones to arrive
at an integrative design methodology that combines both subjective preferences and engineering object behavior.
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Part II
Open Design Systems
Methodology
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Chapter 5

The Odesys Development Statement
Before arriving at the Open Design Systems (Odesys) development
statement we need to explore the development gap. For this we use
a number of incitements that will lead to the Odesys development
statement.
5.1. First incitement
We start with a simple design/decision making problem to incite
curiosity for interconnected design decision making, in which a
person (subject) develops his decision on the utility (functionality)
of a to be designed working system (object).
Consider a person that wants to design (i.e., configure using
existing knowledge) a new car and is interested in the car’s fuel
consumption and top speed. The person has stated their (added)
value or preference for two typical car design variables, i.e. their
preference criteria for fuel consumption and top speed of their future car. The person was asked to determine the relation between
these variables as depicted in Figure 5.1.
This means that a car having a fuel consumption of 6 L/100km
and a top speed of 250 km/h is most preferred by this person (subject). Although such a car design is most desirable, in real-life such
a car is simply not feasible if one takes into account the physical
engineering properties of the car (object). This is because the laws
of nature (natural sciences) dictate that the fuel consumption and
top speed are related to the engine size, see Figure 5.2.
53
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Figure 5.1: Preference ratings for the variables fuel consumption
and maximum speed.

Figure 5.2: Fuel consumption and top speed both related to engine
size.

The question now remains: how can this person arrive at a
feasible design solution while maximizing their individual preferences? In this book we will show how such design/decision
problems can be solved using mathematical optimization modeling where feasibility (physical object behavior) and desirability
(human subject values) are interconnected into an overarching design/decision support system to find the best fit for common purpose design/decision solution.
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5.2. Second incitement
We continue with two other examples to incite curiosity for multicriteria decision analysis (MCDA).
Consider a reputable construction company that used to address their customers with a yearly survey to measure their perception of delivered service quality. Respondents were requested
to give a grade on the following criteria:
•
•
•
•
•
•

Communication
Reliability
Delivery times
Eye for customer’s interests
Quality control
Image

On all criteria the company scored well above seven, so everything seemed to be in order. Until, that is, someone raised the question: ‘How do you know that your major competitors don’t score
an eight?’ After all, to be selected in a bidding procedure, to be
‘good’ is not good enough. One has to be perceived as better than
the competing candidates.
So the question remains: how can we properly measure the
firm’s performance on all criteria that reflects the firm’s relative position using properly defined scales?
Consider a person having to decide between two job positions
with characteristics as shown in the table below. Using the arithmetic mean (weighted sum) to determine the overall rating of each
position shows that position 1 is preferred over position 2 (see Table 5.1).
Criterion
Opportunities Salary ($/Yr) Weighted sum
Position 1
Position 2

15
20

50 000
45 000

Weight

0.6

0.4

20 009
18 012

Table 5.1: Overall rating for two job positions using the arithmetic
mean: prefer position 1.
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However, if we change the unit, which the weighted sum allows, for the salary criterion from $/Yr to $K/Yr the order is reversed and position 2 is preferred over position 1 (see Table 5.2).
Criterion
Opportunities Salary ($K/Yr) Weighted sum
Position 1
Position 2

15
20

50
45

Weight

0.6

0.4

29
30

Table 5.2: Overall rating for two job positions using the arithmetic
mean: prefer position 2.
How should this person now come to a well-supported jobdecision? Seemingly the weighed sum produces an infinite number
of non-equivalent ‘absolute’ outcomes which should be relative. . . .
So the question remains: how can we mathematically correct
aggregate scores on different criteria.
5.3. Third incitement
We continue with an example to incite curiosity for systems thinking and multi-objective optimization.
Consider the Dutch A15MaVa transport road infrastructure systems which comprises of the Botlek and Thomassen tunnels, the
movable Botlek bridge and several other superstructures and engineering assets. This road infrastructure is crossing the river which
is an important waterway as part of the Rotterdam harbor network.
The MaVa Service provider and in particular the maintenance services contractor have recently invested in detailed monitoring per
asset and can thus closely monitor degradation behavior (see for
example Figure 5.3). Because they can now monitor all sub-systems
well, this contractor is sure to be able to make an optimal service intervention plan. But is that really the case? Are other drivers, such
as given tunnel possessions, traffic hindrance, availability and accessibility, much more important as they directly impact the Quality of Service (QoS) for different stakeholders and/or users? Has
this contractor integrated these QoS preferences within the service
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operations plan together with the global engineering asset performance? What would happen if the contractor even dares to look
beyond the MaVa road system boundaries and, together with the
key stakeholders of the waterway system, arrives at a best fit for
common purpose service intervention plan in which all interests
of different stakeholders are optimized for effective and efficient
decision making at multi-system QoS levels?

Predictable time or age related failure interval
Condition
Functional Failure

T*

Time

Figure 5.3: Typical degradation curve.
So the overarching questions remain: how can we design an
optimal service operations plan that fits for common purpose and
what is still the relevance of detailed asset degradation curves per
asset within such an multi-systems thinking approach? In other
words, what is the most effective approach; purely zooming in on
system elements or zooming out on the system as a whole?
5.4. Fourth incitement
We conclude with a final example to incite curiosity for dangers
of poor decision making caused by the manipulation of decision
making processes by powerful stakeholders.
Finally consider the decison making process regarding former
military airbase Valkenburg, near Leiden in the Netherlands. The
politicians decided that the best thing to do was to close this military airbase to solve Leiden’s housing problem. The mayor of
Valkenburg was unsure whether this was indeed the best choice.
Proper modelling of this multi-criteria decision making problem,
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taking into account all stakeholders’ interest showed that closing
the airbase was far from being the most preferred alternative. Only
after removing the criteria safety, costs, and nature preservation became closing the airbase the most preferred option. Clearly not all
interests were part of this decision making process. Unfortunately
it is common that political manipulation leads to single purpose
poor decsion making.
Here the question is: how can we ensure proper integration of
all stakeholders’ interest in the modelling of the decision making
problem?
5.5. The development statement
From the incitements we can extract the following requirements for
a new open design systems methodology:
• Feasibility (natural sciences) and desirability (social sciences)
need to be integrated to enable the search for a most desirable
design/decision that is also technically feasible.
• With respect to design/decision making, game/utility theory needs to be applied which is part of the social sciences.
Choice is synonymous to preference as we choose those objects that we prefer/desire. The measurement of preference
and aggregation into overall preference ratings should be based
on sound mathematical foundations.
• Systems thinking needs to be applied to properly balance
analysis (zooming in on sub elements of the system) and synthesis (zooming out on the containing whole (system) of which
the system itself is part).
• The interests of all stakeholders should be integrated to prevent manipulation and related poor (political) decision making.
Following these requirements the overall open design system
development statement reads as.
There is a need for an open design/decision methodology enabling socio-technical systems integration on all relevant levels using pure mathematical optimization modeling.
In this part we will develop the so-called Preferendus based design/decision methodology that captures this socio-technical sys-
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tems integration. This new methodology is on its most conceptual
level schematically depicted in the threefold subject-object relation
diagram (see Figure 5.4):
1. Feasibility level - parametric engineering object behavior (physicalmechanical/hard/technical);
2. Integrative level - interface between subjective objectives and
object behavior;
3. Desirability level - subjective objectives in relation to stakeholders’ preferences (psychological/soft/social).

Figure 5.4: Threefold subject-object relation diagram (integration
feasibility and desirability).
Note that the typical engineer usually works mainly at the ‘lower’
level 1, from a purely technical and mainly object-oriented viewpoint. However, we are convinced that the open design systems
engineer has to start at the upper level 3, following a pure system’s
engineering approach that integrates both social and technical aspects. That is, taking the societal stakeholder desires as starting
points to later on determine which feasible engineering system is
best fitting to dissolve the design/decision making problem.
To connect the upper and lower levels the second level serves to
ensure fitness for purpose. Bear in mind that economics in essence
is all about balancing supply and demand (object-subject), where
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money is merely a means for exchange. Moreover, to enable proper
multi-objective optimization, one needs to translate all objectives
into one common denominator domain, which is according to utility theory the preference domain (level 3). This implies that even
money related objectives (which are truly properties of the subject)
need to be translated to this preference domain.
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Chapter 6

Design and Decision Making Problem
Statement
Open Design Systems is about a novel design methodology in which
both the engineering artifact (physical object/asset) and the stakeholders’ preferences (human subject) are interconnected. To transparently ‘open’ such a participatory engineering design system,
sound mathematical modeling methods as multi-objective optimization combined with preference function modeling are needed (i.e.,
open glass box, open source/space and open ended).
We consider real life engineering objects and related organizations to be systems that consist of elements that are all directly or
indirectly connected. We use models to represent these design/decision systems. More specifically we use mathematical optimization models for this purpose as these can be used to represent goaloriented systems. We first introduce the general formulation of
mathematical optimization models, which can be stated as follows:
U = f ( X, Y )
This means that the utility, functionality or value (overall preference rating) of the design (U) is a function of two types of variables: controlled (X) and uncontrolled variables (Y).
Controlled variables are the design/decision variables that the
designer has control over such as the number of floors of a building, the number of columns or beams of a civil engineering structure, the type of materials used, etc.. Uncontrolled variables are
61

Draft educational use only
62 CHAPTER 6. DESIGN AND DECISION MAKING PROBLEM STATEMENT

those that the designer has no control over and come from ‘outside’. In addition there may be constraints that limit the designer’s
freedom. Think of rules and regulations and material properties.
It is the designer’s task to find the configuration of design/decision variables X that has the highest utility U whilst not violating the constraints. The system’s utility is defined by the objective
function which needs to be maximized and that can be modeled
and solved using mathematical optimization.
The technique of linear programming, among other techniques,
can be used for such modeling and optimization purposes. For the
description of the general mathematical model of linear programming, we will use the nomenclature and the standard form adopted
in the OR textbook of Hillier and Lieberman [2005]. This model is
to select the values for variables x1 , x2 , . . . , xn , so as to:
Maximize Z = c1 x1 + c2 x2 + . . . + cn xn

subject to the constraints:
a1,1 x1 + a1,2 x2 + . . . + a1,n xn  b1
a2,1 x1 + a2,2 x2 + . . . + a2,n xn  b2
...

and

am,1 x1 + am,2 x2 + . . . + am,n xn  bm
x1

0, x2

0, . . . , x n

0,

Note that in this model the variables x1 , x2 , . . . , xn represent the
design/decision variables. Together with coefficients c1 , c2 , . . . , cn they
represent the objective function. Coefficents a1,1 , . . . , am,n represent coefficients that represent a subset of the uncontrollable variables. Variables x1 , x2 , . . . , xn , coefficients a1,1 , . . . , am,n and b1 , b2 , . . . , bm
together represent the different constraints.
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Note that constraints set by stakeholders are formally negotiable because they relate to the social sciences (subjective). In contrast, constraints that relate to the engineering object are part of the
natural sciences (objective) and are not negotiable.
6.1. Example: the computer production problem
We start with a simple example of a company that produces two
types of computers, a basic computer and a more advanced computer. The basic computer type requires one hard drive, the advanced type requires two hard drives. Each produced basic computer type has a profit of $300 whereas an advanced computer has a
profit of $500. There are 60 cases in stock for the basic computer and
50 cases in stock for the advanced computer type. Finally there are
120 hard drives in stock. The company wants to know how many
computers of each type it should produce to maximize profit.
Design variables, objectives and constraints
The design/decision variables x1 , x2 , . . . , xn are the numbers of computers produced of each type. The profit needs to be maximized so
the objective function becomes:
Maximize

Z = 300x1 + 500x2

The constraints relate to the number of cases and hard drives in
stock:
x1  60
x2  50
x1 + 2x2  120
Solving the problem
This model can now be solved using Python code as shown in Listing 6.1, in combination with a linear solver (see Appendix A). This
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1
2

import numpy as np
from scipy.optimize import LinearConstraint, milp

3
4

eq = -1 * np.array([300, 500])

5
6
7
8
9

A = np.array([[1, 0], [0, 1], [1, 2]])
b_u = np.array([60, 50, 120])
b_l = np.full_like(b_u, 0)
constraints = LinearConstraint(A, b_l, b_u)

10
11

integrality = np.ones_like(eq)

12
13

result = milp(c=eq, constraints=constraints, integrality=
integrality)

14
15

print(f"The optimal solution is for producing {result.x
[0]} basic computers and {result.x[1]} advanced
computers.")

16
17

print(f"This will result in a profit of {round(-1 * result
.fun, 2)}")

Listing 6.1: Python code for the first example

optimization shows that producing 60 basic computers and 30 advanced computers results in the highest profit of $33 000. Note that
in the Python code the first two constraints directly constrain the
design variables and are considered bounds. Mathematically both
are the same.
The code for this problem can be found on Github ( https://
github.com/TUDelft-Odesys/Preferendus_core_scripts)
6.2. Graphical solution
We can also solve simple linear optimization problems graphically.
Figure 6.1 shows how the computer production problem can be
solved in this way.
Blue lines represent the constraints relating to the amount of
cases and hard drives in stock. All constraints determine the solution space which is the grey area in the figure. If the constraints
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Figure 6.1: Graphical representation of the computer production
problem.
indeed define a solution space (no conflicting constraints) the objective function is used to find the optimum. The lower orange line
shows the of the objective function. Its slope is determined by the
coefficients of the objective function (300/500). Depending on the
nature of the problem the objective function can be either maximized (f.i. profit) or minimized (f.i. costs). In this case the profit
needs to be maximized which means that the orange line needs
to be shifted up along the Y axis. The optimum is reached when
the objective function can no longer be shifted upwards without
violating the constraints (leaving the solution space). The optimal
solution is the coordinate i.e. combination of controllable variables
found which is in this case 60 basic computers and 30 advanced
computers.
Note that a problem having three design/decision variables can
still be represented graphically. In that case the constraints are
represented by planes that in turn define a 3-dimensional solution space. The objective function is also represented as a plane
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that needs to be shifted towards one of the solution space’s corner
points. A problem having more than three design/decision variables can no longer be represented and solved graphically but still
can be solved mathematically.
6.3. Conspection
This simple example shows how a design/decision problem can be
modelled and solved using mathematical modelling. Mathematical optimization models allow searching for the optimal solution
to a decision making problem. It relies on defining the design/decision variables, the objective and the constraints that define the
solution space. Should the solution space be empty, then no solution can be found. Formally, all points within the solution space are
feasible, however, given the objective function, the most desirable
solution can be identified. The main question is whether the technique of mathematical optimization using linear programming is
also applicable to solving real life engineering design problems.
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Chapter 7

The Odesys Stepping Stones
In this chapter, by means of a number of examples, the reader
will be introduced into the key building blocks of the Open Design Systems (Odesys) approach. The examples have been chosen
to support an open design learning process. The early examples
highlight the limitations of classical design/decision making approaches that use mathematical optimization models. The later examples show how to progressively remove these limitations. The
examples used in this chapter are learning vehicles not so much focused on reflecting reality. However, the examples in the following
chapters are demonstrating the real-life added value of the developed design/decision methodology and its application in systems
engineering management.
7.1. Example: the single stakeholder urban design problem
A project developer wants to develop houses of type A and B. He
expects to make a profit of † 30 000 on type A and of † 50 000 on
type B. The municipality has limited the number of houses of type
A to a maximum of 60 and the number of type B to a maximum
of 50. Every house type A needs one parking place while type B
needs two parking places. The municipality has limited the total
number of parking places to 150. The project developer wants to
know which combination of houses he should develop to make the
highest profit given all constraints.
67
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Design variables, objectives and constraints
In this case, the design/decision variables are the number of houses
of type A (variable x1 ) and B (variable x2 ). The objective function
is defined by the total profit given the realized number of houses
of type A and B. The project developer wants the profit to be maximized.
Maximize

Z = 30 000x1 + 50 000x2

The constraints are the restrictions given by the municipality:
x1  60
x2  50
1x1 + 2x2  150
Optimization
This model can be entered in Python and solved. This illustrates
how linear programming can be used to find the optimal solution
for a single stakeholder design/decision making problem where
one overall optimization criterion suffices.
Conspection
Note that this problem is very similar to the example presented in
Chapter 6 and can also be solved graphically using graph paper
or using the code of the previous example. The technique of linear programming is useful for solving this type of simple design
problems because we have restricted the number of stakeholders.
When more than one stakeholder is involved in the design process
problems arise as will be shown in the next section.
7.2. Example: the multi-stakeholder urban design problem
A project developer, interested in developing six types of houses
has come into contact with a municipality. The types of houses differ mainly in the selling price, ranging from affordable to expensive
houses.
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The municipality wants to limit the total number of houses to
between 200 and 260. The selling prices have been established, as
has the developer’s fee. The municipality wants to make sure that
not only the expensive types of houses (with the largest fees) will be
built. This is done by restricting the minimum and maximum percentages of the affordable types (as percentages of the total number
of houses built).
The municipality is interested in maximizing the number of affordable houses whereas the project developer is interested in maximizing profit. Note that, contrary to the previous examples, there
are now two stakeholders having different (conflicting) objectives
instead of one stakeholder with one objective. All data is summarized in Table 7.1.
Type Selling price Minimum Maximum Developer’s fee
A
C
L
M
Q
S

222 500
277 500
275 000
225 000
282 500
310 000

20%
15%
10%
15%
10%
5%

30%
25%
15%
20%
20%
10%

5%
6%
6%
5%
6%
7%

Table 7.1: Types of houses and their characteristics..
The following analysis is required:
• What combination of house types yields the highest profit for
the project developer?
• What combination of house types yields the highest number
of affordable houses (types A and M)?
• What combination of houses yields the highest profit, adding
the highest number of affordable houses as a constraint to the
model?
Design variables, objectives and constraints
In this example, the design/decision variables are the number of
different types of houses (variables x1 , x2 , x3 , x4 , x5 , x6 ).
The objective function is defined by the total profit given the
number of house types. The project developer wants the profit to
be maximized:
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Maximize Z = 11 125x1 + 16 650x2 + 16 500x3 + 11 250x4 + 16 950x5 + 21 700x6
While the developer wants to maximize profit, the municipality
wants to build as much affordable houses as possible. This means
that only the objective function changes:
Maximise Z = x1 + x4
The constraints are the restrictions given by the municipality:
x1 + x2 + x3 + x4 + x5 + x6

200

x1 + x2 + x3 + x4 + x5 + x6  260
x1

0.2( x1 + x2 + x3 + x4 + x5 + x6 )

x1  0.3( x1 + x2 + x3 + x4 + x5 + x6 )
x2

0.15( x1 + x2 + x3 + x4 + x5 + x6 )

x2  0.25( x1 + x2 + x3 + x4 + x5 + x6 )
x3

0.1( x1 + x2 + x3 + x4 + x5 + x6 )

x3  0.15( x1 + x2 + x3 + x4 + x5 + x6 )
x4

0.15( x1 + x2 + x3 + x4 + x5 + x6 )

x4  0.2( x1 + x2 + x3 + x4 + x5 + x6 )
x5

0.1( x1 + x2 + x3 + x4 + x5 + x6 )

x5  0.2( x1 + x2 + x3 + x4 + x5 + x6 )
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x6

0.05( x1 + x2 + x3 + x4 + x5 + x6 )

x6  0.1( x1 + x2 + x3 + x4 + x5 + x6 )
Optimizing on the project developer’s objective
The constraints and objective function define the first model which
can be entered in python and solved. The solution shows the maximum profit to be made for the project developer given the constraints by the municipality.
Optimizing on the municipality’s objective
The only difference between this model and the previous model
is the objective function. Solving this model shows that the maximum number of affordable houses is 130.
Optimizing using the constraint method
The result of the previous optimization can be added to the model
as a constraint:
x1 + x4

130

This constraint ensures that the municipality’s objective will be
taken into account indirectly.
The objective function is again to optimize on profit:

Maximise

Z = 11 125x1 + 16 650x2 + 16 500x3
+ 11 250x4 + 16 950x5 + 21 700x6

Solving this model shows that the added constraint has a negative effect on the maximum profit to be made when compared
to the first outcome. The rationale for searching for the maximum
number of affordable houses and adding this as a constraint is arbitrary. The opposite approach would be to search for the maximum
profit and adding this as a constraint.
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Conspection
An important feature of all optimization models is that there is only
one objective function. In other words: it can only produce singlecriterion design solutions, which fully satisfy no more than one of
only a single decision maker’s interests. Therefore, this technique
does not extend naturally to group decision making.
When there are multiple objectives or multiple decision-makers,
each objective or decision maker is associated with its own objective function. In that case, there are multiple optimization models,
one for each objective or decision maker, each having their own
solution.
So, although this technique helps decision-makers to find feasible design solutions, it does not help them to select the most preferred solution from these. Decision-makers have to find it using
negotiation. In other words, the math is lost. More importantly,
the negotiations will only involve compromise solutions as each
solution fully satisfies only one decision-maker (multiple singlecriterion solutions). An approach to overcome this problem is to
use the constraint method which operates by optimizing one objective while all of the others are constrained to some value. The
use of the constraint method showed that this process is completely
arbitrary and still relies on unstructured negotiation.
One approach to address this problem is employ methods from
the domain of Multiple Criteria Decision Analysis (MCDA). MCDA
is described by Belton, Stewart (2002) as “a collection of formal approaches which seek to take explicit account of multiple criteria in
helping individuals or groups explore decisions that matter”. We
therefore expect that MCDA approaches can help remove the before mentioned problems.
7.3. Example: the shopping mall design problem
Consider a design/decision making problem for a new shopping
mall. An investor and municipality can choose between two types
of shops with different properties with respect to the profit, CO2
emissions and shopping potential (attractiveness), see Table 7.2.
The total shopping area is limited by the municipality to 10 000
square meters. No more than 5 000 square meters of shop type A
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Table 7.2: Types of shops and their characteristics.
Shop type x1 Shop type x2
Profit [euro/m2]
CO2 emission [kg/m2]
Shopping potential [ppl/m2]

160
120
15

80
30
45

are allowed and no more than 7 000 square meters of shop type B
are allowed. Finally, the total amount of shops needs to be at least
3 000 square meters. The investor wants to make as much profit
as possible whereas the municipality wants to minimize the CO2
emissions. The existing shop owners want to make sure that the
potential of the shopping mall is maximized.
Design variables, objectives and constraints
In this case, the design/decision variables are the amount of shops
type A (variable x1 ) and type B (variable x2 ).
For the investor, the objective function is defined by the total
profit given the amount of shops type A and B. The investor wants
the profit to be maximized.
Expressed mathematically:
Maximize c1 = 160x1 + 80x2
For the municipality, the objective function is defined by the
total CO2 emission given the amount of shops type A and B. The
municipality wants the CO2 emissions to be minimized.
Expressed mathematically:
Minimise c2 = 120x1 + 30x2
For the existing shop owners, the objective function is defined
by the total attractiveness given the amount of shops type A and B.
The shop owners want the shopping potential to be maximized.
Expressed mathematically:
Maximise c3 = 15x1 + 45x2
The constraints are the restrictions given by the municipality:

Draft educational use only
74

CHAPTER 7. THE ODESYS STEPPING STONES

x1 + x2  10 000
x1  5 000
x2  7 000
x1 + x2 >= 3 000
Optimization
Because we have three objective functions, we also have three models that can be entered in Python and solved. The results for each
optimizations is shown in Table 7.3.
Table 7.3: Minimum and maximum values of objective functions.
x1

x2

Profit

Alt. 1: Profit maximization
5 000 5 000 1 200 000
Alt. 2: CO2 minimization
0
3 000 240 000
Alt. 3: Potential maximization 3 000 7 000 104 000

Emission Potential
750 000
90 000
570 000

300 000
135 000
360 000

Note that the optimal solution, as with the previous example,
depends on what is considered ‘best’. The best solution for the developer differs from the best solution for the municipality and also
differs from the best solution for the existing shop owners. This
illustrates how linear programming can be used to find the optimal design/decision-making solution for a multi-stakeholder design/decision making problem. However, as before, there are as
many optimization models as there are objective functions.
A-posteriori evaluation
We now have 3 design alternatives to choose from for which we
will use an MCDA tool called Tetra which is a software implementation of Preference Function Modelling (PFM). We use PFM because it is based on a new theory of measurement that is based
on sound mathematical foundations. Classical MCDA approaches
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contain modelling errors that render their outcomes meaningless.
This applies to both the correct measuring of preference and the
aggregation of preference scores into an overall preference rating.
Note that aggregating scores using the weighted arithmetic mean
algorithm also contains the same modelling error. For aggregating
scores Tetra uses a solver which enables proper MCDA.
Those that want to know more about the mathematical modelling errors of classical measurement theories are referred to Chapter 4. An overview of the errors can be found in the book called
“Pure Economics” by Jonathan Barzilai (2022). A more detailed description of the errors relating to preference measurement can be
found in the chapter called “Preference Modeling in Engineering
Design” by Jonathan Barzilai in the book entitled “Decision making in Engineering Design” (Lewis et al., 2006).
In order to use Tetra we need to elicit each decision maker’s
preference scores of each alternative on each criterion. The decisionmakers state that there are only linear relations between (physical)
performance on the different criteria and their preference ratings.
Since the problem is constrained, the possible values that the
objective functions can take are limited. For this problem, the minimum and maximum values for each of the objectives are provided
in Table 7.4. The stakeholders can relate their preferences to those
intervals as they define realistically feasible intervals of objective
functions that can be achieved within the given problem configuration.
Table 7.4: Minimum and maximum values of objective functions.
Minimum Maximum
Profit [euro/m2]
CO2 emission [kg/m2]
Shopping potential [ppl/m2]

240 000
90 000
45 000

1 200 000
750 000
360 000

Note that this is one approach of gathering the extremes for
each objective. Another approach that is commonly used is to ask
the decision makers upfront for this range regardless of feasibility.
Assuming linear preferences, the investor states that the preference for a profit of 240 000 equals 0 and the preference for a profit
of 1 200 000 equals 100 (Figure 5). Now we can fit a line pass-
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ing through those two points and find the equation describing the
preference function. In general form, the equation for a line passing
through two points (x1 y1 ) and (x2 y2 ) can be written as:
y2 y1
( x x1 )
x2 x1
Using this equation, the preference function can be written as:
y = y1 +

p1 =

100
(c1 240 000)
1 200 000 240 000
1
1
=
((160x1 + 80x2 )
(c1 240 000) =
9 600
9 600

240 000)

The municipality states that the preference for a CO2 emission
of 90 000 equals 100 and the preference for a CO2 emission of 750 000
equals 0 (Figure 7.1. The preference rating given a specific score on
a criterion is thus:

p2 = 100 +

= 100

0 100
(c
750 000 90 000 2

1
( c2
6 600

90 000) = 100

90 000)
1
(120x1 + 30x2
6 600

90 000)

The existing shop owners state that the preference for a shopping potential of 45 000 equals 0 and the preference for a shopping
potential of 360 000 equals 100 (Figure 3). The preference rating
given a specific score on a criterion is thus:

p3 =

100
(c3 45000)
360000 45000
1
1
=
(c3 45000) =
(15x1 + 45x2
3150
3150

45000)

We can now determine preference scores for each of the three
alternatives using equations for p1 , p2 and p3 (or the graphs). The
obtained scores for the 3 alternatives and criteria weights (which
were chosen to be equal for this case) are shown in Table 7.5.
Entering the ratings and weights in Tetra you can find which
of them have the highest aggregated (overall) preference score and
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Figure 7.1: Interpolation of preference ratings given profit, CO2
emission and shopping potential
Table 7.5: Tetra input.
x1

x2

Profit Emission Potential

Alternative 1: Profit maximization
5 000 5 000
Alternative 2: CO2 minimization
0
3 000
Alternative 3: Potential maximization 3 000 7 000

100
0
83

0
100
27

81
29
100

Weights

33%

33%

33%

can be chosen as the most preferred group design alternative. It
shows that alternative 3, aimed at maximizing the shopping mall
potential, has het highest overall preference rating. See Figure 7.2.
Conspection
The problem with this approach is that we can only select designs
among a limited set of alternatives in an a-posteriori manner (postfactum). The design alternatives to choose from are compromise
solutions as they are optimized on only one criterion of one stake-
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Figure 7.2: Screenshot of Tetra output.
holder. What we need is a way of a-priori stating preferences so
that we can find a design solution that represents the synthesis of
all stakeholders’ preferences.
In the next section such a best fit for common purpose synthesis
approach is introduced by proper a-priori PFM preference rating
aggregation.
7.4. Example: the shopping mall design problem revisited
For finding the best solution we distinguish between the following
three approaches:
1. A posteriori evaluation of corner points – simple, using the
LP results still without GA.
2. A priori optimization process – PFM aggregation using Tetra
and GA.
3. Alternative a priori Optimization process – minmax goal attainment approach and GA.
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The first approach has already been explained in section7.3, the
two remaining approaches will be explained in the respective sections.
A priori optimization using PFM aggregation
We know that, given the constraints and preference functions, we
can determine for a given set of design variable values – a design
configuration – whether or not it is feasible and the related preference rating (using the preference functions). Obviously, the most
desired configuration is based on the following set of design variable values:
• Profit = 1 200 000 euros.
• Emissions = 90 000 kilos.
• Shopping potential = 360 000 people.
This configuration, although most desirable, does not satisfy
the constraints. We therefore need to find the optimal design configuration that, within the set of feasible design configurations, has
the highest overall preference rating. For this purpose we need
to move away from the linear programming optimization procedure because the algorithm for aggregating preference ratings and
weights is non-linear.
Non-linear optimization algorithms allow for using non-linear
equations but come at a cost. The found optimum can be a socalled local optimum whereas the use of a linear optimization algorithm guarantees finding the global optimum. It is impossible to
improve upon the global optimum, this does not apply to a local
optimum because it is possible that another local optimum exists
but has been overlooked. A brief summary of this in-depth topic is
given in Appendix B.
Since the problem is defined in mathematical relations between
design variables, constraints and bounds, it is possible to use an
optimization algorithm to find to the configuration of design variables that results in the best fit for common purpose. In this book,
we use a genetic algorithm (GA) for this purpose. This algorithm
is well-suited for these problems, due to its versatility and its possibility to deal with mixed-integer problems1 .
1 Problems

that consist of variables that are a combination of integers, real
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The GA is based on natural evolution and iterates through populations of candidate solutions to search for the optimal solution.
Each generation is evaluated on the objective and constraints, and
a new population is created based on how the previous population
performed.
For the use of a GA in combination with Tetra, some modifications are needed. The interested reader is referred to Appendix B
to learn more about these modifications.
Using the a-priori optimization method integrating GA and Tetra,
the preferred outcome of the decision-making process is an area
of 3 000 square meters for the first shop type and an area of 7 000
square meters for the second shop type. In Figure 7.3, this result
is plotted in the solution space. Figure 7.4 shows the preference
curves and the results.

Figure 7.3: Solution space including results
Note that this solution is equal to the solution obtained by the
a-posteriori approach but without the intermediate step of evaluatnumbers, and booleans.
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Figure 7.4: Preference curves including results for profit, CO2 emission and shopping potential.
ing individual alternatives using Tetra. The nature of the problem
is seemingly such that the solutions found are equal.
The foundations for this a-priori optimization method using
PFM aggregation can be found in the dissertation of Binnekamp
(2010).
Alternative a priori preference-based goal attainment approach
Preference-based goal attainment approach translates the classical
goal attainment into the preference world. The idea behind this approach is to find a solution that minimizes the maximum distance
from the goal – preference score of 100 – among all of the objectives. Or, in other words, the method seeks to find a compromise
solution that minimizes the maximum stakeholder dissatisfaction
with the final design outcome.
Unlike many other a priori approaches (e.g., weighted sum),
this approach does not violate the principles of PFM since it is not
based on the aggregation of individual preferences into a single
score. Instead, it operates with relative distances from the goal.
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In affine preference space, relative distances are vectors and it
is possible to apply mathematical operations to them and compare their lengths to each other. It is also possible to introduce
the weights into the method and multiply each of the distances
from the goal by a corresponding objective’s weight. This is an
operation of multiplying a vector by a scalar that is also permitted
within affine spaces. Further, within affine spaces vectors can be
added up.
For the preference-based goal attainment method it means that
relative distances from the goal can be added up together if needed.
For example, if a stakeholder has multiple objectives of interest,
it is possible to calculate the aggregated (weighted) distance from
the goal for this stakeholder as a sum of individual relative distances from the goal for each of the objectives. This, again, will
be a valid vector operation within an affine space. Thus, all the
operations within the goal attainment approach are performed on
vectors and never on individual points making it fully compliant
with the PFM theory foundations and enabling its use within the
preference-based decision-making domain.
Discussion on results
The result from the optimization using PFM shows a solution that
is considered best for the group as a whole. The objective for the
profit and for the shopping potential all align with a higher area,
whereas the objective for the emissions is aligned with a lower
area. This, together with the weights being equal for all objectives,
makes the outcome of the optimization explainable: it is overall
better to have more area for the shops, even if this is unfavorable
for a single objective.
This is in a nutshell the goal of the best fit for common purpose optimization methodology. This methodology is step wise
described in the next chapter.
The result from the optimization using the minmax method illustrates the rationale behind the goal attainment paradigm. The
outcomes of the first and second objective are now almost equal.
First of all, it can be calculated that the minmax alternative (1 400,
7 000) has a lower overall balanced preference score than the PFM
aggregated variant (3 000, 7 000). Secondly, this is also logical, since
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the minmax is trying to find a balanced solution where a stakeholders have to give in on profit to gain on CO2 emissions (compared
to the PFM solution).
Non-linear, monotonic preference functions
One can also use the PFM aggregation method in case of non-linear
preference curves. As an example, three non-linear monotonic preference curves are introduced (Figure 7.5).

Figure 7.5: Non-linear, monotonic preference curves.
Depending on the level of non-linearity and the weight distribution, the optimal design point may be on the edges of the solution space. Solving the problem using these non-linear preference
functions shows that the previous corner point solution has moved
onto the edge of the solution space, see Figure 7.6.
7.5. Example: The supermarket design problem
As shown in the first example, the solution to a linear optimisation problem can be found graphically. The objective function is a
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Figure 7.6: Result using non-linear preference curves where the solution is on the edge of the solution space.
straight line and if you move this line through the solution space,
it will eventually reach a corner point where the value for the objective function is at the highest point.
For non-linear objective functions, this is not that straight forward anymore. Here, the best possible outcome is not necessary in
a corner of the solution space but could lay somewhere within the
solution space.
Also in the preference domain, we must deal with non-linearity.
The aggregation algorithm in Tetra is non-linear, but we can also
have non-linear preference curves. This example will go into the
latter.
So far we only used monotonic preference functions. In real-life
also ‘U’ and inverted ‘U’ shapes might be a representation of the
stakeholder’s preferences, which are typical non-monotonic curves.
Design/decision problems that only contain monotonic preference
curves are quite certain to result in optimal solution points that are
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on one of the edges of the solution space. However, as soon as
non-monotonic functions are part of the problem this is no longer
a certainty. As we will see in this example, the introduction of inverted ‘U’ shapes indeed results in solution points within the solution space.
Design variables, objectives and constraints
In this example, we investigate the configuration of a new supermarket. This supermarket is located at a distance from the center
of a neighborhood (design variable X1 ) and has a certain size of the
assortment (design variable X2 ). The optimal distance and size of
the assortment needs to be determined.
Based on a questionnaire, the minimal distance to the supermarket must be 100 meters (to prevent noise hindrance) but cannot
be higher than 1 000 meters. The size of the assortment of a supermarket can range from 800 different items for a very small and
local supermarket to 30 000 for a very large supermarket.
Shopping added value (location vs. assortment size)
The first objective is the shopping potential of the supermarket.
This is depending on the relative effort people must do to reach
the supermarket in relation to the assortment size. For this we first
normalize the distance and assortment size:
X1,norm = 1
X2,norm =

X1 100
1000 100
X2 800
30, 000 800

For these normalized values we can construct a function that
displays the incentive people have to go to the shop: if the distance
increases, the incentive decreases. However, this can be countered
by an increase of assortment size. In this, we ignore the most extreme combinations of the normalized values (so high X1,norm and
low X2,norm ) since these constitute little incentive.
OSP =

q

2
2
X1,norm
+ X2,norm
 1, else OSP = 0
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This equation represents a constraint for the combination for X1
and X2 . This constraint is also reflecting the practical situation as
it indicates that there must be a proper balance between the two
design variables. For example, if the shop is nearby but has a small
assortment, the incentive is still rather low, and vice versa.
Transport sustainability and waste
There is an increasing demand for sustainable shopping facilities.
This is related to transportation, waste and emission issues:
1. The assortment is supplied by trucks. The higher the size, the
more efficient this transport can be, the lower the emissions
are per item.
2. A high number of items in the assortment enables wasted.
More items will be thrown aways and people buy stuff they
don’t need.
3. The larger the distance, the more interesting it is to take the
car or scooter instead of walking or cycling. This also contributes to emissions.
Based on this, we can construct an index function to express the
relative sustainability:
OS =

X2
20 000

X1
400

Here, the assumption is that an assortment size of 20,000 items
is most favourable. This number is however influenced by the distance, as discussed above.
Preference functions
For the first objective, the shopping potential, the objective can simply be multiplied by 100 to get the preference score. For the second
objective, we use the interpolation function to get to the preference
curve (see Table 7.6). Since the objective can be greater than 1, we
end up with a non-monotonic inverted ‘U’ function.
Plots of the resulting preference functions are shown in Figure 7.7.
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Table 7.6: Preference points Sustainability.
Sustainability
P=0
P = 100
P = 60

0
1
2

Figure 7.7: Preference curves.
Criterion and stakeholder weights
For this decision-making problem, the weights are as displayed in
Table 7.7. The shopping potential is deemed more important than
the sustainability, because without costumers the sustainability has
also little added value.
Optimization
Using the a priori optimization method, the optimal shop configuration has a distance of 360 meters and an assortment size of
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Table 7.7: Weights per stakeholder.
Stakeholder
Shopping added value
Transport sustainability & wasted

Weight
0.65
0.35

around 15 200. In Figure 7.8, this result is plotted in the solution
space. For comparison, both the optimal solution using Tetra and
the solution via the min-max goal attainment method are plotted.
Figure 7.9 shows the preference curves including the results.

Figure 7.8: Solution space including results.

Discussion on results
As can be seen, the solution is not on a corner point or on one of
the edges of the solution space. This emphasizes the need for the
application of non-linear solver algorithms.
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Figure 7.9: Preference curves including results.
Note that both the PFM aggregation and the minmax optimization methods will lead to an optimum design point within the solution space. It is also noted that the difference between the methods
might deviate for specific other preference configurations.
7.6. Conspection
It is quite common that stakeholders’ interests/objectives are conflicting. In the previous examples you saw that the municipality’s
interests (affordable houses and CO2 emissions) were not in line
with the project developer’s interests (profit). As soon as this is the
case trade-offs need to be made and the classical way of making
these is by means of negotiation.
The approach that is used in this book for finding the best fit
for common purpose design solution does not rely on such negotiations and enables finding this optimum by means of an optimization algorithm. This optimization algorithm selects the most pre-
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ferred solutions for all stakeholders within the solution space of allowed solutions. We call this the ‘open space’ because it is defined
in unison by all stakeholders.
The use of mathematics to model a design/decision problem is
linked to the notion of an ‘open glass box’ model. All stakeholders jointly enter their objectives to the model in an open way. This
approach enhances the transparency of the decision making process which is at odds with the room for manipulation of individual stakeholders (Figure 7.10). The mathematics is neutral as is the
model owner. Only stakeholders can influence the final outcome
of the optimization process.

Figure 7.10: Relation between room for manipulation and transparency.
This is however an iterative process where during a number of
iterations input and output are used to arrive at the final design
solution. This iterative process is called the social cycle because it
allows stakeholders to reflect on their input, also in relation to the
effect their input has on the other stakeholders’ objectives. Note
that this means that the outcome is completely ‘open ended’ where
the final outcome relies on the input of each stakeholder and is a
true reflection of the group’s interests. This is important because
it is in line with the basis of utility theory which is a mathemati-
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cal theory. Since mathematical theories do not dictate assumptions
to decision makers, there is no basis in mathematical logic nor in
modern utility theory for the claim that utility theory is normative
or prescriptive. Normative approaches are geared towards finding
the solution that are deemed to be ‘the best’, not by the stakeholders themselves but outside parties.
The notions of the open space, open glass box, and open ended
process tie into the concept of the V-model (Figure 7.11) which represents the typical design process. The left hand side of the V represents the design phase whereas the right hand side represents the
construction process. In the end all systems need to be integrated
into an engineering object that meets the subjective social needs of
all stakeholders concerned.

Figure 7.11: The V-model and the concepts of Open Design.
Note that stakeholder objectives are commonly related to the
concept of design for -ty as is described in detail in the book of
Blanchard, Blyler (2016) (Chapter ‘Bringing Systems Into Being’),
see Figure 7.12. Also note that these design considerations are a
mix of: 1) measures of design performance (f.i. functionality, feasibility) and, 2) quality of services parameters (f.i. reliability, maintainability). Lastly note that it is now more common to use the
common notion of Design for -y, because this also captures a more
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broad variety of design aspects. Formally all these aspects can
be traced back to the so-called socio-eco purpose design (an integration of societal, economical and ecological aspects). Fit(ness)
for socio-eco purpose is a fair balancing act between user demand
(wanted by the subject) and engineering asset supply (offered by
the object) and expresses the quality of service of a system.

Figure 7.12: System Design Considerations: design for -y (source:
Fabrycky).
The a-priori open design approach, as described in this chapter,
utilizes Tetra/PFM for aggregating preference scores and weights
for each criterion to determine the overall preference rating of a
candidate design configuration. This approach will lead to best
fit for common purpose solutions where the satisfaction per stakeholder can vary considerably. This means that the solution’s over-
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all preference score is highest even if not all stakeholders are satisfied equally. An alternative approach to search for the optimum
design configuration is called the min-max method. This method
aims to find the design solution that satisfies all stakeholders equally.
In other words, the optimal design configuration is that configuration where the difference between preference scores for each stakeholder is minimal.
In the next chapter, all key building blocks of open design approach will be integrated into the best fit for common purpose design methodology. This methodology is implemented into the socalled Preferendus tool. We call this approach the best fit for common purpose design methodology which will be summarized in
the following chapter.
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Chapter 8

The Odesys Methodology
In the previous chapter we illustrated how to use mathematical optimization to arrive at the best fit for common purpose design/decision. All of the following optimization examples in this book
follow the Open Design Systems methodology (Odesys) summarized in this chapter. This is fundamental extension of the work of
Zhilyaev et al. (2022) using Barzilai’s preference function modeling
theory ((Barzilai, 2022; Lewis et al., 2006)). The tool which implements this methodology is called the Preferendus (this tool can be
found at https://github.com/TUDelft-Odesys/Preferendus_core_
scripts).
The complete Odesys methodology is graphically summarized
in Figure 8.1.
Step 1. Defining the design problem
Every optimization starts with defining the problem at hand. This
is described in Chapter 2. It entails defining the design/decision
variables, objectives and constraints.
Step 2. Defining preference functions
The design optimization methodology is based on the PFM theory proposed by Barzilai (2022). Instead of commonly used utility
and ratio scales, the method is relying on measuring preferences on
affine scales thus enabling mathematical operations on scale values. In an affine space the operation of addition is defined on point
95
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Figure 8.1: The Preferendus flowchart implementing the Odesys
methodology.
differences, which are vectors. Multiplication of a vector by a scalar
is defined and the result is a vector. In the one-dimensional case,
and only in this case, the ratio of a vector divided by another nonzero vector is a scalar:
k=

p1
p3

p2
p4

Where p1 , p2 , p3 , p4 are four preference points on an affine scale,
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defining two vectors, D( p1 , p2 ) and D( p3 , p4 ), that in turn define the
scalar k. The number of points can be reduced to three (in this case,
p p
k = p12 p23 ) but not to two. By measuring preferences this way,
we are avoiding issues related to the selection of the unit and the
absolute zero of measurement that are inherent to classical preference measurement methods commonly used in the literature. This
enables us to use proper preference scales as a part of the design
optimization process and group decision-making.
In accordance with the PFM methodology, preferences are measured on the preference scale that is ranging from 0 to 100: 0 for
the worst alternative and 100 for the best. To determine the corresponding design variable values for each of the objectives two
approaches can be used:
1. One can calculate the minima and maxima of the objectives
via a simple optimization algorithm. The best and worst design variable values follow from this and are scored accordingly.
2. One can let the stakeholder determine design variable values
that correspond to their best and worst.
The first approach has the benefit that the scores 0 and 100 cannot be given to infeasible solutions, as can occur in the second approach. However, the second approach is more in line with the
subjective nature of the human decision-making process. Valuable
insight is gained by the stakeholders if decision variable values that
are scored 100 (and in a lesser extent 0) are not feasible. Additionally, it might be considerably faster to use the second approach if
the objective function is very complex.
When required, one or more points can be provided to create non-linear curves. When all points are provided, we can fit a
curve that is passing through them – a so-called preference curve.
Preference curves are referred to as preference functions. To fit
a curve passing through three points, we can either use analytical expressions or an interpolation function. In this course we are
using Piecewise Cubic Hermite Interpolating Polynomial (PCHIP)
as interpolation function. Compared to the standard cubic spline,
PCHIP eliminates the problem of overshooting (the fitted curve can
never exceed 100 or get below 0) which is important when dealing
with preferences that should be mapped on a fixed interval. Fig-
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ure 8.2 shows an illustration of a preference curve that fits three
coordinates.

Figure 8.2: Example of a preference curve.

Step 3: Specifying criterion and stakeholder weights
Stakeholders are providing weights (w1 , w2 , . . . , w M ) for each of the
objectives. The weights should add up to 1.
Step 4: Utilizing the preference functions
The objectives we have identified have their own units (euros, liters,
Pa, etc.) and we need to translate these to the preference domain.
In formula form, this means we need to transform the objective
Fm ( x ) to P ( x ), by using the constructed preference curve P ( Fm ).
All objectives are now expressed on preference scales thus avoiding the issues arising from the difference in unit of measurement
between the objectives.
Step 5. Setting up the optimization problem
The design/decision variables, their bounds, objectives, and constraints are now identified and need to be put into the model. The
model is built in Python and uses a custom Genetic Algorithm as
the basis of optimization. All necessary Python scripts are available, as are the examples described in this book.
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Step 6. Initial population generation
Based on the input data, GA generates the initial population where
each member of the population represents a candidate design solution/configuration. For each member, we determine the associated
overall preference rating.
Step 7. Preference aggregation and evaluation
A straightforward and commonly accepted approach for the aggregation of preferences is to use the weighted mean of the individual
preferences. However, this is not correct as the operations of addition and multiplication are not defined on this preference ratings
(see Barzilai (2022)). Instead, aggregation of preference should be
done within the affine space to synthesize an overall preference
score that provides the ‘best’ fit of all weighted (relative) scores
for all different stakeholders’ objectives. In other words, the correct way of preference score aggregation is based on finding the
aggregated preference that minimizes the least-squares difference
between this overall preference and each of the individual scores
in the affine space (see reference work of Barzilai (2022)).
Therefore, our final optimization problem can be rewritten as:
max T [ P1 (O1 ( F1 (x), F2 (x), ..., FJ (x))) , P2 (O2 ( F1 (x), F2 (x), ..., FJ (x))) ,
x

..., PI (O I ( F1 (x), F2 (x), ..., FJ (x))) , w1 , w2 , ..., w I ]
(8.1)

Where:

g1,2,...,K (O1,2,...,I ( F1,2,...,J (x)), F1,2,...,J (x))  0

(8.2)

• T: Tetra operator that solves the aggregated preference score
using the PFM theory.
• Pi (Oi ( F1,2,...,J (x))) for i = 1, 2, ..., I: Preference functions that
describe the preference stakeholders have towards the objective functions.
• Oi ( F1,2,...,J (x)) for i = 1, 2, ..., I: Objective functions that quantify the performance measures on which the stakeholders base
their decision.
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• F1,2,...,J (x): Design functions. These functions depend on one
or multiple design variables.
• x: A vector containing the design/decision variables x1 , x2 , ..., x N .
These variables are bounded such that lbn  xn  ubn , n =
1, 2, ..., N.
• w1,2,...,I : Weights for each of the preference functions. The
weights should be defined such that ÂiI=1 wi = 1.
• g1,2,...,K (O1,2,...,I ( F1,2,...,J (x)), F1,2,...,J (x)): Inequality constraint
functions1 .
Tetra is standalone multi-criteria decision-making software that
enables the selection of the best alternative for both, single- and
multi-stakeholder cases and based on PFM theory. Tetra was originally developed as a tool for a-posteriori decision-making but aggregation algorithm can also be used for optimization problems
where alternatives are not know a-priori. This does require a proper
integration between Tetra and GA optimization (see Appendix C).
As discussed in Section 7.4, another approach can be used to
evaluate which member of the population performs best: the weighted
min-max (goal attainment) method. In the case of the min-max
method the distance to a goal is minimized by the GA without the
need for aggregating preference scores.
In that case Equation 8.1 needs to be rewritten as:
min max[w1 (100
x

x

P1 ( f 1 (x)), w2 (100

P2 ( f 2 (x), ..., wn (100

PM ( f m x))]
(8.3)

In both optimization approaches the results are then evaluated
by the GA and the algorithm checks the termination criteria. If
these are not met, it proceeds to the next generation (Step 8). If a
termination criterion is met, we proceed to Step 9.
Interlude: GA parameter setting
The Genetic Algorithm has several parameters that can be tweaked
to increase convergence and runtime (for more info on the GA solving algorithm, see Appendix C). These parameters are listed as a
1 In

general mathematical optimization problem statements can also contain
equality constraints. However, for the design problems having a bounded solution space as discussed in this book these are rewritten as inequality constraints.
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dictionary in the code of all examples. The following parameters
are used:
1. Number of bits (n_bits): the real valued variables are constructed from bits in the GA. The more bits, the higher the accuracy. This improves convergence, however, also increases
runtime.
2. Population size (n_pop): number of members in the population. Should be big enough to prevent early convergence.
The more complex the problem, the higher your population
size. A good first estimate is 250 and try to improve the setting from there on.
3. Use of Tetra (tetra): True or False. When using Tetra for the
aggregation of the preference scores, this setting should be
true. Otherwise, it must be set to false.
4. Type of variables: variables can be of a different type, namely:
real valued (‘real’), integer (‘int), or boolean (‘bool’). This can
be specified in two ways:
a. var_type: can be used to set the type for all variables at
once. Must only be used if all variables are of the same
type!
b. var_type_mixed: must be used when not all variables are
of the same type. Is specified as a list of the same size as
the number of variables. For example: [‘real’, int’, ‘int’,
‘bool’, ‘real’].
There are also some parameters that influence when the algorithm stops running:
1. Number of iterations (n_iter): Number after which the algorithms is stopped if no other termination criteria is met. Prevents an infinite loop.
2. Maximum stall generations (max_stall): number of generations with no improvement before the algorithm is stopped.
If there is improvement or not, depends on one of the following:
a. Tolerance (tol): if the algorithm is configured to run without Tetra, this setting must be used. If the improvement
is lower than the set value, it will consider it like there is
no improvement.
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b. If the algorithm runs with Tetra, it will count the number
of generations that have the same set of design variables
as best outcome (see Appendix A for more information
about this). If this number reaches the number set as
max_stall, the algorithm will be stopped.
Step 8. Obtaining next generations
GA obtains the next generation of the population by means of survival, mutation and crossover and iterates through Step 7 until a
termination criterion is met (for more information on link between
the GA and Tetra solvers, see Appendix A and or B).
Step 9. Selecting the best individual – optimal design solution
When a termination criterion is met, GA selects the best individual
from the population. The best individual represents the optimal
design solution.
The aforementioned steps have been graphically summarized
in a flowchart within Figure 8.1. This best fit for common purpose design methodology was recently developed and automated
within the so-called Preferendus tool (see Zhilyaev et al. (2022)).
In the next chapters, the real-life added value of the developed
design/decision methodology and its application in systems engineering management are illustrated.
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Chapter 9

The Project Development Plan (New
Assets)
This chapter builds upon the Preferendus design1 methodology of
Chapter 4 from a project management viewpoint within a multistakeholder context. Typical design for tY aspects2 as affordability,
constructability, availability etc. are of interest. In other words, this
chapter deals with typical problems in which an engineering asset
manager has to add new functionality and or capacity to the engineering asset base (to extend existing systems). In such cases the
engineering asset management organization (or service provider),
defines a one-off project management organization (in- or external) to make and implement such a project development plan (read
project management).
To exemplify this project development plan (PDP), different exemplars will be demonstrated on the basis of the following real-life
(civil) engineering systems of interest:
• An extension of a Norwegian light rail system.
• A new German high voltage power system line.
• A new Scottish offshore floating wind farm at the North-Sea.
Note that the first problem/system of interest, is still without
integrating mechanical behavior (it only includes a real-life project
management extension, compared with the educative examples in
1 Design is also read as ‘a plan or scheme in the mind’. Therefore the design
methodology of Chapter 3 is the basis to arrive at a project delivery plan.
2 Quality of Services / Measures of Performance
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Chapter 3). In all the other exemplars also the mechanical behavior (including physical properties) has been integrated within the
design/decision making problems (see interlude in Section 9.2). Finally, another type of exemplars are introduced:
• Preference based Mitigation Controller
• Waelpolder urban planning.
The aim of these exemplars is to demonstrate the (1) application potential of the Prefrendus (2) state of the art R&D ongoing
Preferendus developments.
9.1. Exemplar: Norwegian Light Rail system
The Norwegian city Bergen wants to build a new section of its light
rail. The hope is that the extension of the light rail will facilitate
more jobs and houses, making it an interesting investment for the
municipality.
Design variables, objectives and constraints
There are two main design/decision variables: 1) the number of
stations along the route (design variable X1 ) and, 2) the number of
trains per hour (design variable X2 ). The route actually selected by
the municipality is shown in Figure 9.1.
Assume that the decision for the route is not made yet and that
we want to model the decision-making process.
We start by identifying leading objectives, bounds and constraints
for each relevant stakeholder.
Municipality
The municipality wants to maximize the development potential.
This potential can be expressed in two ways:
1. The value of a property increases if it lies in the vicinity of
a station. The increase in value also means an increase in
tax incomes for the municipality. Secondly, this will lead to
an increase in economic activity. Both will lead to an added
value of †500,000 per station.
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Figure 9.1: Light Rail trace as realized.
2. The number of trains per hour will influence the economic
activity in the surroundings. Less than 10 trains per hour will
influence this negatively, and more than 10 will be positive.
Both points will lead to the following objective:
Maximize Om = 500 000X1

25 000( X2 + 10)

Besides this, the municipality demands that the number of stops
is at least 1, excluding the beginning and end stops. This stop is at
Haukeland Hospital. Secondly, to assert a minimal level of economic activity, the number of trains per hour should be at least 2.
G1 = X1

1

G2 = X2

2

Users and inhabitants
For the users and inhabitants, value is added to the light rail if
their travel time decreases. The travel time is depending on a lot of
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variables (distance between stops, acceleration length, deceleration
length, minimal wait time), but for simplicity, we assume here an
average 1.5-minute travel time between stops. The average travel
time will secondly decrease fast by adding more trains on the route.
Minimize Ou = 1.5X1 + 60

1
X2

To assert good accessibility of the line, the minimal number of
stations should be 3 according to the users. However, there must
be no more than 10 stations, to prevent excessive disturbance due
to noise and vibrations.
G3 = 3  X1  10
Light rail operator
For the light rail operator, maintenance costs will be the determining objective. From literature, we can extract the costs per station,
which are around 120 000 euros per year. This value is influenced
by the number of trains per hour since the track will wear more
with an increased number of movements. The 120 000 euros is for
10 trains per hour and expected is that this number will decrease
by a maximum of 10% for a decreasing number of trains per hour,
and vice versa.
Minimize Oo = 120 000X1 + 0.1 ⇥ 120 000

X2

10

10
For profitability, the minimum number of stops must be 2. Otherwise, the line will attract too few users. The number of trains
cannot be higher than 20 per hour, to allow for safe operation.
G4 = X1

2

G5 = X2  20
Project organization
For the project organization, construction time is the leading objective. From literature, we can make a reasonable assumption for the
time needed to construct one station which is around half a year.
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Minimize O p = 0.5 ⇤ X1

Since the route needs to be finished within 5 years, the number
of stops cannot exceed 10, assuming no parallel construction can
take place.
G6 = X1  10

If we summarize the information from the previous section, we
come to the following objectives:
Maximize Om = 500 000 ⇤ X1

25 000 ⇤ ( X2 + 10)

Minimize Ou = 1.3 ⇤ X1 + 30 ⇤

1
X2

Minimize Oo = 120000 ⇤ X1 + 10% ⇤ 120000 ⇤

X2 9
11

Minimize O p = 0.5 ⇤ X1 + 1% ⇤ 0.5 ⇤ X2

All constraints given in the previous section are determining
the bounds of the solution space:
3  X1  10
2  X2  20
Preference functions
As discussed in Chapter 4, we distinguish two approaches for determining preference functions. The first approach searches for the
range of decision variable values for each objective by means of
maximization and minimization. Within the second approach each
stakeholder is asked for this range, regardless of the feasibility of
attaining this range. In this example, we apply the latter approach.
Note that the preference curve for the income of the municipality is non-monotonic. The municipality is not there to make
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the highest profit on a project, rather is there to facilitate the new
project. Making money is than still important, but not the highest
goal, hence this preference curve.
Similar, the preference for the operational costs is non-monotonic.
The given objective function is a simplification, but in the underlying functions, quality of material must be considered. The lower
the quality, the higher the risk of sudden breakdowns. Hence the
lowest operational cost does not have the highest preference.
To construct the preference curves, we now can define preferences for certain outcomes. This is done in Table 9.1.
Table 9.1: Preference points Bergen Light Rail.
Income Municipality
P = 60
P = 100
P=0

†5.25 * 106
†4.00 * 106
†1.30 * 106

Travel Time
P = 100
P = 80
P = 10
P=0

7.5 min
20 min
35 min
40 min

Operational Costs Building Time
P = 60
†350,400
P = 100 1.5 years
P = 100
†750,000
P = 95 2 years
P=0
†1.212,000
P=0
5 years

Plots of the resulting preference functions are shown in Figure 9.2.
Criterion and stakeholder weights
For this decision-making problem, the weights are as displayed in
Table 9.2.
Table 9.2: Weights per stakeholder.
Stakeholder
Municipality
Users & inhabitants
Light rail operator
Project organisation

Weight
0.2
0.4
0.3
0.1

Note that for this example the weight distribution represents
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Figure 9.2: Preference curves Bergen light Rail example.
each decision maker’s power in the design/decision making process.
A posteriori evaluation
We first evaluate the corner points to determine what the best solution is according to Tetra. The alternatives to evaluate are displayed
in Table 9.3. If we evaluate these alternatives, we get the outcome
as displayed in Table 9.4.
Table 9.3: Alternatives for evaluation.
Alternative

P1

P2

P3

P4

X1 = 3; X2= 2
0.00 11.00 60.00 60.00
X1 = 3; X2= 20 33.73 100.00 65.00 65.00
X1 = 10; X2= 2 81.74 0.00
8.00 8.00
X1 = 10; X2= 20 60.00 85.00 0.00 0.00
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Table 9.4: Outcome corner points evaluation.
Alternative
X1 = 3; X2= 2
X1 = 3; X2= 20
X1 = 10; X2= 2
X1 = 10; X2= 20

Rank Agg. Preference score
3
1
4
2

21
100
0
40

A priori optimization
Using the best fit for common purpose design methodology, the
preferred outcome of the decision-making problem is 3 stations
and 20 trains per hour. In Figure 9.3, this result is plotted. For
comparison, both the as-built solution and the solution obtained
via the Prefendus method are added. Figure 9.4 shows the preference curves and results.

Figure 9.3: Solution space including results.
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Figure 9.4: Preference curves including results.

Discussion on results

Note that the optimal outcome is not a corner point solution. This
illustrates the added value of the a-priori optimization method illustrated in this book.
The preference functions show that the objective of the municipality is in conflict with the other objectives. In light of optimizing
for the best fit for common purpose design point, it is then logical
that the final outcome favors the stakeholders other than the municipality, given that the weight (power) of the municipality is not
the highest of all the stakeholders. This is also what is expected
in the real case. A municipality’s goal is not to make the highest
profit on a project, rather to financially facilitate the new project so
that societal goals can be achieved. The as-built solution favours
the municipality, where the solution via Tetra favours the common
purpose for all stakeholders involved.
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9.2. Exemplar: German high voltage power system line
SuedLink is set to connect the offshore wind farms of the German North Sea and Norway with the industrialized area of South
Germany, enabling Germany to be closer to its goal to utilize 80%
power from renewable sources by 2050 (Figure 9.5). In the project,
High Voltage Direct Current (HVDC) was chosen over High Voltage Alternating Current (HVAC). DC transmission lines have gained
popularity for long distance transmission, however, the technology
is not as mature as AC which leads to higher risks. Although in reality SuedLink will be built fully underground, in this example we
assume that the choice for AC/DC and the lengths of underground
cables has not been decided upon yet.
Design variables, objectives and constraints
In this example, we will apply this case to the optimization methods that are discussed in this book. For this, we will use two design
variables:
1. X1 : the type of current (DC or AC)
2. X2 : the length of underground cable (ACU or DCU).
With a X2 and the overall length of 700km, we can also determine the length of over ground cable. From these two design variables and the constant overall length, we can thus construct four
different lengths:
1.
2.
3.
4.

Direct Current Underground, DCU
Alternating Current Underground, ACU
Direct Current Overground, DCO
Alternating Current Overground, ACO

These four parameters thus indirectly represent the design variables and are used in the objective functions below.
The route will pass some cities and waterways. At cities it will
need to pass underground, and at waterways it will mostly have to
pass over ground. These limitations constrain the problem:
300  X2  600
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Figure 9.5: SuedLink route. Source: energieheld.de.
Costs
The costs of installation for this project depend on the fixed costs of
transformers etc. and the costs per kilometre. Based on literature3 ,
we find that the fixed costs of the installation are lower for a HVAC
line, but the costs per kilometer are higher. Secondly, the costs for
underground cable is higher, since it will need isolation (for over
ground cable, the isolation is created by the air).
The objective can be constructed as:
3 Meah,

K., & Ula, S. (2007, June). Comparative evaluation of HVDC and
HVAC transmission systems. In 2007 IEEE Power Engineering Society General
Meeting (pp. 1-5). IEEE.
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Minimize Oc =

⇢

0.475 ⇤ ACO + 0.580 ⇤ ACU + 375
0.120 ⇤ DCO + 0.190 ⇤ DCU + 430

These costs are in ⇥ 106 .
Area
Overground high voltage lines use big masts in which the cables
are hung. This will this take up much more space than an underground route where the cables can be placed almost alongside each
other. To determine how much area we need, the number of conductors (i.e. individual power lines) need to be defined. These depend on the type of current and the line voltage. For this system,
details are given in Table 9.5.
Table 9.5: Configuration of power lines.
Current type Line voltage [kV] # of conductors
AC
DC

800
525

12
8

Only area right below or above the power lines is needed. However, power lines emit noise and magnetic flux, making the area
unusable for buildings etc.. In this example, we will account for
the noise component. The magnetic part is maybe even more important, but also quite extensive making it troublesome for this example.
For describing the noise, the paper4 of Chartier & Stearns is
used.
For AC, this gives the following formulas:
!
noiseAC = 10 ⇤ log
PWLi =
4 Chartier,

3

Â 10(PWLi

11.4⇤log( Ri ))/10

i =1

164.6 + 120log(e) + 55 ⇤ log(69.4)

V. L., & Stearns, R. D. (1981). Formulas for predicting audible noise
from overhead high voltage AC and DC lines. IEEE Transactions on Power Apparatus and Systems, (1), 121-130.
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And for DC:
noiseDC =

133.4 + 86 ⇤ log(e) + 40 ⇤ log(109.71)

11.4 ⇤ log( R)

With:
• e the voltage gradient in kV/cm. The following values are
used:
– For DC: e = 22kV/cm
– For the outer phase of AC: e = 13.66kV/cm
– For the inner phase of AC: e = 14.58kV/cm
R is the radial distance between the observer and the power
lines. For this example:
• The AC and DC lines are located 12 meters above the ground
• The distance between the three phases in the AC case are 20
meters.
The maximal sound level is assumed to be 45 dB(A). With the
equations above, we can calculate the distance from the power lines
where this sound level is reached:
1. For AC: 287 meters
2. For DC: 42 meters
These values need to be added to the already needed clearance
right below the power lines. This results in the following objective:
Minimize Oa =

⇢

(0.170 + 0.287) ⇤ ACO + 0.018 ⇤ ACU
(0.120 + 0.042) ⇤ DCO + 0.015 ⇤ DCU

Project duration
The installation of underground cables is more intensive than over
ground cables. More groundwork is needed, and these cables also
come in shorter pieces at once. Secondly, there is a difference in
conductors for the different current types, resulting in different
construction times.
Since the preparation duration is considered equal for all type
of currents and lengths of cables, only the duration of installation
is considered. This gives the following objective (in days):
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Minimize Od =

⇢

2.5 ⇤ ACO + 2.6 ⇤ ACU
1.8 ⇤ DCO + 2.2 ⇤ DCU

Interlude: socio-technical design/decision making
Engineering is fundamental in getting the correct input for many
decision-making problems. In this example, electro-mechanical properties influence the determination of the required area, which in its
turn is an important factor in the decision-making problem regarding SuedLink.
Many engineers are familiar with optimization in the engineering domain. Optimization of physical objectives such as forces, accelerations, weights, etc. is common practice in engineering. However, in real-world problems, it is often not as simple as optimizing
a single physical objective. Imagine sitting at a table discussing the
creation of a new asset for which you have engineered a part. You
optimized the structure so that forces are minimized. There might
be another engineer at the table totally content with this, however,
other stakeholders might be more interested in what it costs, how
it affects maintenance and operational scheduling, noise emission,
etc..
This illustrates that decision-making problems are not purely
technical problems and neither purely sociological. It is the combination of both, illustrating the need for a socio-technical design
optimization methodology. In this, we need to translate the physical objectives first to decision-making objectives.
Therefore here three steps from hard engineering design variables to preference is made so that the mechanical behaviour is
properly modelled within the design/decision system. In Figure
24 the total overview of the these relations can be seen schematically for the objective: area (time and cost objectives are fully independent from the engineering object variables). It is noted that this
is a threefold subject-object relation diagram : (1) parametric engineering object (physical-electromechanical/hard) (2) object-subject
objective (3) subject preference objectives (psychological/soft)
For this Example 8, the problem has been simplified by having
only a single engineering object design variable, which is the radial
distance to the conductors R (the others are assumed constant). In

Draft educational use only
117

Figure 9.6 it is shown how the engineering object variable noise/sound level is related to the preference ratings for area for this Example 8.

Figure 9.6: Threefold subject-object relation diagram.
Figure 9.7 shows how physical behavior variables for this en-
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gineering design problem relate to the psychological variable of
preference. The radial distance is a function of the sound level
(left graph). The sound level relates to the required area (middle
figure) and finally the amount of required area relates to a stakeholder’s preferences. We argue that the stakeholders’ preferences
are at the basis for any engineering design problem. This is why
we start with determining the stakeholders and their objectives because these need to be principally satisfied as much as possible.

Figure 9.7: Transition from the physical engineering (1) to the preference domain (3) for the area objective.

Preference functions
As discussed in Chapter 4, we distinguish two approaches for determining preference functions. The first approach searches for the
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range of decision variable values for each objective by means of
maximization and minimization. Within the second approach each
stakeholder is asked for this range, regardless of the feasibility of
attaining this range. In this example, we apply the latter approach.
To construct the preference curves, we define our preference for
given a range of decision variable values as stated by each stakeholder. The outcome of this process is shown in Table 9.6.
Table 9.6: Preference points SuedLink.
Costs

Area use

Project Duration

P = 100 †500 * 106 P = 100 20 km2 P = 100 1,300 days
P = 50 †600 * 106 P = 50 130 km2 P = 40 1,450 days
P=0
†800 * 106 P = 0 200 km2 P = 0 1,700 days

Plots of the resulting preference functions are shown in Figure 9.8.

Figure 9.8: Preference curves SuedLink.
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Criterion and stakeholder weights
For this decision-making problem, the weights are as displayed in
the table below. Both costs and time are taken as important. Time is
given this relative high priority due to the incentive to move faster
to renewable energy and the reduce the use of (Russian) fossil fuels. Note that we assume that for this case the objectives relate to
one stakeholder. In case objectives relate to single stakeholders the
weights represent power as shown in Table 9.7.
Table 9.7: Weights per stakeholder.
Stakeholder objective Weight
Installation costs
Use of area
Project duration

0.40
0.20
0.40

A posteriori evaluation
We can construct a solution space for the problem and evaluate the
corner points as a first optimization strategy. The alternatives to
evaluate are displayed in Table 9.8. If we evaluate these alternatives, we get the Tetra outcome as displayed in Table 9.9.
Table 9.8: Alternatives for evaluation.
Alternative

Pc Pa Pd

AC – 400 ACO – 300 ACU 9 9 6
AC – 100 ACO – 600 ACU 3 87 11
DC – 400 DCO – 300 DCU 80 81 52
DC – 100 DCO – 600 DCU 69 98 16

A priori optimization process
Using the best fit for common purpose design methodology, the
preferred outcome of the decision-making process is 400 km over
ground DC cable and 300 km underground DC cable. In Figure 9.9,
this result is plotted in the solution space. For comparison, both
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Table 9.9: Outcome corner points evaluation.
Alternative
AC – 400 ACO – 300 ACU
AC – 100 ACO – 600 ACU
DC – 400 DCO – 300 DCU
DC – 100 DCO – 600 DCU

Rank Agg. Preference score
4
3
1
2

0
22
100
63

the Preferendus solution and the minmax goal attainment method
are shown. Figure 9.10 shows the preference curves including the
results.

Figure 9.9: Solution space including results.

Discussion on results
We note that the resulting design point via the minmax method is
equal to the Preferendus design point. It can also be concluded that
the objectives relating to the use of area and the costs of the line are
aligned, where the time objective is not. In other words, the area
and costs objectives are conflicting with the project duration objective. The time objective has a similar weight as the costs objective,
so it would be expected that time and costs would have a similar
final preference score. However, this is not the case. This indicates
that a decrease in time would not only mean a decrease in preference for the costs, but also a significant decrease in use of area.
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Figure 9.10: Preference curves including results.
Since costs and use of area together have a higher weight than the
project duration, it explains why time has a lower final preference
rating than the costs
9.3. Exemplar: A floating wind project development at the
North-Sea
Offshore wind energy is a popular source of renewable energy and
is hence a fast-growing market. Currently, most wind farms are
built in relative shallow water, where monopiles can be used as a
foundation. These monopiles are large piles (diameters of up to 8
meters) that are driven into the seabed and on which the turbine is
placed.
Monopiles can only be used in situations where the water depth
does not exceed 50 meters. For most parts of the North Sea and
Baltic Sea, the water depth will not surpass this. However, for large
parts of the world, the threshold of 50 meters is exceeded. To enable harvesting the wind energy in these locations, other types of
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foundations are considered.
A promising solution for such locations are Floating Wind Turbines (FWT). Here the turbines are not placed on a fixed monopile,
but on a floating structure that is moored to the seabed by anchors.
See Figure 9.11 for an example of such a system.

Figure 9.11: Floating wind turbine (FWT) on a spar buoy with its
mooring. Source: utilities-me.com.
In this example, we look at a decision-making problem that surrounds the installation of 108 anchors for the mooring of 36 FWTs.
For the mooring, suction anchors are chosen. Suction anchors are
large steel buckets that are pulled into the soil by creating a vacuum inside the bucket. See Figure 9.12 for the different steps in the
installation process.
During the installation phase, a ship is needed to install all the
anchors. Three types of ships are considered here:
1. A small Offshore Construction Vessel (OCV).
2. A large OCV.
3. A barge.
See Figures 9.13 and 9.14 for an OCV and Barge respectively.
In the next subsections, different objectives of the decision-making
problem are discussed. Here also the design variables are introduced.
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Figure 9.12: Installation process for a suction anchor.
researchgate.net.

Source:

Figure 9.13: Offshore construction vessel. Source: offshore-mag.
com.
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Figure 9.14: Barge. Source: MarineTraffic.com.
Design variables, objectives and constraints
Project duration
The duration of the project is depending on several elements:
1. The number of vessels on the project. For this project the
maximum number of vessels is given as:
a. Small OCV: 3
b. Large OCV: 2
c. Barge: 2
2. The number of anchors that can be stored on deck:
a. Small OCV: 8
b. Large OCV: 12
c. Barge: 16
3. The duration of the installation of one anchor: 1 day / anchor
4. The time it takes to receive new anchors: 1.5 day.
After all anchors on board are installed, the vessel needs to resupply. This is time that the vessel is in use, but no progress is
made on the actual project. Hence, it is favorable to have large vessels from a time perspective. However, as you will see, employing
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these vessels is very time consuming. Balancing time and costs is
therefore a major challenge in these optimizations.
The project time is determined by a simple simulation of the
project duration. In summary, the objective can be written as:
Min OT = f nOCVsmall , nOCVlarge , nBarge
Where ni are respectively the number of small OCVs, large OCVs,
and barges. Refer to the script to see the details of this simulation.
Note that some simplifications are made.
From this objective we can distil our first three design variables:
1. X1 = nOCVsmall
2. X2 = nOCVlarge
3. X3 = nBarge
The bounds for these objectives also follow from this objective:
1. 0  X1  3
2. 0  X2  2
3. 0  X3  2

Finally, since there must be at least one vessel working on the
project, the following constraint should be added:
G1 =

( X1 + X2 + X3 ) + 1  0

Costs
The costs of this project are the most important objectives for both
client and contractor. There are two elements that contribute to the
costs of the project:
1. The costs of the anchor;
2. The time the ships are working on the project.
To determine the costs of the anchors, we first need to determine the dimensions. These become part of the decision-making
problem, by considering the diameter and penetration length of
the anchors design variables in this optimization problem:
X4 = Danchors
X5 = Lanchors
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For practical purposes, the following bounds are assumed:
1.5  X4  4
2  X5  8

To determine the optimal values for these parameters, we can
add a constraint that makes sure that the resistance of the anchors
to the pull force by the anchors is high enough:
G2 = L ⇤ De ⇤ Np ⇤ su  Fpull
De = D + t = D + 0.02 ⇤ D

To determine the price of the anchors, we assume that it consists
of the raw steel price (†815/mT), plus a fixed price of †40,000 per
anchor.
The costs depend on the type of ship used and is determined
by multiplying the days a ship is needed (calculated in the time
objective, see previous subsection) by the day rate of the ships. The
following day rates are assumed:
1. OCV small: †47 000
2. OCV large: †55 000
3. Barge: †35 000
This results in the following objective:
3

Min OC = ( Ma ⇤ 815 + 40 000) ⇤ n a + Â ni ⇤ ci
⇣

⌘

i =1

p
⇤ D2 ⇤ t ⇤ 7.85
4
Where n a is the number of anchors; ni the number of small
OCVs, large OCVs, and barges resp.; ci the corresponding day rates.
Ma = p ⇤ L ⇤ D ⇤ t +

Fleet utilization
A ship that is not utilized is quite expensive. Therefore, it is interesting for the contractor to have as many ships as possible working
on a project. For this, fleet utilization is added as an objective. In
this example, this is just simply the sum of vessels on the project.
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Ma OF =

3

Â ni

i =1

Where ni are the number of small OCVs, large OCVs, and barges
respectively.
CO2 emissions
It becomes increasingly important to consider emissions during
offshore installation campaigns. Hence, this objective is also considered in this optimization problem. Bigger and older vessels will
have a higher impact on the CO2 emissions of the project, and this
will result in a balance between time, money, and emissions.
The emissions are calculated by multiplying the (assumed5 ) CO2
emissions of the vessels (per day) by the number of vessels and
time they are in use on the project. The assumed emissions are:
1. OCV small: 30 mT/day
2. OCV large: 40 mT/day
3. Barge: 35 mT/day
The resulting objective is then:
Min O_E =

3

Â ni ⇤ Ei

i =1

Where ni are the number of small OCVs, large OCVs, and barges
resp.; ci the corresponding emissions.
Integrating mechanical behavior into the design/decision making
Also here the three steps from hard engineering design variables
to preference is made so that the mechanical behavior is properly
modeled within the design/decision system. In Figure 9.15, the total overview of the these relations can be seen schematically for the
objectives: time, cost and CO2 emissions (the fleet utilization objective is fully independent from the engineering object variables).
It is noted that this is a threefold subject-object relation diagram :
5 https://www.oilandgasiq.com/drilling-and-development/articles/offshore-

support-vessels-leading-emissions-reduction
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(1) parametric engineering object (physical-mechanical/hard) (2)
object-subject objective (3) subject preference objectives (psychological/soft)

Figure 9.15: Threefold subject-object relation diagram.
For this Example the problem has been simplified by (1) limiting the engineering object design variables to L and D; (2) making the objectives T and CO2 independent of the mechanical object
variables. In Figure 9.16 it is shown how the engineering object
variable net(Ranchor -Fpull ) force is related to the preference ratings
for anchor costs for this example.
This relation between engineering variables and preference ratings can be done similarly for the objectives time and CO2 emissions (note within the overall optimization problem within this example these relations have been ignored).
As discussed in the interlude section on socio-technical design/decision making (see page 116), physical objectives and variables need
to be translated to the social-technical domain to be part of the
decision-making problem. In this example, we see another case in
which this is the case. Even if it is not an objective on its own, the
constraint for the pull-out force is influencing the decision-making
problem via the costs.
We again use the PCHIP interpolation function to fit a curve
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Figure 9.16: Transition from the physical engineering (1) to the
preference domain (3).
through the different coordinates. For this, we use the interpolation
points as given in Table 9.10. The resulting graphs can be found in
Figure 9.17.
Criterion and stakeholder weights
For this decision-making problem, the weights are as displayed in
Table 9.11.
Optimization process
Using the discussed method, the preferred outcome of the decisionmaking process is:
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Table 9.10: Preference points for floating wind problem.
Project duration

Costs

P = 100 44 days P = 100
P = 40
80 days P = 30
P=0
200 days P = 0
Fleet utilization
P = 100
P = 50
P=0

7 ships
3 ships
1 ship

†9.00 * 106
†12.00 * 106
†17.00 * 106

CO2 emission
P = 100 1 400 tonnes
P = 40 20 000 tonnes
P = 0 55 000 tonnes

Figure 9.17: Preference curves floating wind problem.
Table 9.11: Weights per stakeholder.
Stakeholder
Project duration
Costs
Fleet utilization
CO2 emissions

Weight
0.25
0.35
0.15
0.25
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•
•
•
•
•

OCV small: 1
OCV large: 0
Barge: 1
Penetration length anchor: 3.55m
Diameter anchor: 1.5m

In Figure 9.18 the outcome is plotted on the preference curves.

Figure 9.18: Preference curves including results.

Discussion on results
This example gives a first insight into the possibilities for the Preferendus in problems where hard engineering aspects need to be
considered. The outcome of the problem gives a direction during
the tender phase and is likely to streamline this process. Note that
the outcome is not a corner point but lies on an edge (in the fivedimensional space), illustrating the added value of the fit for common purpose method.
The outcome is not what would be intuitively expected. From
a cost’s perspective, it is not straight-forward to consider doing the
project with more than one vessel, since these are the assets that
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make up most of the costs of the project. However, by considering
the other objectives, using only one vessel is not the most favorable.
Adding vessels does not make the project much more expensive: if
we look at the final preference score for the costs objective, it is
almost 100.
This illustrates why going only for costs is not always the best
strategy. In a simple example like this, one might still be able to
come to this solution via a discrete optimization, but this is nonfeasible for the actual projects due to the complexity. Currently,
one of the graduation students of the E&S section of CEG is working on implementing the best fit for common purpose method on
actual floating wind farm projects. Students that want to know
more about this or want to do a similar graduation thesis, are free
to contact one of the authors of this book.
9.4. Exemplar: Preference based Mitigation Controller
“Construction projects management require dynamic mitigation control ensuring the project’s timely completion by a best fit for common purpose strategy for all stakeholders. Current mitigation approaches are usually performed by an iterative Monte Carlo (MC)
analysis focusing on lowest cost strategies which does not reflect
(1) the project manager’s goal-oriented behavior (2) automated network restructuring potential (3) multi-dimensional optimization criteria for best fitting mitigation strategies. Therefore the development statement within this paper is to design a method and implementation tool that properly dissolves all of the aforementioned
shortcomings ensuring the project’s completion date by finding the
most effective and efficient mitigation strategy. For this purpose,
the Mitigation Controller (MitC) has been developed using an integrative approach of non-linear optimization techniques, probabilistic Monte Carlo simulation and preference function modeling.
MitC’s applicability is demonstrated using a recent tunnel construction within one of the largest Dutch infrastructure construction projects
showing its added value for multi-criteria decision making on-therun. It is shown that the MitC is a state-of-the-art decision support tool that a-priori automates and optimizes the search for the
best set of mitigation strategies for common purpose rather than aposteriori evaluating the potentially sub-optimal and over-designed

Draft educational use only
134

CHAPTER 9. THE PROJECT DEVELOPMENT PLAN (NEW ASSETS)

mitigation strategies (as commonly done with modern scheduling
software such as Primavera P6). The extended MitC has proven its
added value within a real-life project context”.
This text is part of a key publications on engineering systems
design/decision making, in which the Mitigation Controller(MitC)
is implemented to dynamically control project’s timely completion
by a best fit for common purpose strategy for all stakeholders (see
Kammouh et al. (2022, 2021a) and/or https://github.com/TUDelft-Odesys/
MitC).
Within, this Exemplar, the focus is primarily single objective
optimization strategies (time or costs) on-the-run where different
preferences and multi-projects optimization have not been incorporated yet. is Currently this is being developed within state-ofthe-art R&D projects of the group of the authors of this book (Logiquay: Adaptive Multi-Actor Multi-Modal Closed-Loop Planning
and Logistics for Renewal and Renovation of Urban Bridges and
Quay Walls (NWA.1431.20.005)). These projects are continuing to
integrate the Preferendus with earlier MitC works (see Kammouh
et al. (2022, 2021a)) to enhance systems engineering optimization
with the best fit for common purpose methodology. As soon as this
R&D works get into the final phase, this Example will be replaced
by a demonstrative result from this projects.
9.5. Exemplar: Waelpolder urban planning
The use of open glass box mathematical models greatly helps to resolve such situations to pinpoint the exact reason why the design
process got stuck. Most commonly the reason for the stalemate
situation can be traced back to a few conflicting constraints. The
model is used to find these constraints and related stakeholders. A
check is then performed on whether these individual stakeholders
are willing to relax their constraints. If constraints can be relaxed
then the design process can proceed, if constraints cannot be relaxed the project can be considered infeasible.
For solving complex urban planning design problems Planmaat6
6 The

first attempts of applying mathematical optimization techniques for
solving urban design problems date back to 1982 (Berkhout et al. (1982)).
Berkhout’s group applied their techniques to a number of real life projects to develop it into an urban design methodology. The efforts of the group of Berkhout

Draft educational use only
135

Waelpolder is an area development project between ‘s-Gravenzande
and Naaldwijk in the municipality Westland. The area will be a
residential neighborhood with a focus on greenery. Waelpolder,
together with other sub projects, is part of the Waelpark area development. An overview of Waelpolder is shown in Figure 9.19.

Figure 9.19: Waelpolder overview.
The first goal of the application to Waelpolder was to investigate which design methodology, Preferendus or the minmax goal
attainment, is best suited to support the urban design decisionmaking process.
The second goal for Waelpolder was to test the acceptance of
the Preferendus. Investigating the acceptance is linked to the entire
process of the Preferendus, starting with the input and ending with
a design. The approach is accepted if the stakeholders endorse the
added value in the use of the Preferendus.
With regards to the second goal the stakeholders expressed that
they preferred the design obtained using the Preferendus method.
The minmax method optimization results were deemed less satisfactory for the group as a whole. Although there was a differentiation in stakeholder satisfaction when using the Preferendus, the
optimization result was more diverse and attractive. As an example, where the Preferendus result showed a pronounced housing
were finally captured in the doctoral thesis of Loon (1998). A spin-off company
called Planmaat uses these techniques still to this day for solving complex urban
design problems, mostly in cases where stalemate situations arise.
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differentation, the minmax result showed very little housing differentation making it a rather bland end result.
With regards to the second goal the stakeholders showed great
interest in this new approach for solving urban design problems.
The stakeholders appreciated that the model can give insights into
the consequences of certain requirements. Stakeholders did not
expect that the stated requirement would still allow for as many
houses as the optimization results showed. The representative of
the municipality wants to use the Preferendus within the organization to show the effects of adjusting certain constraints and coefficients (f.i. parking norms) are adjusted.
Overall, this project has shown promising results that make traditional LP techniques a thing of the past.
For details on this project application the reader is referred to
the work of van Eijck, Nannes ‘Preference based decision support
system for Waelpolder: An a priori design optimization approach
(PDOA) as decision support system, applied to the urban development of Waelpolder’, see repository.tudelft.nl.
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Chapter 10

The Service Operations Plan (In Service Assets)
This chapter builds upon the design1 methodology of Chapter 4
from an operations management viewpoint within a multi-stakeholder
context. For these examples typical design for tY aspects2 as maintainability, serviceability, usability, safety etc. are of interest. In
other words, this chapter deals with typical problems in which an
engineering asset manager has to operate his in-service engineering assets while safeguarding the Quality of Service (QoS) levels
by e.g., small/large maintenance, upgrades/ renovations and or
renewals. In such cases the engineering asset management organization (or service provider), has an on-going operations management organization in place which guarantees the QoS levels of
the existing in-service engineering asset base by executing (and or
adapting) the in-service operations plan3 on-the-run. Finally it is
noted that for an optimal service operations plan a system thinking approach is required to arrive at a best fit for common purpose
plan. The so-called 3C-planner method has recently been develop
1 Design is also read as ‘a plan or scheme in the mind’. Therefore the design
methodology of Chapter 3 is the basis to arrive at a service operations plan.
2 Quality of Services / Measures of Performance
3 The integration of a Project Delivery Plan (one-off new projects management
for new engineering assets and or large project asset interventions, see Chapter4)
and a Service Operations Plan (ongoing in-service operations management of existing engineering assets) is usually called the ‘rolling’ Strategic Asset Management plan (SAMP for a certain planning time horizon). So, in other words, the
SAMP is the overarching management plan for the service provider comprising
of a PDP and a SOP.
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to accommodate for multi-system intervention optimization of (interdependent) infrastructures (see Kammouh et al. (2021b)).
To exemplify this service operations plan (SOP), two examples
will be demonstrated on the basis of the following real-life (civil)
engineering systems of interest:
• A Dutch rail level crossing system, where maintenance and/or
renewal is to be planned, and
• Multi-system intervention optimization for interdependent
infrastructure.
Note that within the first problem/system of interest also the
mechanical behavior (including physical properties) has been integrated within the design/decision making problem. For the next
problem the focus is on multi-system service intervention planning
and optimization, where both the mechanical behavior and tradeoffs based on individual preferences have not been incorporated
yet (this is currently part of state-of-the-art R&D projects within
the group of the authors of this book).
10.1. Exemplar: A rail level crossing operational problem
Railway and roads cross each other regularly on so-called levelcrossings. Since heavy vehicles also need to be able to cross, the
railway is often cast into a concrete foundation. However, the mechanical properties of this concrete foundation are very different
from the foundation of the rest of the rail road track. Due to this difference, a transition zone is created to make the transition smooth.
This makes it more comfortable for the passengers and decreases
maintenance costs. See Figure 10.1 for an example of a level crossing and its transition zone.
Design variables, objectives and constraints
In this example, we try to optimize the design of the transition zone
based on objectives coming from different stakeholders. Normally,
this design is depending on multiple design variables, but for now,
we limit ourselves to two of them:
1. X1 : the distance between the sleepers. Sleepers (NL: dwarsliggers) are the concrete (or sometimes wooden) beams which
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Figure 10.1: Level crossing and its transition zone.
businesswire.com.

Source:

support the rails, as part of the ballast bed.
2. X2 : the number of sleepers in the transition zone. The transition zone consists of a different type of sleepers than the rest
of the rail track.

Three objectives are identified and are discussed below. For
these objectives, we need the force and acceleration of the rail track
on the level crossing transition. Normally, these are the result of
extensive numerical calculations (which currently is carried within
a PhD project of EAM R&D group). For this example, we simplified these mechanical relations between these variables by using an
interpolation of the discrete numerical calculation results for different X1 and X2 . These interpolated results are shown in Figures 10.2
and 10.3.
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Figure 10.2: Resulting force on the rails in the transition zone, depending on X1 and X2 .
Maintenance costs (Opex)
The design of the transition zone is mainly driven by the related
maintenance costs. Large forces and accelerations will lead to a
higher wear of the rail track and foundations, increasing the maintenance costs. Hence, the objective connected to this can be written
as a function of the force and acceleration. For this, we first normalize the force and acceleration and combine them via the root sum
square. The objective can then be written as:
norm F =

F

Fmin
Fmin
amin
amin

Fmax
a
norm a =
amax
q
agg f ,a = norm2F + norm2a

Minimize Om = agg f ,a ⇤ 15 000
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Figure 10.3: Resulting acceleration of the rails in the transition
zone, depending on X1 and X2 .
With F the force and a the acceleration. The resulting costs are
per year.
Travel comfort
The comfort of passengers is an important factor to consider in the
design. As a practical example, the train crossing the level crossing should not result in passengers spilling their coffee. To integrate this into the decision-making problem, a simplified objective
is added that describes the travel comfort as a function of the normalized acceleration:
Maximize Oc = 1

norm a

With a the acceleration and C a constant (here set at 8).
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Investment costs (Capex renewal)
Lastly, the costs of investment need to be considered. More sleepers
will mean a higher riding comfort and less maintenance, but also
result in higher investment costs. However, more sleepers and over
a larger distance, will mean the investment costs for the rest of the
rail will reduce. Hence, the following objective is added:
Minimize Oi = X2 ⇤ 1000

X1 ⇤ X2 ⇤ 350

Preference functions
In this example we use the PCHIP interpolation to construct the
preference functions. For this, we use the interpolation points as
given in Table 10.1. The resulting graphs can be found in Figure 10.4.
Table 10.1: Preference points for the level crossing example.
Maintenance Costs Travel Comfort Investment Costs
P = 100
P = 50
P=0

†0
†6,000
†30,000

P = 100
P = 40
P=0

1
0.3
0

P = 100
P = 40
P=0

†0
†15,000
†15,000

Integrating mechanical behavior into the design/decision making
Also here the three steps from hard engineering design variables
to preference is made so that the mechanical behavior is properly
modeled within the design/decision system. In Figure 10.5, the
total overview of the these relations can be seen schematically. It
is noted that this is a threefold subject-object relation diagram: (1)
parametric engineering object (physical-mechanical/hard) (2) objectsubject objective (3) subject preference objectives (psychological/soft).
Figures 10.6 show how the engineering object variables force
and acceleration are related to the preference ratings for maintenance costs for this example.
This relation between engineering variables and preference ratings can be done similarly for the objectives travel comfort and investment costs
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Figure 10.4: Preference curves level crossing problem.

Figure 10.5: Threefold subject-object relation diagram.
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Figure 10.6: Transition from the physical engineering (1) to the
preference domain (3).
Criterion and stakeholder weights
For this decision-making problem, the weights are as displayed in
Table 10.2.
Table 10.2: Weights per stakeholder.
Stakeholder
Maintenance costs
Riding comfort
Costs of Investment

Weight
0.40
0.40
0.20
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Optimization
Using the Preferendus method (as discussed in the previous chapters), the optimal design point yields as: a sleeper distance of 0.38
meters and 4 sleepers, as can be seen in Figure 10.7. In Figure 10.8
the associated preferences for this optimal design point are also
plotted.

Figure 10.7: Solution space of level crossing problem.

Discussion on results
If we look to the figures with the interpolated force and accelerations, we see that the number of sleepers has a much lower influence on the outcomes than the sleeper spacing has. Secondly, it can
be said that in general a higher spacing means a higher force and
acceleration.
This means that if we look to the objectives about maintenance
costs and travel comfort, we expect a low spacing between the
sleepers whereas the number of sleepers has a relative low influence on the outcome of these objectives. For the third objective, the
investment costs, the number of sleepers has a large influence and
the lower the number the better the outcome of this objective.
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Figure 10.8: Preference curves including results.
However, for this third objective, it is also more favorable to
have a higher spacing. Hence, in the optimization, we have to find
the ideal balance in spacing, as we can expect that the outcome for
the number of sleepers will be on the lower bound (ie. X2 = 4).
The result of the optimization shows this balance. In the result,
preference is given to reducing the forces and accelerations rather
than reducing the investment costs. Apparently, reducing the investment costs will lead to an overall reduction of preference. This
follows also from the distribution of the weights, where the higher
collective weight is given to the objectives that want a lower force
and acceleration. It might, therefore interesting to see what would
change by another distribution of weights. This is left to the reader.
10.2. Exemplar: Preference based 3C-planner
“The well-being of modern societies is dependent upon the functioning of their infrastructure networks. This paper introduces the
3C concept, an integrative multi-system and multi-stakeholder optimization approach for managing infrastructure interventions (e.g.,
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maintenance, renovation, etc.). The proposed approach takes advantage of the benefits achieved by grouping (i.e., optimizing) intervention activities. Intervention optimization leads to substantial savings on both direct intervention costs (operator) and indirect unavailability costs (society) by reducing the number of system interruptions. The proposed optimization approach is formalized into a structured mathematical model that can account for the
interactions between multiple infrastructure networks and the impact on multiple stakeholders (e.g., society and infrastructure operators), and it can accommodate different types of intervention, such
as maintenance, removal, and upgrading. The different types of
inter-dependencies, within and across infrastructures, are modeled
using a proposed interaction matrix (IM). The IM allows integrating the interventions of different infrastructure networks whose interventions are normally planned independently. Moreover, the
introduced 3C concept accounts for central interventions, which
are those that must occur at a pre-established time moment, where
neither delay nor advance is permitted. To demonstrate the applicability of the proposed approach, an illustrative example of a
multi-system and multi-actor intervention planning is introduced.
Results show a substantial reduction in the operator and societal
costs. In addition, the optimal intervention program obtained in
the analysis shows no predictable patterns, which indicates it is a
useful managerial decision support tool”.
This text is part of a key publication on engineering systems design/decision making, in which the 3C-planner method is implemented to accommodate for multi-system intervention optimization of interdependent infrastructure (see Kammouh et al. (2021b),
and/or https://github.com/TUDelft-Odesys/3C-planner).
Within this exemplar the focus is on multi-system service intervention planning and optimization, where both the mechanical
behavior and trade-offs based on individual preferences have not
been incorporated yet. Currently this is being developed within
state-of-the-art R&D projects of the group of the authors of this
book. These projects are continuing to integrate the Preferendus
with earlier works (see Kammouh et al. (2021b) and/or Klerk et al.
(2021)) to enhance systems engineering optimization with the best
fit for common purpose methodology. As soon as this R&D works
get into the final phase, this Example will be replaced by a demon-
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strative result from this projects.
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Chapter 11

Final Conspection
In this book we showed how design/decision problems can be
modeled and solved using mathematical optimization. The model
consists of a set of constraints that, hopefully, define a solution
space in which the optimal design is defined as the synthesis of
all stakeholder’s objectives. The optimal design is the result of
optimization on the design’s fitness for common purpose. Some
of the constraints are defined by the stakeholders (social sciences)
and normally relate to their respective objectives. There are also
constraints that relate to physics (natural sciences). Stakeholder
constraints are considered negotiable which can allow for resolving stalemate situations where the feasible set is empty.
With regards to the use of linear programming for this purpose
we concluded that this technique is of limited use for solving design/decision problems as it does not extend naturally to group decision making. It can only produce compromise solutions that are
aimed at the maximization of the satisfaction of single stakeholders. A typical approach to overcome this problem - the constraint
method – is also of limited use because it still relies on unstructured
negotiation on these compromise single stakeholder solutions.
To prevent the need for negotiation we employed an MCDA
method called Tetra that is based on sound mathematical foundations and therefore allows for properly measuring the overall preference for each compromise design solution and selecting the solution with the highest overall preference rating. It does, however,
not remove the problem of having to choose between sub-optimal
compromise solutions. We therefore need to go from a posteriori
149
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choice making between compromise solutions to a priori optimization to find the solution that represent the synthesis of all stakeholders interests, the best fit for common purpose design solution.
For this purpose we introduced the best fit for common purpose
design methodology. This approach required each stakeholder’s
objectives, the constraints that apply to the design/decision making problem, the preference functions that relate a stakeholder’s
preference ratings to physical design variable values and the weights
that apply to criteria and stakeholders. This information enables
the application of a genetic optimization algorithm to find the solution that: 1) has the highest overall group preference rating, and
2) meets all constraints. The Tetra algorithm is used to determine
the aggregated overall preference rating of a candidate design solution.
We also introduced a second approach for finding the optimal
design called the min-max method that works by minimizing overall stakeholder dissatisfaction. In other words, the min-max paradigm
is that the optimal solution is the solution where each stakeholder
has to ‘give in’ an equal amount. This is in contrast with the use of
Tetra where the paradigm is the search for the design solution with
the highest overall preference rating, regardless of whether some
stakeholders have to give in more than others. From the examples
we conclude that the min-max approach is outperformed by the
Tetra approach which is shown to be a better model of the real life
decision making process.
The design methodology proposed here offers a novel way of
integrating hard engineering systems and soft social systems to
model design problems where both feasibility and desirability need
to be taken into account. We translated vague societal needs into
crisp physical engineering design variable values. Feasibility is
taken into account by properly defining the relations between these
variables. This prevents the generation of candidate solutions that
are highly desirable but infeasible. Desirability is taken into account with the use of preference functions that link the natural sciences domain to the social science domain.
We showed that within the proposed design methodology engineering variables such as force, acceleration, etc. are not at the
basis of a design/decision problem. At the basis lie societal needs
that are expressed by stakeholders in objectives relating to design
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variables. However, we have also seen that objectives often are conflicting and that the reason for such conflict relates to how hard engineering design variables (natural sciences) and soft stakeholder
design variables (social sciences) relate to each other. The railway
crossing example showed how riding comfort (soft) relates to force
(hard) which also relates to maintenance costs (soft1 ). Enhancing
riding comfort will immediately affect maintenance costs and vice
versa. The proposed design methodology properly reflects this because both feasibility and desirability into account.
Within the proposed design methodology we make use of a
new measurement theory called Preference Function Modeling (PFM)
because it is based on sound mathematical foundations and uses
proper scales for measuring preference. This resolves the problems
of relative preference ratings but also the problem of proper aggregation of preference scores and weights.
Systems thinking was applied to look at the design problem as
a whole, taking stakeholders interests as the starting point. This
is the opposite of starting to focus only on typical engineering elements of the system and disregarding their relationship with stakeholder interests. Simplified calculations are used as starting points
to relate the different (engineering) variables. Only when required
further detailing of the system is done to improve the quality of the
model.
Note that the best fit for common purpose design methodology takes stakeholders’ subjective preferences as the basis for design/decision making and is therefore fully preference-based. All
stakeholder preferences are then linked to objective physical design
variables. In contrast, typical classical monetization approaches
take money as the basis for translating stakeholder’s preferences.
This is problematic as choice is not synonymous to money but synonymous to preference as we choose those objects that we prefer.
Money is a medium of exchange, not a property of an object. It is
part of the economy because the amount of money to be paid for
an object is dependent on demand and supply. Because economics
is not part of the natural sciences but part of the social sciences,
it relates to a human’s preferences, but only indirectly. Because of
this indirect relationship we take preference as the basis for the de1 Note

that economics are part of the social sciences and that money is not a
property of an object.

Draft educational use only
152

CHAPTER 11. FINAL CONSPECTION

sign/decision making methodology.
Other classical methodologies work by generating a so-called
Pareto front which should represent a set of equally preferred design/decision solutions. In search for the most fit for common
purpose design solution we need to find the most preferred solution, not a set of equally preferred solutions from which the decision makers still have to choose by means of negotiation. For the
reader’s reference: Appendix C contains a list of a priori and a posteriori methods with their respective pros and cons.
Applying the Open Design Systems methodology introduced
in this book is what Daniel Kahneman, world-famous psychologist
and winner of the Nobel Prize in Economics, calls ‘thinking slow’
as opposed to intuitively ‘thinking fast’. Kahneman (2013) distinguishes between two systems that drive the way we think. System
1 is fast, intuitive, and emotional; System 2 is slower, more deliberative, and more logical. The logical aspect relates to the unbiased
modeling output that cannot be any other than a true reflection of
all stakeholders’ preferences. It is not uncommon that the model
output surprises stakeholders in the sense that it defies intuitive
prejudices about possibilities and impossibilities. In other words,
applying Open Design Systems methodology allows the creation
of a model that ‘talks back’.
The Open Design Systems methodology is congruent with the
negotiation principles based on the Harvard Negotiation Project,
advocated by Roger Fisher and William Ury in their book “Getting
to Yes” (Fisher et al., 1997). These negotiation principles aim for
reaching mutually satisfying solutions by focusing on stakeholder
interests, rather than positions, working together to find creative
and fair solutions. The methodology proposed in this book can
be considered the implementation of these negotiation principles
within an optimization framework.
Some concluding remarks. In the examples weights were used
to express the importance of criteria but also of stakeholders. When
using weights to express the importance of stakeholders we introduce the power game. Who is to decide what weight/power each
stakeholder gets? In a democratic setting the number of seats may
be used for that purpose, but the rationale for choosing the weights
for expressing a stakeholder’s power in a typical design problem
remains a matter for debate.
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We started this book with some questions: ‘Why, so often, do
we build what no one wants?’ ‘Why, so often, are decisions leading
to sub-optimal solutions?’ ‘Why, so often, is an engineering design
not fit for common socio-eco purpose?’.
In this book we introduced a methodology for truly connecting and closing the gap between human preferences, engineering
assets behavior and transparent design/decision support models
which are crucial to offer unprecedented opportunities and ‘bridges
for anywhere’ solutions within a socio-technical systems development context.

Figure 11.1: The Erasmus Bridge, bridging the socio-technical gap.
We finish this book with a final question:
‘Why , so often, are decisions leading to normative absolutions?’
In other words, it is not uncommon that design processes lead to
predetermined solutions that represent what politicians or policy
makers consider to be the group optimum. The design process is
in that case not open ended and unbiased but predetermined and
normative. The methodology we present takes human interests as
starting points and are considered to reflect each decision maker’s
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preferences. The output of applying the design methodology is
unknown up front but, from a logical point of view, because only
mathematical operations are applied to the input, non-biased and
free of any manipulation.
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Appendix A

Research & Development Methods

Modeling and simulation (silico)0
Type

Orientation

Method/technique
●

Development validation

●
●

●

Research evaluation Development validation

●
●

Mathematical
●

●

Research evaluation Development validation

Mngt.
&
Phys.

●
●
●
●

Logical

Research evaluation Development Validation

●

Research evaluation

●

●
●

●

Digital
Development validation

●

(Non)-linear programming1
Dynamic programming
Preference Function Mod.
Stat. meth.2/data mining
Neural networks
Prob. Methods3/
forecasting
Analytical (PDE
continuous)
Numerical (finite
elements)
Discrete events
System dynamics
Agent based
Adaptive pathways
Diagramming4
Functional/OCD design
Scenario validation
Diagramming4
Software utilization5
Software developing5

Figure A.1: Research and development methods overview.
0

Research modelling has generally a descriptive/confirmative
orientation to understand questions/hypotheses for the body of
knowledge. Development has generally a ameliorative/constructive orientation to enable problems/prototypes for the body of products.
159
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Experimenting and observation (vitro/vivo)

Mngt.
vitro
Mngt.
vivo
Phys.
vitro
Phys.
vivo

Type

Orientation

True experimental

Research evaluation Development Validation

Quasi6-true experimental

Research evaluation Development Validation

Pre experimental5

Research evaluation

True experimental

Research evaluation Development Validation

Quasi6-true experimental

Research evaluation Development Validation

Pre experimental5

Research evaluation

Method/technique
●
●

●
●

●
●

●
●

●
●

●
●

Statistical methods2
Serious gaming / observ.
methods (human process)
Statistical methods2
Observational methods8
Statistical methods2
Observational methods8
Statistical methods2
Lab or mock-up /
observational methods8
(physical object)
Statistical methods2
Observational methods8
Statistical methods2
Observational methods8

Figure A.2: Research and development methods overview.
1

Using different algorithms such as genetic algorithms, simplex
algorithm, negotiable constraints, etc.
2 Regression analysis, q-method, structured expert judgement,
MCDA (eg. Preference Function Modelling, AHP), random forests, data and image processing, etc.
3 Such as Bayesian networks, Markov chains, stochastic processes, etc.
4 Frameworks, process flow charts, organization models, breakdown structures, swimming lanes, relation diagrams, etc.
5 Object models (e.g. UML), entity relationship models or XML
schemas or other computer programming languages techniques
(Python, semantic web design, JSON, etc.)
6 Could also be performed as a pre-modelling context analysis
7 Quasi is like a true experiment, a quasi-experimental design
aims to establish a cause-and-effect relationship between an independent and dependent variable. However, unlike a true experiment, a quasi-experiment does not rely on random assign-ment.
Instead, subjects are assigned to groups based on non-random criteria.
8 Active and structured data and information acquisition from
a primary source (objects/human) that also involves observing behaviour in the environment in which it typically occurs (structured,
controlled, naturalistic, participative): e.g. sensors, inter-views,
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audits etc. It also contains a specific research method to observe
the impact of human actions named action research: i.e., action research is a philosophy and methodology of research generally applied in the social sciences. It seeks transform-ative change through
the simultaneous process of taking action in vivo and doing research, which are linked together by criti-cal reflection.
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Appendix B

Linear versus Nonlinear Optimization
When it comes to optimization problems with multiple objectives,
three different approaches can be taken:
• A priori – preferences of stakeholders are defined before the
beginning of the optimization process.
• A posteriori – preferences are defined after the optimization
process is complete and a set of possible solutions is found.
• Interactive – a combination of the abovementioned methods
where preferences are provided during the optimization run.
Within this course, you will only be working with a priori methods. As mentioned, within those methods preferences of stakeholders are being collected and introduced into optimization before running it. When preferences – expressed as weights and preference functions – are collected, we can transform our multi-objective
optimization problem into a single objective one. This, in turn,
enables us to use single-objective optimization algorithms that are
less complex and faster (optimizations with multiple objectives are
essentially running multiple single-objective optimizations within
a single run).
There are multiple optimization algorithms available for solving single-objective optimization problems and it is very important
to understand what kind of problem you are dealing with. The following characteristics of the problem should be considered:
• What objective function you are dealing with - linear/nonlinear, continuous/intermittent, differentiable/black-box? If
the objective function is nonlinear, is it convex or nonconvex?
163
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• What kind of variables do you have - real, integer, Boolean?
Do they have bounds?
• Do you have constraints?
• If you have constraints, what kind of constraint function you
are dealing with? (The characterization is the same as for the
objective function)
The very first thing to think of is if your problem is linear or not.
Linear problems are those problems where both, objective and constraints, are linear. If either the objective function or one of the constraints is nonlinear, your problem is nonlinear. Linear problems
are simple to solve and you will always get a definitive solution to
your optimization problem. However, when it comes to non-linear
optimizations, things become more complicated.
Within non-linear optimization, non-linear functions are generally divided into two subcategories: convex and nonconvex. Take
a look at FigureB.1 depicting two functions – one convex and one
nonconvex. By definition, a function is convex if when you draw a
straight line between any two points of this function, the resulting
line will lie above every single function point within this interval.
Or, in other words, the resulting straight line will not intersect with
the function graph (see the red dotted line in the figure).

Figure B.1: Convex and nonconvex functions.
Nonconvex functions introduce another complication to opti-
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mizations – multiple optima. Look at the figure above, at the nonconvex function. Let’s say we want to minimize it. It has two minima – one local and one global. Looking at the figure, you can
clearly say which point is lower (and, thus, better) because you can
see both of them. However, when running optimizations, we don’t
see the whole picture and basically are trying to find the best option while being blindfolded. We can first find the local optima and
stop there thinking it is the best because we don’t know that another one exists and is better. When it comes to convex problems,
they always have only one optimum and this optimum is global.
Following this logic, nonlinear optimization algorithms can be divided into local (suitable for convex problems, looking for a local
optimum) and global (suitable for nonconvex problems, looking
for a global optimum).
As it was mentioned, the number of existing optimization algorithms is very large. Similar can be said about the ways of classifying those. Figure B.2 provides a simplified classification of optimization algorithms and further in the text you can find a short
description of each category. Be aware that this is not a definitive
guide to optimization algorithms and that the landscape is much
more broad and complex. However, a deep dive into optimization
concepts and mathematics is beyond the scope of this book.

Figure B.2: Classification of optimization algorithms.
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B.1. Linear optimization algorithms
Linear optimization algorithms are dealing with problems where
both, objective and constraints, are linear.
Those algorithms are very fast. Different variations are available and can handle mixed-integer problems (problems where some
of the variables are integer and some are real-valued) as well as
equality and inequality constraints. However, the applicability of
those algorithms is limited since not many real-world optimization
problems are strictly linear. For the linear Examples in this book
we used the following linear solver: SciPy.optimize.minimize
B.2. Nonlinear optimization algorithms
When the objective or one of the constraints in an optimization
problem is nonlinear, it is necessary to use nonlinear solving algorithms. These can be roughly classified into local, multistart and
global.
Local optimization algorithms
As follows from their name, this category of algorithms is looking
for a local optimum. Or to be more exact, they look for any optimum that they can find and stop as soon as they have found an
optimum. It can happen that they will find a global optimum this
way but it is impossible to know and depends on the optimization parameters. A typical example of this group of algorithms are
gradient-based algorithms.
Figure B.3 shows the same non-convex function we used before. Let’s say we want to minimize it. The algorithm is initiated
by the user providing a feasible starting point that lies within the
solution space. Let’s say it is point A in the figure. Then, the algorithm calculates the gradient in that point – a derivative of the
objective function. We know that in the point where the function
reaches its minimum, the first derivative is equal to zero and the
second derivative is positive. In point A our gradient is negative
so the algorithm will start searching for minimum by moving in
the direction of the increasing gradient (following the arrow in the
figure). It will continue until it finds the point where the gradient
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becomes equal to zero – point A’. Since the second derivative in
point A’ is positive, this is our optimum and the algorithm stops
the search.

Figure B.3: Gradient-based optimization.

However, if we will start from point B, the algorithm will end
up in point B’ which is a local minimum and will not find the global
optimum. This illustrates the key limitation of local optimization
algorithms – the optimization result is highly dependent on the
starting point. Those algorithms can be safely applied to convex
problems but are not suitable for nonconvex ones.
Depending on the complexity of the problem, it might be complicated to find a suitable local solver. For example, while many of
them accept continuous variables, much fewer work with mixedinteger problems. Not all of the algorithms allow constraints or
only allow inequality constraints. In many cases, they require functions to be differentiable and are not working with black-box functions.
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Multi-start optimization algorithms
The idea behind multi-start algorithms is to use a local solver but
instead of starting from a single initial point, start from multiple.
Then when each instance has found a solution, those are compared
between each other and the best one is selected. This way, it is possible to explore a larger area of the solution space and find a better
solution compared to a regular local optimization while using the
same algorithm. Those methods are, thus, taking an intermediate
position between local and global algorithms.
Global optimization algorithms
Global optimization algorithms have tools that allow them to search
for the global optimum in optimization nonconvex optimization
problems, to more efficiently explore the solution space and to avoid
getting stuck in a local optimum. However, outside of some special cases, even global optimization algorithms cannot guarantee to
find the global optimum for nonconvex problems.
Population-based algorithms
The idea behind population-based algorithms is instead of working with a single point, they work with populations of solutions.
A population is a set of feasible solutions. It is initiated somewhat
randomly in the beginning of the optimization (it is more complex
than that but this is beyond our scope) and then evolves as time
goes by. A single step is called a generation. Population-based
algorithms are developed in a way that each new generation is
better than the previous one and, thus, is closer to the optimum.
Figure B.4 illustrates an example of population-based optimization
progress. We start from an initial population consisting of 10 members scattered around the solution space. At the intermediate population, you can see it is migrating towards two minima that this
function has. In the final population, most of the members ended
up in the global optimum and some beyond it. The best member
of this population is then selected as the optimum solution (in this
case, it will be one of those 6 members that ended up close to the
global optimum). The ways populations evolve depend on the algorithm and we will not go into detail on describing it here.
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Figure B.4: Population-based algorithm progress (taken from
Maier, Holger R., et al. "Introductory overview: Optimization using evolutionary algorithms and other metaheuristics." Environmental modelling & software 114 (2019): 195-213.).

The number of different population-based algorithms is immense
but the most commonly used are genetic algorithm (GA), differential evolution algorithm, particle swarm algorithm, ant colony algorithm and artificial bee algorithm.
There are differences when it comes to what kind of problems
each of those algorithms support and there are also multiple modifications and additions to each of the algorithms. However, it is
safe to say that population-based algorithms are much more universal than local ones. For example, some genetic algorithms can
be used for solving black-box problems as well as mixed-integer
problems with linear and nonlinear equality and inequality constraints.
Note that a GA is inherently stochastic in nature. The (semi)randomness of the initial (start) population makes it necessary
to validate the optimization result(s) by running it multiple times
with different start populations. This is to check if there are no convergence issues that prevent the GA from resulting in an ambivalent optimization outcome. Moreover, within the Odesys methodology that has to result in a best-fitting design, it is even more important to do this generic validation step to check if we truly arrive
at a single design point.
In the Examples of this book where we use the Preferendus
methodology (link between the optimization algorithm and the Tetra)
a proprietary algorithm was developed based on the fundamentals
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of different standard GA solvers1 . This proprietary? Preferendus
algorithm can be found on https://github.com/TUDelft-Odesys/
Preferendus_core_scripts.
Single-point algorithms
As it follows from the name, this category of algorithms is not operating with populations but instead with a single point. In this
regard, they are similar to local algorithms. However, in contrast
to local ones, single-point global search algorithms have features
allowing them to escape local optimums and search a larger area of
the solution space. However, the result to a high degree depends
on the parameters selected. Two typical examples of this type of
algorithms are pattern search and simulated annealing.
Let’s take a quick look at how the pattern search algorithm works.
The idea behind it is very simple. Figure B.5 illustrates the search
process using the pattern algorithm. We have a starting point around
which we build a pattern. An example of a commonly used pattern
is a so-called compass or cross where we have four pattern points
located right, left, above and below the central point (see panel (a)
in Figure B.5). The algorithm evaluates the function value in the
central point and all pattern points and finds the best of those (in
case we want to minimize a function, the lowest value). Then it
moves the central point to the one that had the best function value.
In our example provided in Figure B.5, it is moved North/up. Then
the process is repeated. Sometimes it can happen that the central
point will have the best value compared to the pattern points. In
this case, the pattern is contracted (shrunk) and the values are evaluated again (panel (e) in Figure B.5). The process continues until
we reach termination criterion which is normally related to the size
of the pattern – when it becomes very small, there is no feasible
upgrade in results anymore since the central point almost doesn’t
move.
1 GA

sources (as also can be found on Github):
Brownlee, J.
(2021, March 3).
Simple genetic algorithm from scratch in Python.
Machine Learning Mastery.
Retrieved November 25, 2021, from
https://machinelearningmastery.com/simple-genetic-algorithm-from-scratchin-python/. Kramer, O. (2008). Self-adaptive heuristics for evolutionary
computation. Springer. Solgi, R. M. (2020). geneticalgorithm: Genetic
algorithm package for Python. GitHub. Retrieved April 20, 2022, from
https://github.com/rmsolgi/geneticalgorithm
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Figure B.5: Population-based algorithm progress (taken from esa.
github.io/pagmo2/docs/cpp/algorithms/compass_search.html).
There are versions of single-point algorithms that allow constraints and can work with mixed-integer problems. However, they
are generally not as thorough as population-based algorithms and
are better used for smaller problems. When the search space is
large, population-based algorithms perform better.
Surrogate optimization
If the objective function is computationally expensive and takes
a long time to evaluate or when it is a black-box function, surrogate optimization can be utilized. The idea behind surrogate optimization is to build a “surrogate” – a function that approximates
another function that is normally too computationally expensive.
The whole surrogate optimization process can be divided into three
stages:
• Sampling
• Surrogate function fitting
• Optimization of the surrogate
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Surrogate optimization is often used in cases where your objective function is calculated within some dedicated software package but it is not known how exactly it is calculated or it is known
but the process is slow. For example, the energy consumption of
a building is a very important parameter and is a commonly used
objective in building design optimization. However, it is normally
being calculated using energy simulation software such as EnergyPlus where each simulation takes several minutes. The whole
optimization process includes many iterations and can take days
in this case. However, it is possible to build a surrogate model that
would approximate the outputs of energy simulation software and
use it in optimization. That would greatly speed up the optimization process.
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Appendix C

Preferendus Genetic Algorithm
In the search for an optimal solution within the Preferendus by a
Genetic Algorithm (GA), the preference scores of alternatives on
all criteria need to be aggregated. Preference aggregation is a key
principle within design/decision making. It determines how individual preferences are integrated in group decision making, which
is thereafter reflected in the design. A straightforward and commonly accepted approach for the aggregation of preferences is to
use the weighted mean of the individual preference scores. However, this is not correct as the operations of addition and multiplication are not defined on these preference scores (see Barzilai).
Instead, aggregation of preference scores should be done according the mathematical operations that are defined in the one dimensional affine space. The overall group preference score is the synthesis that provides the “best” fit of all weighted (relative) scores
for all different subjective objectives. In other words, the correct
way of preference score aggregation, according to PFM theory, is
based on finding the aggregated preference score that minimizes
the least-squares difference between this overall preference score
and each of the individual scores of all stakeholders’ criteria. We
use PFM because it is based on a mathematical well-founded theory of preference measurement. For doing so, we use the Tetra software which incorporates a solver based on the before mentioned
preference aggregation, see https://scientificmetrics.com/. Note
that classical multi-criteria design/decision making analyses, including the Pareto analyses, which use the weighted arithmetic
mean algorithm, contain modelling errors that render their out173
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comes meaningless.
With the use of this PFM based aggregation method we, however, complicate the optimization process by introducing relative
ranking. Secondly, when using Tetra, all preference scores are normalized to a defined scale between 0 and 100, where 0 equals the
‘worst’ scoring alternative and 100 equals the ‘best’ scoring alternative.
The phenomenon of relative ranking follows the principle that
introducing new alternatives influences the preference scores of all
alternatives. For example: scoring someone’s performance an 8
([0,10]) is good when everyone else is scored a 6 or lower, but bad
if everyone else is scored a 10. In the most extreme case, typically
when a non-competitive alternative is introduced, this might even
lead to rank reversal: the previous best result is not the best anymore but is surpassed by a runner up.
Both aggregation characteristics introduce two problems which
makes it necessary to modify a GA out of the set of standard GAs.
Typically, a GA will check if a score in the population of the current generation is lower (for minimization) than the previous lowest score. Since in our case the best score is, however, always 100, a
GA will see no improvement, and this makes it impossible to reach
an optimal solution. This is the first problem.
Secondly, in the case of the open design systems type of constrained design/decision problem (using the Preferendus), it might
be that an infeasible solution is scored the best. This can happen
since constraints are checked after the aggregation of preferences.
The best feasible alternative in the population will then have a
score lower than 100. This is a problem since:
1. The initial population is randomly generated, and it is expected that the outcome of the objective function is spread
throughout the solution space. Because of this large spread
and because all scores are normalized:
a. The score of a good alternative can be approximated as
equal to 100.
b. The score of a bad alternative can be approximated as
equal to 0.
2. However, if time progresses, every new generation will contain better results and the relative distance between solutions
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in the generation will decrease.
3. Since the spread in possible solutions decreases, but all scores
are still normalized to [0,100], the relative distance between
aggregated scores increases.
Consequently, it might be that an improved solution in a new
generation will result in a lower aggregated preference score, making convergence problematic.
To overcome these problems and to make it possible to achieve
convergence with a GA, a modification is required. The relative nature of the aggregation algorithm makes it impossible to compare
each generation with each other one-on-one. This comparison can
however be made if it is performed in the same relative world. The
fix for the problems described above is, therefore, to utilize the aggregation algorithm also for the check if there is an improvement.
For this, an additional step is added to a GA. After checking
what the best score in the current population (Gn ) is, this score
is added to a list. This list contains the best design variables of
all generations (Gn , Gn 1 , Gn 2 , . . . , Gn=0 ) and is evaluated by the
objective function. The result is a list with aggregated preference
scores corresponding to the generations. If there is an improvement, the aggregated preference score for the last generation must
be the highest of all generations. When this is not the case, no improvement is made from generation Gn 1 to the current generation Gn . This addition has been implemented within the current
version of the Preferendus, https://github.com/TUDelft-Odesys/
Preferendus_core_scripts (including all the links to GA modules as
used).
The modified and further developed GA solving algorithm, as
described above, which in combination with the Tetra solver shows
effective and efficient convergence, can be found in van Heukelum
et. al. (to appear 2022).
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Appendix D

A priori versus a posteriori Methods
Multi-objective optimization applies to decisions that need to be
taken in the presence of trade-offs between several objectives (of
different stakeholders) that are in conflict. Objectives relate to design/decision variables that stakeholders are interested in. In terms
of decision making these are the decision criteria. Several methods
have been devised to solve multi-objective optimization problems.
A limited but most commonly used set is described below and the
pros and cons of each is summarized in a table. We distinguish
between two main approaches: 1) a posteriori methods and 2) a
priori methods. For background information the reader is referred
to classical literature on engineering design optimization (e.g. Martins & Ning, 2021).
D.1. A posteriori methods
A posteriori methods: we determine (all the) potential solutions
and make a decision afterwards.
Weighted objective function
We use the ‘weighted objective function’ method, and give different values to weights to cover all the possible combinations. We
use an optimization algorithm to find optimal solutions. We plot
the solutions we arrived at: the Pareto front. We select a solution
within the Pareto front.
Pareto optimal solution: none of the objective functions can be
improved in value without degrading another objective function
177
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values. All Pareto optimal solutions are considered equally good.
Stakeholders still need to negotiate on selecting the design point
on the Pareto front. The Pareto front is used in the a posteriori
decision-making process.
Preference Function Modeling
We determine the preference ratings of solutions we obtained by
optimizing on single objectives i.e. relevant criteria. We assign
weights to the criteria. We use the PFM algorithm to determine
the overall preference ratings of solutions to determine which solution has the highest overall preference rating. Preference ratings
for decision variable values (criteria) are determined using linear
or nonlinear interpolation (curve fitting).
D.2. A priori methods
A priori methods: we translate the multi-objective problem into a
single objective optimization problem.
Weighted objective function
Assign weights to criteria which define the relevance/importance
of the criteria. Use the weighted sum method to aggregate scores
of candidate solutions to and use an optimization algorithm to find
the local/global optimum solution. We use an optimization algorithm to find optimal solutions. We plot the solutions we arrived
at: the Pareto front. We select a solution within the Pareto front.
Pareto optimal solution: none of the objective functions can be
improved in value without degrading another objective function
values. All Pareto optimal solutions are considered equally good.
Stakeholders still need to negotiate on selecting the design point
on the Pareto front. The Pareto front is used in the a posteriori
decision-making process.
Goal attainment
Each criterion has an associated target value. We use an optimization algorithm to find the optimal solution by minimizing the largest
difference between target values for criteria and the values of a candidate solution. Also called the min-max method.
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Preference Function Modelling
For each criterion preference function curves are defined and weights
attached. The PFM algorithm is used to aggregate scores and weights
into overall preference ratings. An optimization algorithm is used
to find the local/global optimum solution.
Figure D.1 summarizes the pros and cons of each approach.
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A posteriori methods
Pros
●

Cons

Relatively easy to apply.

●

●

Weighted
objective
function
(as used within
Pareto front)

●

●

●

●

Preference
Function
Modeling

●

●

Based on a sound mathematical
foundation.
Stakeholder preference is the basis of
optimization.
Considers the social aspect of
decision-making problems (sociotechnical optimization)

●

●

Mathematical operations are applied in
mathematical spaces where they are
not defined.
Problems with representation when
preference or utilization are ignored,
since then only weights are evaluated.
Negotiation or a method like PFM is
still needed to select the best fit for
purpose solution from a Pareto Front.
Conveying / representing outcomes is
problematic when more than 3
objectives are considered.
Ignores the social aspect of decisionmaking, which is unnatural.
Aggregated alternative scores are
relative and dependent on the set of
alternatives under consideration.
Aggregation algorithm unknown.

A priori methods
Pros
●

Weighted
objective
function

●
●

●

Goal
attainment

●
●

●

●

Preference
Function
Modeling

●

●

●

Searches for a global/local optimum
that decision makers can accept/reject.
Easy to apply.
No major problems with convergence.

Searches for a global/local optimum
that decision makers can accept/reject.
Relatively easy to apply.
Does not violate PFM theory.

Based on a sound mathematical
foundation.
Allows stakeholder to express nonlinear preference functions.
Stakeholder preference is the basis of
optimization.
Considers the social aspect
(preference) of decision-making
problems (socio-technical optimization)
Relative ranking of alternatives is
representative for real-life DM

Cons
●

●

●

●

●

●

●
●

Mathematical operations are applied in
mathematical spaces where they are
not defined.
Problems with representation when
preference or utilization is ignored,
since then only weights are evaluated.
Stakeholder preference is translated in
deviation from target value in relative
terms – linear proxy of preference.
Limited representation of a decision
problem because individual satisfaction
is considered more important than
group satisfaction.
Aggregated alternative scores are
relative and dependent on the set of
alternatives under consideration;
requires modification of optimization
algorithm.
Search algorithm convergence is
problematic.
Aggregation algorithm unknown.
Can be slow for large complex
objective functions (e.g., railway
dynamics)

Figure D.1: Overview of optimization approaches.

