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1 Introduction 
 

This chapter addresses an introduction to optimal design of a complex systems in the particular 

case in which the model representing the system requires the evaluation of a computer intensive 

simulation. The response surface methodology is introduced as a tool in this optimization 

scenario, together with iterative algorithms derived from it. This topics are grouped in section 1.1 

in the form of a problem statement. This is followed by an outline of the main objective of this work 

together with some specific objectives derived from it, as presented in Section 1.2.The chapter 

ends with an outline of the document (section 1.3).  

1.1 Problem statement 
Traditional engineering design has been defined as a sequential process consisting in: exploring 

the alternative that could satisfy the specified need, formulating a mathematical model of the best 

system concept, specifying parts to construct a system, and selecting a material from which to 

manufacture a part (Dieter, 2009). The design process is commonly divided in three stages: 

conceptual design (problem definition, information gathering, concept generation, evaluation of 

concepts), embodiment design (product architecture, configuration design, parametric design) 

and detail design. By nature, traditional design is a sequential process in which it is commonly 

required to return to a previous step in order find a better configuration or to meet specific 

manufacturing specifications based on the results of, for example, costly prototypes and 

experimentation. Optimal design has evolved from traditional design by asking the question: of all 

possible designs, which is the alternative that meets the requirements with the best possible 

performance? Solving this question at the embodiment stage has a dramatic economic impact 

through the rest of the design process and results in high performance products. In order to 

achieve this, the design problem must be expressed in terms of a mathematical model that defines 

the aspects of the design that can be changed (design variables) to produce a required output 

performance of the system (objective function) within a feasible set of solutions (constraints). 

Multi-objective or multi-criteria design optimization is the scenario in which many objective 

functions representing the different performances of a complex system must be optimized 

concurrently, while satisfying the design problem constraints. Natural compromises between 

performances arise, and thus an increase in one performance might be associated with a 

decrease on another. This is reflected on the fact that no single optimal solution exists in a multi-

objective problem, but rather an infinite set of optimal solutions -called Pareto Optimal Set-which 

describes the compromise relationship between performances. This special set of solutions offers 

a map into all design configurations, and gives the designer the possibility of choosing a particular 

trade-off between solutions. There are many approaches to solve the optimization problem, but 

its formulation is essentially the same for every approach (Papalambros, 2000; Mastinu 2007). 

Finite element analysis (FEA) has become the predominant tool in the design of modern 

engineering systems, due to its capabilities for capturing the details of the response of complex 

geometry and model conditions in scenarios like structural, fluids and electromagnetic design 

problems. Analytical modeling is powerful and inexpensive, but it commonly fails when the 

geometries or special conditions on the problem are not typical. The extent to which explicit 
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mathematical models are applicable often requires the definition of strong assumptions. 

Experimentation based design on the other hand is very expensive.  FEA offers an alternative to 

both experimental and analytical methods by modeling the problem as a discrete set of nodes 

(points in space) and performing numerical calculations at the discretized domain by means of a 

computer with a FEA package. Interpolations are carried out in the spaces between nodes. The 

accuracy of the solutions depends on the number of nodes of the model with a cost in 

computational time. More nodes produce a more accurate solution with increased computational 

effort and time, while less accurate models are less computer intensive. When the mathematical 

formulation of the design of a complex system problem is represented by a FEA model, special 

conditions arise. Even with today’s computational resources, some models may take hours, even 

days to complete a single simulation for a particular design configuration. Optimization strategies 

require the evaluation of several points in the design space (i.e. to simulate several different 

design configurations) in order to determine the optimal solution. Two challenges arise from this 

situation, the first of them related to the computational cost and solution time of a particular 

optimization problem: several tradeoff decisions must be taken depending in nature of the 

problem, from problem formulation to the optimization methodology; inexpensive simulations may 

allow large spaces of design variables and many function evaluations while  heavy models may 

be limited to a small number of design variables and time constraints, thus requiring special 

treatments. The second challenge is the main challenge that arises in optimization and that 

concerns to the nature of the function being optimized: is the solution a local or a global optima? 

Global optimization algorithms like simulated annealing and genetic algorithms may produce 

approximate global solutions but require too many evaluations, thus being impractical for 

reasonable solution times of computationally intensive problems. Local algorithms are more 

efficient but may not converge to a global solution, giving in some cases very poor results.  

Response surface methodology (RSM) is a collection of statistical and mathematical techniques, 
useful for developing, improving, and optimizing processes. It also has important applications in 
the design, development, and formulation of new products, as well as in the improvement of 
existing product designs (Myers, 2016). Given any inputs for a process (or design variables in a 
design), a response surface constructed by attaining the output of a system. The output could be 
the result of a costly experimentation or a time consuming computer simulation. Since each 
evaluation requires a lot of effort in its nature, performing an optimization based on many function 
evaluations is impractical. The information gained in every evaluation must be managed with care. 
That is what the response surface method is about: it consists in a sequential process in which a 
set of points in the design space is carefully selected –this is called design of experiments (DOE), 
followed by the selection of a suitable model to represent the response – known as metamodeling- 
and finally by fitting the actual response to the selected model. The quality of the approximation 
is checked via statistical techniques. If the response is not acceptable, another meta-model or 
regressive technique must be chosen in order to better represent the process. Once the explicit 
regressive function is obtained and the level of approximation is accepted, optimization is carried 
out on that explicit function rather than in the actual model, taking virtually no time to perform. 
RSM optimization is approximate in nature, and the more points in the design, the better that 
approximation will be. It will come however with an increase in cost. Thus, a balance between 
quality of the response and cost of its evaluation must be considered. This approach is particularly 
useful while working with time constrains, due to the fact that evaluations can be planned in time 
and are not subjected to any convergence delay. The response surface methodology has attained 
great popularity in the last 30 years around the design of systems represented by finite element 
models. Although originated from the statistical perspective of physical experimentation (Box, 
1951; Myers, 2016), it has become the main gradient-free method for optimization based 
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simulation. Historically, finite element packages have not incorporated within its codes the 
capability of assessing gradient information due to the complex formulation of non-linear models 
(this reality has begun to change in the last decade with the addition of new optimization modules 
to the traditional finite element packages). Gradient information is needed for typical optimization 
algorithms of non-linear functions. The alternative to this problem consists in the evaluation of 
several design points (stored and manipulated outside the finite element package) with the aim 
of obtaining information about the response. Finite differences have proven to fail in assessing 
correctly the gradient information. Response surface methodology has become a very popular 
alternative to this problem, in applications such as optimization of crashworthiness design and 
metal forming, in which the response is highly non-linear (Stander 2002). 
 
This work proposes a methodology for finding the set of Pareto optimal solutions of a multi-criteria 

design problem, involving multiple design variables and constraints, in which the model of the 

system is represented by a computer intensive FEA simulation. Iterative versions of the response 

surface method are considered in the form of algorithms in connection with a simple multi-

objective optimization strategy. 

1.2 Objective 
The main objective of this work is to propose a methodology for the optimal design of complex 

systems involving multiple objectives, design variables and constraints, and modeled by a 

computer intensive simulation. The methodology will be based on the implementation of iterative 

response surface algorithms and its integration with a multi-objective strategy. 

A series of specific objectives have been proposed to reach the main objective, and are presented 

below.  

1.2.1 Specific objectives 

 To explore different algorithms based on the response surface method, oriented to obtain 

approximate solutions of computer intensive FEA optimization problems. The proposed 

algorithms must be implemented in test cases comprising mathematical functions and 

simple FEA simulations in order to characterize and compare their performance with other 

optimization strategies.  

 

 To integrate the mentioned algorithms with a multi-objective optimization strategy. This 

novel integration is intended at a deep level of understanding on the side of the iterative 

response surface method algorithms, with an intuitive well-known strategy of multi-

objective optimization.    

 

 To formulate and solve a complex system design problem in order to implement the 

proposed methodology. The understating of algorithms and their integration with the multi-

objective strategy through test cases, should provide enough insight to attack a complex 

real application design problem.  
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1.3 Document outline 
Chapter 2 provides a review on the state of the art of the subjects that make the foundation for 

the methodology of integration between multi-objective optimization and iterative response 

surface algorithms for computer intensive problems. The topics on multi-objective optimization 

are presented first and oriented towards generic problem formulation. A strategy for solving multi-

objective problems is presented. Then, a change of subject is done in order to introduce the 

aspects of the response surface method, because this work is concerned with optimization over 

computer intensive models (where the response surface method comes as an effective strategy). 

Finally, two algorithms derived from the ideas of the response surface method are presented.  

Chapter 3 presents the methodology followed in this work in two levels. A first abstract level is 

related to the novel proposition of a methodology (as an outcome of this work) for integrating the 

iterative response surface methods with a multi-objective optimization strategy. Since the 

consolidation of the methodology proposal depends upon the results of the implementation 

chapters (chapters 4 and 5), the general aspects that it should comprehend are outlined in the 

form of decision blocks to take into consideration depending upon the nature of the problem. A 

second level is related to the necessary methodological steps followed in the subsequent chapters 

towards the goal of consolidating the methodology described at the abstract level.  

Chapter 4 is where the material related to iterative response surface algorithms is implemented 

in the form of test cases. This chapter also includes the first approach of integrating the algorithms 

with a multi-criteria optimization strategy when the problem under consideration is modeled by a 

simple computer simulation. All the results on this chapter are intended to prepare the elements 

that built up the methodology to be used on the real application of a complex system. 

Chapter 5 deals with the integration methodology on the design of a real application complex 

system, modeled by a computer intensive simulation. The results from the implementation chapter 

(chapter 4) are taken into consideration for making the decisions associated to each decision 

block (as outlined in chapter 3) that best suit the design case. This chapter presents a final 

synthesis on the details associated to the decision blocks complementing the ideas of chapter 3, 

consequence of process followed in the design case and in chapter 4.  
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2 Review of state of the art techniques on optimal design and 

response surface methodology 
 

This chapter addresses a state of the art review on the topics that make up the material for the 

methodology to be proposed in this work, and its implementation on test cases (Chapter 4) and 

in the case of study (Chapter 5). Section 2.1 introduces some general notions on optimal design 

of complex systems in order to get a grasp on multi-objective optimization problem formulation 

and solving strategies. Section 2.2 explores the response surface method, as a strategy for 

optimization of computer intensive models in the design of complex systems. Finally, section 2.3 

presents the iterative response surface algorithms that are based on the ideas of response 

surface method. The methodology to be proposed aims at integrating these algorithms with the 

material of section, 2.1 related to multi-objective optimization.   

2.1 General notions on optimal design of complex systems 
The concept of design was born the first time an individual created an object to serve human 

needs. From the early days of engineering, the goal has been to improve the design so as to 

achieve the best way of satisfying the original need, within the available means (Papalambros, 

2000). The design process has had many definitions over the years, but in essence, it must 

contain a recognition of need, an act of creation and a selection of alternatives. Traditional design 

approaches this tasks in an orderly and sequential fashion, based on a series of activities oriented 

to accomplish them (for details on the traditional design process refer to Dieter, 2009). The 

selection of the “best” alternative is the phase of design optimization. This phase involves 

(Papalambros, 2000): 

1. The selection of a set of variables to describe the design alternatives, called design 

variables. 

2. The selection of an objective (criterion), expressed in terms of the design variables, which 

must be minimized or maximized. 

3. The determination of a set of constraints, expressed in terms of the design variables, which 

must be satisfied by any acceptable design. 

4. The determination of a set of values for the design variables, which minimize or maximize 

the objective, while satisfying the all the constraints  

2.1.1 Definition of system performances and objective functions 
The physical behavior of an actual physical system is described by a number of system 

performances. In order to determine the performances to any inputs, a model of the system 

relating inputs to outputs must be established. The model may take the form of an analytical 

model, an experimentation or a computer simulation. The physical model of the system expressed 

in any of such ways may be incorporated into another mathematical model suited for optimization. 

If the system performances can be quantified and expressed in mathematical form, then the 

mathematical expressions are called objective functions (Mastinu, 2007). Objective functions are 

expressed as computable functions of a set of deseing variables. This are the quantities aimed 

for optimization, and are identified as: 

 



Review of state of the art techniques on optimal design and response surface methodology 

  

6  
 

�⃑� (�⃑⃑� ) = [𝑓1(�⃑⃑� ) + 𝑓2(�⃑⃑� ) + ⋯+ 𝑓𝑛𝑜𝑓
(�⃑⃑� )] 

Equation 1 

where j is the number of objective functions and �⃑⃑�  is the vector of design variables. A vector of 

objective functions is thus defined. In almost all applications it is advisable to re-scale the values 

of the objective functions so that the range of each is [0,1]. 

𝑓𝑖 =
𝑓𝑖 − 𝑓𝑖 𝑚𝑖𝑛

𝑓𝑖 𝑚𝑎𝑥 − 𝑓𝑖 𝑚𝑖𝑛
, 𝑖 = 1,2,… , 𝑛𝑜𝑓 

Equation 2 

2.1.2 Definition of system parameters and design variables 
In optimal design, the interest lies in finding one set (or more) set of system parameters that define 

preferred configurations of the mathematical system. During an optimization procedure, the set 

of parameters is changed to attain that preferred values. Parameters no longer represent constant 

entities but variable entities called design variables. Design variables are the variables that pertain 

to the mathematical system model during the optimization process and are grouped into a vector 

defined as 

�⃑⃑� = [𝑥1, 𝑥2, … , 𝑥𝑛] 

Equation 3 

where 𝑛 is the number of design variables. Sometimes the designer can choose to hold some 

design variable fixed in order to simplify the optimization problem. This fixed quantities will be re-

classified as constant parameters (Mastinu, 2007). 

2.1.3 Constraints 
Constraints are conditions that occur for the design to be feasible. In mathematical form, they are 

expressed as inequalities and equalities. Constraints in this form are related to the model 

behavior, and define limits for the objective function. 

�⃑⃑� (�⃑⃑� ) = [ℎ1(�⃑⃑� ) + ℎ2(�⃑⃑� ) + ⋯+ ℎ𝑛𝑒𝑐
(�⃑⃑� )] = 𝟎 

�⃑⃑� (�⃑⃑� )=[ 𝑔1(�⃑⃑� ) + 𝑔2(�⃑⃑� ) + ⋯+ 𝑔𝑛𝑖𝑐
(�⃑⃑� )] ≤ 𝟎 

Equation 4 

Constrains applied directly to design variables are related to the definition of the upper and 

lower limits they can take. 

𝑥𝑖 𝑙𝑜𝑤𝑒𝑟 ≤ 𝑥𝑖 ≤ 𝑥𝑖  𝑢𝑝𝑝𝑒𝑟 , 𝑖 = 1,2, … , 𝑛  

Equation 5 

2.1.4 Multi-criteria optimization 
The formulation for the optimization problem presented before considers a vector of objective 

functions. When the dimension of such vector is 1, single criteria optimization occurs and the 

solution of the problem consists in the straightforward optimization of that single function. 

However, when the dimension of that vector is 2 or more, the problem is now defined as a multi-
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objective or multi-criteria optimization. The mathematical tools for solving this kind of problems 

are quite extensive and represent a special branch of optimization theory (Papalambros, 2000). 

For a vector objective function �⃑� , the minimization formulation of the multicriteria optimization is 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 �⃑� (�⃑⃑� ) 

                  𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜, �⃑⃑� (�⃑⃑� ) = 0 

                                                    �⃑⃑� (�⃑⃑� )  ≤ 0 

Equation 6 

The feasible values of �⃑�  constitute the attainable set Ω. The simplest approach to solving this 

problem, would be to select the objective function with highest priority and treat the remaining 

functions as additional constraints. Other common approach for solving the optimization problem 

is to express the vector problem as a scalar substitute problem. One way of doing that is by 

obtaining a function of the form 𝑍(�⃑� ,𝐌), where 𝐌 is a vector of preference parameters (weights 

or other factors) that can be adjusted to tune the scalarization to the designer’s preferences 

(Papalambros, 2000). The simplest scalar substitute objective function is obtained by assigning 

subjective weights to each objective of the original objective function vector and summing the 

terms. For a two dimensional objective function vector, the corresponding scalar substitute would 

be 

min𝑍(�⃑⃑� ) = 𝑤1𝑓1( �⃑⃑� ) + 𝑤2𝑓2(�⃑⃑� ),   0 ≤ 𝑤1 ≤ 1,  𝑤2 = 1 − 𝑤1 

Equation 7 

where  𝑤1 and 𝑤2 correspond to the subjective weights. In this formulation, the objective functions 

are scaled in the range [0,1]. There are infinite choices for the subjective weights and therefore 

infinite solutions to this optimization problem. This is perhaps the most widely used alternative 

due to its simplicity. 

The weights could be selected by relating them to subjective preferences on every objective. A 

particular characteristic of multi-criteria optimization emerges and it is related to the concept of 

competing objectives. When trying to satisfy many criteria at the same time, it generally happens 

that improving one criteria has the consequence of a decreasing performance in one or more 

different criteria. There is no ideal scenario (or utopia point) in which every criteria is taken to its 

best value. The set of solutions in which one criteria can’t be improved without implying a 

decrease in performance of another criteria is called the efficient set of solutions or Pareto set, 

which consists of Pareto optimal points. A point 𝒇𝟎 in the attainable set Ω is Pareto optimal if and 

only if there is no other 𝒇 Є Ω such that 𝒇𝒊 ≤ 𝒇𝟎𝒊
  for all 𝒊 and 𝒇𝒊 < 𝒇𝟎𝒊

  for at least one 𝒊 (i.e. for at 

least one objective function; Papalambros, 2000). In a design scenario, the designer can choose 

among an infinite number of solutions in the Pareto set, each representing a “best” compromise 

between the conflicting objectives. The degree of “best” compromise must be chosen by the 

designer from the optimal solutions. 
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Figure 1.  Pareto set obtained from feasible set in two criteria optimization problem (Papalambros, 2000).  

As stated before, each solution of the weighted scalar substitute problem is lies in the Pareto set. 

Thus, solving the optimization problems for several set of weights will unveil the optimal solution 

set. This, however, occurs only if the attainable set is convex. This problem together with tools 

intended to solve the substitute problem are presented in the next sections.  

2.1.5  Some algorithms for solving optimization problems in scalar form 
There are two main aspects to consider when selecting a particular tool for solving a scalar 

optimization problem: its global properties (i.e. its ability to handle non-convex functions) and the 

way with which it handles constraints. The two are related, and perhaps the most important 

problem facing such an optimization is falling into local optima regions. 

The Nelder-Mead “simplex” algorithm has become one of the most widely used methods for 

unconstrained optimization of nonlinear functions. It attempts to minimize a scalar valued 

nonlinear function of n real variables using only function values, without any derivate information. 

During each iteration the algorithm maintains a non-degenerate simplex, a geometric figure in n 

dimensions of nonzero volume forming a convex hull with n+1 vertices. Using this geometrical 

scheme, successive iterations convey a reduction of the space by searching better values of the 

function (i.e lower values) until a termination condition is reached. In order to solve a constrained 

optimization problem, the objective function must be treated specially by including constraint 

information on it. For further details on the algorithm refer to Lagarias (Lagarias, 1998). The 

algorithm is capable of finding global optima depending on the initial search point, and does not 

qualify as general global strategy. Implementation is available at the Matlab® Optimization 

Toolbox ™.   

Interior-point algorithms offer an alternative approach to deal with constrained non-convex 

functions involving a large number of variables, corresponding to the formulation presented in 

Equation 6.  An interior point method is a linear or nonlinear programming method (Forsgren, 

2002) that achieves optimization by going through the middle of the solid defined by the problem 

rather than around its surface.  The algorithm presented by Byrd (Byrd, 1999) and implemented 

in the Matlab® Optimization Toolbox ™, incorporates two tools for solving nonlinear programs: 

sequential quadratic programming (SQP) and trust region techniques. SQP ideas are used to 

efficiently handle nonlinearities in the constraints, while trust region strategies allow the algorithm 

to treat convex and non-convex problems uniformly, by permitting the direct use of second 

derivative information and providing a safeguard in the presence of nearly dependent constraint 

http://mathworld.wolfram.com/LinearProgramming.html
http://mathworld.wolfram.com/NonlinearProgramming.html
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gradients. Although efficient and robust by dealing with non-convex functions, it may fail as a 

global strategy, depending upon the characteristics of the functions and the initial point provided 

by the user.  

The above mentioned algorithms lack the robustness to achieve global extrema in every scenario. 

A global approach aiming for robustness is provided by genetic algorithms. Genetic algorithms 

are search algorithms suitable for solving both constrained and unconstrained optimization 

problems, and are based in the mechanics of natural selection and natural genetics. Across 

generations (iterations), the algorithm modifies a population of individuals (solutions) by randomly 

selecting a group of them as parents and using them to produce offspring. Over successive 

generations, the population is directed towards an optimal solution. The information is stored as 

strings of ones and zeros, thus avoiding the derivative information that usually fails in finding a 

global solution. The coded information is manipulated by reproduction, crossover and mutation. 

Genetic algorithms are very useful when dealing with mixed integer problems, stochastic functions 

or highly nonlinear problems. Unfortunately they are difficult to implement and require the exact 

definition of many parameters in other to be efficient and convergent. Details on genetic 

algorithms are presented by Goldberg (Goldberg, 1989). 

 

2.1.6 Weighted criteria methods for finding non-convex Pareto sets 
The weighted criteria substitute problem, as formulated in Equation 7, is popularly used for finding 

all available trade-offs represented by the Pareto set. When the attainable set is non-convex, the 

method may be limited in finding some solutions, and if the non-convexity is critical it may severely 

fail in finding the region. The existence of Pareto optimal points on a non-convex section of the 

attainable set boundary should be suspected when a small change in the weights used for the 

weighted criteria method results in a large change in the solution (Athan & Papalambros, 1996).  

 

 

Figure 2. Problems encountered in finding Pareto set using scalar weighted problem (Athan & Papalambros, 1996). 

Athan explores with mathematical rigor the causes of this behavior and proposes two alternate 

weighted scalar formulations (for further details refer to Athan & Papalambros, 1996). Equation 8 

presents the formulation adopted in this work, which permit the capture of efficient points in a non-

convex attainable set.  
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𝑓 = (exp(𝑚𝑤1) − 1) exp(𝑚𝑓1 ) − (exp(𝑚𝑤2) − 1) exp(𝑚𝑐2) + ⋯+ (exp(𝑚𝑤𝑚) − 1)exp (𝑚𝑓𝑛) 

Equation 8  

In the above equation, m is a preference parameter, typically larger than 5.   

2.2 Response surface methodology 
Much of today's engineering analysis work consists of running complex computer analysis codes 
by supplying a vector of design variables x (inputs) and receiving a vector of responses y 
(outputs). Despite continual advances in computing power and speed, the expense of running 
many analysis codes remains non-trivial. Single evaluations of aerodynamic finite element codes 
can take from minutes to hours, if not longer. What's more, this mode of query-and-response can 
often lead to a trial and error approach to design, where a designer may never uncover the 
functional relationship between x and y and therefore may never identify the best settings for input 
values (Simpson, 1997).  
 
The response surface method (RSM) is one of the oldest simulation-based methods of parametric 
optimization. While RSM is admittedly primitive for the purposes of simulation optimization, it is 
still a very robust technique that is often used when other methods fail. It hinges on a rather simple 
idea, which is to obtain an approximate form of the objective function by simulating the system at 
a finite number of points carefully sampled from the function space. Traditionally, RSM has used 
regression over the sampled points to find an approximate form of the objective function (Gosavi, 
2014). Optimization is performed on the approximate explicit function obtained by regression, 
rather than in the simulation model itself, taking negligible time to complete compared to the time 
required for simulating. The more points used for the regression, the better the approximation and 
thus the optimization result. Less points produce a less accurate approximation (i.e. less accurate 
optimization results), but with a lower cost in computational time. This approach is very effective 
in dealing with time constraints, since the optimization is subjected to the calculation of a limited 
number of points, which may be adjusted to a particular project schedule. A reasonable accurate 
approximation could provide enough information for engineering porpoises at a very low cost, 
compared to an extremely high accurate optimization algorithm that takes more time to perform 
than what is usually practical.  
 
In its most traditional form (Myers, 2016), RSM is built up in three steps: (1) sampling the design 

space via a selected design of experiments (DOE) scheme, (2) selecting a meta-model that could 

potentially explain the behavior and performing a regression and (3) verifying the validity of the 

prediction, typically by statistical methods. In case that step 3 shows a very poor prediction, the 

same data should be fitted to another meta-model or via a different regressive technique until the 

results are acceptable. Figure 3 presents an overview on the available techniques developed for 

each step. Some of the will be presented in the next subsections.  
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Figure 3. Overview of different techniques associated to each step of the RSM (Simpson, 1997). 

2.2.1 Design of Experiments 
Experimental design techniques (DOE) were initially conceived for analysis and optimization in 

physical experimentation at around 1950, but have been incorporated in the last three decades 

into computer oriented design. They make extensive use of statistical tools in order to capture the 

response of a system with a limited number of runs. Although computer simulation codes return 

deterministic results, there is still a constraint on the number of simulations to perform, and in 

consequence, those runs must be selected carefully. There is where DOE comes into play. From 

the economical perspective of simulating each point and predicting the response of a model for 

various points, several questions must be asked. What could be expected from the response of 

the model given some physical intuition, is it linear or highly non-linear? How much time does 

each simulation take to perform? Simulating a lot of points might give a very accurate response, 

but within an impractical timeframe and at a high computational cost. Too phew points would 

produce a very poor response, useless for driving an analysis. Different DOE techniques are 

available to address different issues, but the objective is always the same: to select a set of points 

that produces the best possible quality in the response with the least amount of runs. The 

response is not known a priory, of course, that’s why DOE is challenging. It’s the job of a 

mathematical detective, pursuing to unveil the actual response of a system with only a limited 

number of clues. A survey of different DOE schemes is presented in the following subsections, 

starting from the most traditional approaches and covering those that are more recent.  

2.2.1.1 Factorial Designs 

The first step in an experimental design is identifying the variables involved. These are commonly 

called factors, and the possible value choices for them are designated as levels. Factorial designs 

are used in experiments involving several factors, where the interest lies in identifying the joint 

effects of them on a response variable (Myers, 2016). This is the simplest kind of design, having 

its roots in physical experimentation. A special simple case is that one in which 𝑘 factors are 

varied in 2 levels each. These designs have exactly  2𝑘 experimental runs, and thus are called 
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 2𝑘 factorial designs. Most of the theory concerning experimental design and response surface 

methodology is based on this kind of design. Myers (Myers, 2016) shows three common uses of 

 2𝑘 designs, particularly useful for gaining insight on the response and preparing more 

sophisticated designs. These are: 

1. Initial screening to identify the most influential factors on a response. This is a critical step 

(usually omitted) for eliminating non-influential variables and thus reducing the number of 

runs in an experiment. 

2. To perform a first order response surface model. A 2𝑘  design produces the minimum 

number of points for fitting a plane in 𝑘 dimensions, and is therefore an inexpensive way 

investigate on the nature of the functional relationship of variables. 

3. Some experimental designs derive from the 2𝑘 design. The central composite design (or 

CCD) adds extra runs to the 2𝑘 design in order to fit a second order degree polynomial in 

𝑘-dimensions. 

In general, the 𝑘 factors might be varied in 𝑝 levels, giving 𝑝k possible evenly points in space. This 

relationship grows exponentially and may become unmanageable. Thus, 2𝑘 and full factorial 

designs provide an insight to the response behavior practical only at a small number of factors 

and levels. Other techniques might be employed for selecting points in space more efficiently.  

 

Figure 4. Examples of 𝑝𝑘  design of experiments, with a) 𝑝 =2, 𝑘 =2; b) 𝑝 =2, 𝑘 =3; c) 𝑝 =3, 𝑘 =3 (Cavazzuti, 2012). 

One approach is to select only some points from a full factorial design, achieving in consequence 

a fractional factorial design. Although very used in industry and very effective as a screening 

method, other alternative DOE are preferred in the context of computer simulation. Some are 

presented next.  

2.2.1.2  Central composite designs 

Full factorial and fractional factorial designs are used in traditional response surface methodology 

(Myers, 2016) as a first step towards a definitive response surface modeling and optimization. 

They are valuable tools for performing a first sensitivity analysis or screening procedure, but 

beyond that, they are not of much use in predicting nonlinear responses. In order to address no-

linearity and curvature, other kind of approaches were developed, having its roots in classical 

experimentation. The first approach to non-linearity is the attempt to approximate the response to 

a second-order model. Central Composite designs (CCDs), introduced in 1951 by Box and 

Wilson, are the most popular class of second order design. It combines the use of a 2𝑘  factorial 

design with additional 2𝑘 axial or star points and a number of center runs. This evolution from the 

2𝑘  factorial design provides the necessary points for fitting a second order polynomial using the 

least square method (which will be described latter on). Figure 5 shows a design with 𝑘 =3, giving 

15 ordered experimental runs.  
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Figure 5. Central composite design with k=3 and 15 experimental runs (Myers, 2016). 

CCDs offer some flexibility in the selection on the axial distance and the number of center runs, 

but is restricted to an exponential growth of the number of required runs with the increase of 

factors. Thus, although capable of providing the information for fitting a second-order model, it 

suffers from the same disadvantage of the 𝑝k design when it comes to performing a reasonable 

amount of runs or computational simulations with a large number of design variables.  

2.2.1.3 Space filling designs 

Factorial and CCDs are most relevant in physical experimentation, and much of its theory 

concerns to statistical methods to assess the natural uncertainty associated to this kind of 

experimentation. Computer experiments, differ in that repeated observations at the same set of 

inputs yield identical responses. This is due to the deterministic nature of computer simulations, 

in which a set of calculations is performed in order to obtain an output. The question in computer 

experiments is related to the fact that the exact functional form of the relationship between the 

inputs and the response is unknown. This is also true in physical experimentation (and that is 

what all of RSM is about), but it’s the main issue in computer experimentation given no uncertainty 

associated to random or bias errors. Due to this fact, only one run is required to obtain information 

about a particular set of inputs and outputs. It is highly desirable, in general, to sample space with 

points as evenly spaced as possible while not leaving portions of it unexplored. This regions might 

have critical information (even an optimal point!) which could be omitted if no careful sampling is 

performed. Another desired characteristic is the capability of sampling the desired number of 

points without being restricted by the DOE. In CCDs, it is not possible to add extra runs without 

changing the nature of the design, it is restricted to a specific number of runs for a particular 

number of variables. Space filling designs or exploratory designs address this kind of problems 

and are particularly attractive as a computer experimental design alternative (Santner, 2013).  

The most basic design of this kind is the random design, which produces a user specified set of 

points in space that follow no particular order. This approach is of course rudimentary but 

embraces the concept of freedom in point selection and space filling. If an infinite number of points 

were selected, then the whole space would be covered. This is of course not possible because 

there would be no time to perform the calculation of an infinite number of runs. Without a particular 

order there is no guarantee that the points will cover all the space evenly and clusters of points 

may arise, leaving some regions unexplored. This clustering-void problem is depicted in Figure 

6. 
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Figure 6 Random design in 2 variables with 8 points, showing the clustering-void problem. 

Designs generated by Latin Hypercube Sampling attempt to achieve some order as a space filling 

strategy. They are based on the concept of the Latin Square, a grid array of elements in which no 

single element is repeated across any row or column. It aims to spread points evenly over the 

range of each input variable separately, by dividing the range of each design variable in N 

elements of the same length. They still suffer from the cluster-void problem as stated for random 

experiments, but they do it to a lesser degree by introducing some notion of order to the design 

space.  

 

Figure 7 Latin Hypercube Design examples in two and three dimensions (Cavazzuti, 2012). 

Latin space sampling offers a better alternative to random designs, but still present some 

limitations. The algorithm used to generate them performs permutations that are random in 

nature, and thus it’s not possible to produce two exact designs of this type for the same 

parameters (number of design variables and number of points). If an extra run is to be performed 

“by hand” in a desired region, a completely new design must be performed because the main 

characteristic of no-repetition between columns and rows might not be preserved. The clustering-

void problem mentioned earlier is tackled by producing versions in which the correlation between 

variables is introduced in the mathematical formulation. Other space filling techniques based on 

measures of distance and uniformity, inspired in the Latin Space Design are presented by Santner 

(Santer, 2013).  

Some very efficient space filling techniques are based on pseudo-random number generators, 

which are mathematical series generating sets of numbers aiming to attain low discrepancy. The 

Sobol Sequence is a very popular space filling design of this kind, which has the useful property 

that a larger Sobol sequence can be constructed from a smaller one by adding points to the 
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smaller sequence. As mentioned earlier, Latin hypercube designs lack this property (Santner, 

2013). 

2.2.1.4 Computer generated D-Optimal Designs 

D-optimal designs are generated by a computer algorithm implemented to produce a design 

satisfying an optimality criterion. They are an alternative to space filling designs for tackling the 

limitations of classical designs. These kind of designs are always an option regardless of the type 

of model to fit, but its application is narrowed to least squares fitting (and other methods based 

on it) because it maximizes an index that is only present in the least squares method formulation 

(this will be explained further in section 2.2.2). An estimated model choice must be provided in 

order for the algorithm to perform an optimization, and thus the resulting experimental design is 

suitable only for the model of choice. This represents a limitation, depending on the context of the 

experimental design. There are two main reasons for using a D-optimal design instead of a 2𝑘  

CCD: (1) to reduce the number of runs usually required by this kind of experiments (just as space 

filling techniques, D-Optimal designs allow the specification of the number of points in the designs; 

the algorithm maximizes a criteria for allocating this points in space), and (2) this kind of design 

handles constrained spaces, which would normally invalidate classical designs (Tobias, 1999).  

Although D-Optimal designs do well in constrained spaces, there must be caution in employing 

them when the model introduced to the algorithm is a non-standard model, because the design 

can be very sensitive to the form of model assumed.  Even small changes in the model form after 

the experiment has been conducted can result in difficulty to fit a revised or changed model with 

the previous experimental design. Figure 8 shows an example of a D-Optimal computer generated 

design in region with two linear constraints, generated with the Design-Expert® software 

(Montgomery, 2002).   

 

Figure 8 Example of D-Optimal design within a region with linear constrains (Montgomery, 2002). 

2.2.2 Meta-model selection and model fitting 
After selecting a set of points in a design space, the goal is to evaluate them through a validated 

mathematical model (or a computer simulation), and use the response to predict the behavior of 

any other design point based on a mathematical function rather than by performing the evaluation. 

The prediction would of course be an approximation to the true functional relationship between 

the design variables and the output. The real functional relationship is represented as 

𝑦(�⃑⃑� ) = 𝑓(�⃑⃑� ) 

Equation 9 

where �⃑⃑�  is the vector of design variables at each design point. The meta-model is given by 

�̂�(�⃑⃑� ) = 𝑓(�⃑⃑� ) + 𝜀 
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Equation 10 

where �̂� is the approximated response, 𝑓 is the approximated functional relationship and 𝜀 is the 

approximation error. The goal of the response surface methodology is to obtain the functional 

relationship 𝑓 that minimizes 𝜀. In the most traditional form of RSM, a meta-model is assumed 

(with some physical information that would support that guess) and then is fitted by using a 

particular model fitting technique. If the approximation is satisfactory (this is typically judged by 

statistical indicators), then the fitted model is adopted and might be used for optimization. If not, 

a different meta-model may be assumed or a different fitting tool might be used. The choice of all 

three steps that comprise RSM (DOE, meta-model selection and model fitting) depends strongly 

on the type of functional relationship and the cost of each evaluation. Smooth responses require 

just a few points to produce a very accurate response (assuming for example a second order 

degree polynomial and using the least squares method). Highly nonlinear and noisy responses 

should be treated differently (by simulating a large number of points and using neural-networks 

to fit them in to a surface). Figure 3 shows a very comprehensive list of techniques to cover a 

large spectrum of responses. Linear regression models to fit polynomials will be discussed in this 

work. 

2.2.2.1 Linear regression Models 

Metamodeling implies developing a mathematical relationship between inputs and outputs. Such 

relationship depends on the mathematical expression for each variable and for certain unknown 

terms that accompany them, called coefficients. The simplest approach is that one in which the 

interaction between the variables and coefficients is linear (this does not imply that the relationship 

between output and input is linear – it could be quadratic, or cubic, or of nth degree-, just that the 

interaction between unknown coefficients and variables is linear). The expression for a first order 

linear model in two variables is expressed as 

𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝜀 

Equation 11 

where the parameters 𝛽0, 𝛽1 and 𝛽2 are called regression coefficients. The coefficients represent 

the expected change in response y per unit change in 𝑥𝑖 when all the remaining independent 

variables 𝑥1(𝑖 ≠ 𝑗) are held constant (Myers, 2016). Similarly, the expression for a second-order 

polynomial in two variables is  

𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽11𝑥1
2 + 𝛽22𝑥2

2 + 𝛽12𝑥1𝑥2 + 𝜀 

Equation 12 

By introducing the new variables 𝑥3 = 𝑥1
2, 𝑥4 = 𝑥2

2, 𝑥5 = 𝑥1𝑥2, the second order model of Equation 

12 is putted in the form Equation 11, i.e. a first order linear model in 5 variables. It must be noted 

that this variable replacement is only possible if the relationship between coefficients and 

variables is linear (therefor again, the term linear model). The final step in producing a response 

surface consists in finding the coefficients of the meta-model in order to fully explain the response 

in terms of the multiple variables. The simplest and most traditional approach is the so called 

method of least squares.  

In order to fit the model a number of observations must be performed to gain enough information 

about the response and the variables. In response surface methodology this observations 
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correspond to a preselected design of experiments. For each observation, the relationship 

between 𝑘 variables and a response 𝑦𝑖 is expressed as 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽2𝑥𝑖2 + ⋯+ 𝛽𝑘𝑥𝑖𝑘 + 𝜀𝑖 = 𝛽0 + ∑𝛽𝑗𝑥𝑖𝑗 +

𝑘

𝑗=1

𝜀𝑖 

Equation 13 

An error function is defined by setting 𝜀𝑖 (squared) in terms of the response and the variables for 

all the observations 

𝐿 = ∑𝜀𝑖
2 = (𝑦𝑖 − 𝛽0 − ∑𝛽𝑗𝑥𝑖𝑗 +

𝑘

𝑗=1

𝜀𝑖)

𝑛

𝑖=1

2

 

Equation 14 

The goal of the method of least squares is to find the values of the 𝛽𝑘 coefficients that minimize 

the error function, or in other words, to fit as best as possible the observed data to the selected 

meta-model. This is itself an optimization problem, in which the error is minimized with respect to 

the 𝛽𝑘 coefficients. In order to minimize, the partial derivative of the  𝐿 function with respect to 

each variable must be performed and set equal to 0, thus leading to a set of 𝑘 + 1 linear equations. 

The problem is better expressed in matrix form. Vectors of observations, regression coefficients 

and error, and a matrix of variables are related as 

𝐲 = 𝐗𝛃 + 𝛆 

Equation 15 

The same concept of minimization is applied here, with the summations replaced by vector and 

matrix operations. The full mathematical procedure is presented by Myers (Myers, 2016), and the 

resulting relationship of 𝐛 (the vector of β estimators), the values on the response variables 

contained in matrix 𝐗 and the response 𝐲 is 

𝐛 = (𝐗′𝐗)−𝟏𝐗′𝐲 

Equation 16 

Thus, the fitted model regression model is expressed as 

�̂� = 𝐗𝐛 

Equation 17 

The difference between the observations 𝑦𝑖 and the fitted value 𝑦�̂� is the vector of residuals 

𝐞 = �̂� − 𝐲 

Equation 18 

In the above equations, the number of unknowns equals the number of estimation coefficients. In 

order to solve the equations, the number of observations must be at least equal to the number of 

coefficients plus one (corresponding to the 𝛽0 term, which represents the intercept). The number 
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of coefficients of a full second order polynomial (considering all interaction terms) on n variables 

is 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑒𝑟𝑚𝑠 = (
2 + 𝑛

𝑛
) 

Equation 19 

Thus, for a second order polynomial in 1, 2 and 3 variables, the minimum number of points 

considered on the design of experiments must be 3, 6 and 10, respectively. The central composite 

design was conceived to fit second order polynomials, and thus it already incorporates the 

required number of points to fit a second order response surface in n variables. This approach is 

the most traditional form of response surface methodology, but it is limited to explain phenomena 

that are reasonably explained by second order polynomials. Other methods are discussed briefly 

in the next subsection of this document.  

Once the meta-model has been fitted, it is desirable to know the degree to which the error function 

was minimized. In other words, it is desired to find how well the selected meta-model explains the 

underlying phenomena. The residuals, as expressed in Equation 18 provide a first measure. The 

mean square root error (RMSE) and the coefficient of determination (𝑅2) use the expression of 

the residuals to obtain two additional measures of goodness of fit. The closer  𝑅2 is to 1 and the 

RMSE to 0, the better the explanation of the regressive model on the underlying functional 

relationship between variables and response. Given an acceptable quality of the response 

surface, the explicit function may be optimized for the design variables by any optimization 

technique.   

2.2.2.2 Other regression techniques 

Many phenomena do not exhibit the polynomial kind of relationship between the variables and 

the response surface. In this scenario, goodness of fit measures are unacceptable and another 

type of meta-modeling and/or fitting technique must be employed.  

Nonlinear least squares regression uses the least squares method but introduces non-linear 

expressions on the 𝛽𝑘 coefficients that must be guessed in order to try to fit the model. Splines 

and cubic interpolants use cubic piecewise functions to “connect” points in a response. No 

goodness of fit metrics are applicable because the residuals are exactly zero. Splines are very 

effective for capturing highly nonlinear functions, but they provide functional relationships that are 

cumbersome in case an explicit expression is desired. However this is not necessary a drawback 

in response surface optimization, because only the optimal value is of interest. Weisberg 

(Weisberg, 2005) provides further details on this topics. 

Neural Networks are used for function fitting of highly nonlinear models, and offer an alternative 

way for fitting models when simpler regression methods fail or when no meta-model is to be 

assumed. They typically require a lot of observations in order to produce an acceptable regression 

(this might be a drawback if every evaluation is expensive). Just as in any other regression 

technique, a number of observations relating inputs and outputs must be performed. The inputs 

and outputs are divided in layers consisting of nodes (one node for each independent variable). 

A hidden or intermediate layer uses the sigmoid function in order to introduce the non-linear flavor 

on the regression. As a general rule, the more nonlinear the function, the higher the number of 

nodes in this layer. Nodes are linearly combined by the use of a set of weights in a network. The 

“backpropagation algorithm” chooses the values of such weights in order to minimize an error 
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function between the output node and the observed response value. Further details on the 

algorithm and structure of neural networks is presented by Gosavi (Gosavi, 2014). Matlab® 

includes a curve fitting toolbox with neural networks, in which the user can mainly select the 

number of hidden layer nodes for a given data set.  

 

Figure 9 Neural Network structure for non-linear model fitting (Gosavi, 2014). 

2.3 Iterative response surface algorithms 
In traditional response surface methodology optimization, all steps are performed sequentially. 

That is, first DOE, then metamodeling, model fitting and finally optimization. The accuracy of the 

optima depends on the quality of the response surface, which depends itself in the decisions 

taken at the previously mentioned steps. Some responses are difficult to capture, and usually a 

large number of points must be evaluated in order accurately predict the optimal point. Simply 

performing a design of experiments with a large number of points might not be acceptable in many 

situations, in which every evaluations takes considerable time. In addition, the question on what 

large is might be deceiving, leading to oversampling and lost simulation time. Several strategies 

have been developed in order to intelligently sample the design space, with the idea of 

dynamically sampling towards the optimal value of the response surface. The idea, which 

attempts to improve accuracy while retaining the “economy” philosophy of response surface in 

terms of the number of evaluations, is a very simple one: any region in a general response 

surface, sufficiently small, can be accurately represented by, for example, a second order 

polynomial. 

One of the most promising directions of research on response surface methodology aiming at the 

reduction of computational cost for computation-intensive design problems, is related to the 

development of strategies in which sampling, model fitting and optimization are performed 

iteratively in order to gradually refine the surface to better capture the real functional relationships 

between design variables and objectives at a small region near the optima.  

2.3.1 Adaptive response surface method (ARSM) algorithm 
Wang (Wang, 2003) proposed an adaptive response surface method (ARSM), which in each 

iteration discards portions of the design space that correspond to function values larger than a 

given threshold, thus reducing gradually the design space to the neighborhood of the global 

design optimum. ARSM was developed for design optimization involving computation-intensive 

simulations with the problem formulation of Equation 6 (in scalar form), considering objective 

functions and constrains. In every iteration, the space is sampled according to a selected design 
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of experiments which is fitted to the data using the least square method. An optimization is then 

performed on the regressive model (selecting an optimization algorithm), and the computer model 

(simulation) is evaluated at the optimum previously found. If the evaluation at the optimum is 

better than the values at all the other experimental designs, then the point is added to the set of 

the experimental designs because it represents a promising search direction. Following this, a 

threshold or the objective function is selected, so that the design space that leads to objective 

function values greater than this threshold is discarded. The threshold value is chosen as the 

second greatest value of the list of evaluations for the given design of experiments. The 

optimization process terminates when the difference between lower and upper limits of each 

design variables is smaller than a given tolerance.  

In his first attempt, Wang noted the required number of sampled points increased exponentially 

with the number of design variables, due to the use of central composite designs (CCD). In 

addition to this, there was the drawback that in every iteration, a completely new set of CCD points 

had to be generated in order to maintain the structure of the CCD sample. In a second version of 

his algorithm he proposed the use of a Latin Hypercube Design, that both increased the number 

of design points at a lower rate for high dimensional design problems and that could potentially 

inherit previous points due to the random nature of the Latin Hypercube Design. In order to 

construct a second-order response surface model, at least     (𝑛 + 1)(𝑛 + 2)/2 function 

evaluations are required. LHD designs allow to select the number of evaluations, while CCD 

designs are subjected to the number of variables, increasing by 2𝑛 + 2𝑛 + 1, where n is the 

number of variables. For n=10 LHD would require 66 runs, while CCD designs 1045.  

In Wang’s approach, the space is reduced by solving and 2 auxiliary optimization problems for 

every design variables. For a given threshold value to be discarded, maximum and minimum 

values of the design variables are found in order to define a new, more suitable reduced space. 

Steenackers (Steenackers, 2009) notes how this space reduction strategy involves the 

minimization of complex nonlinear functions that could potentially fail to give global optima and 

thus reduce efficiently in the algorithm. He addresses the development of his own ARSM for 

solving computational-intensive optimization problems. He calls it the “pan and zoom” algorithm, 

for its capability of moving though the design space (by panning a sub-region of interest) and 

zooming at the optimum value found in each iteration. It is very close to the ideas of Wang, but 

avoids auxiliary minimization problems. Steenackers makes no mention of the heuristics 

associated with his algorithm, and limits himself to depict the general strategy. He compares the 

performance of the algorithm by using not only second order polynomials but also spline 

interpolation. Although he mentions an improvement over Wang’s algorithm, he gives no insight 

into the kind of design of experiments used (or any kind of strategy to inherit points) and the 

distinction between iterations and functions evaluations is not clear.  

2.3.1.1 Algorithm 

The algorithm flow is shown in Figure 10, and the basic idea behind it is to iteratively adapt the 

design of experiments (DOE) of the response surface. It is inspired in the ideas of Wang and 

Steenackers, but leaves open the aspects that were no specified by the authors.  Wang proposed 

first a Central Composite Design (CCD) and later a Latin Space Hypercube Design (LSHD), but 

since Steenackers makes no mention of the DOE used, the choice is left open. The computer 

intensive model is evaluated at each point of the design space, and a regression is performed 

over the evaluated points. The meta-model behind the regression is left open since no author 

gives an explicit indication to use one in particular. Steenackers implemented both second order 
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polynomials and piece-wise cubic interpolation (the regression could be performed even by using 

neural networks) while Wang was limited to second order polynomials. The explicit model 

obtained is optimized by using an optimization algorithm. This far a common response surface is 

performed. The iterative nature of the algorithm is as follows: the point with the best objective 

function value of the initial DOE is added to the design space since this represents a promising 

search direction, and the point with the worst value of the design space is discarded. This process 

of domain adaptation is repeated until the difference between the best value of the design space 

and the optima of the regression differ in less than a tolerance, or by other similar termination 

criteria.  

 

Figure 10. ARSM algorithm. 

No study on the robustness of the algorithm was performed by any of the authors, and there is no 

guarantee of finding a global solution. The algorithm however represents an enhancement over 

the traditional RSM since a better approximation of a region is obtained by adapting the domain 

in such way that the response surface more accurately represents the functional relationship near 

the optima, even if information is lost in regions far from it (which for the purpose of optimization 

are not so interesting). 

2.3.2 Successive response surface method (SRSM) algorithm 
Steenackers was not the first to mention the “pan and zoom” strategy, and both he and Wang 
appear to have had no reference of the parallel work around successive response surface method 
(SRSM). Stander is perhaps the most influential author on SRMS, having written several articles 
about the subject and implemented a version of the algorithm in the LS-OPT® FEA software 
(Livermore Software Technology Corporation). In one of his articles (Stander, 2002), he presents 
a study on the robustness for the proposed domain reduction scheme for simulation-based 
optimization. Before introducing the algorithm, Stander makes a survey on previous work, pointing 
out how the strategy found application as the analysis of impact dynamics in the industry of the 
late eighties required special optimization techniques developed during the mid-nineties.  Among 
the mentioned works are the contributions of Toporov (Toporov 1989) who experimented with 
linear and multiplicative approximations for his iterative multipoint approximation method and 
applied weighted least squares fitting and reduction of the sub region size based on function 
accuracy. The methodology of Etman (Etman, 1996) uses a successive linear approximation 
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approach with a saturated experimental design (n +1 points, with n the number of design 
variables) within a sub region of the design space. To determine the location and size of each 
new sub region, a complex heuristic is used, based on oscillation, the accuracy of the response 
surface and constraint activity. Sobieszczanski-Sobieski (Sobieszczanski-Sobieski, 2000) 
conducted a full-vehicle simulation of a multidisciplinary nature while using a single set of higher-
order response surfaces. In a metal-forming application Kok and Stander (Kok, 1999) used a 
successive linear response surface method while Akkerman (Akkerman, 2000) demonstrated the 
use of a similar but slightly enhanced successive approximation method to a knee bolster design. 
 
Stander states the motivation of SRSM as derived from a series of requirements for simulation 

based optimization. Aside from the main objective or reducing optimization time of computational 

intensive problems, there is a list of other desired qualities for simulation based optimization.  

Stander (Stander, 2002) proposes the following characteristics: 

 Robustness and accuracy. In practical applications, it is important that the optimization 
method produces an answer to engineering accuracy or at least an immediate and 
significant improvement of the objective. 

 Efficiency. The number of expensive simulation-based function evaluations required for 
each design iteration must be limited. Direct optimization methods without approximations 
or evolutionary algorithms like the genetic algorithm are usually disqualified due to the 
large number of function evaluations required. 

 Parallelization. To improve efficiency, modern simulations run on multiple computers 
and/or processors. The optimization method must therefore be parallelizable. This 
disqualifies, e.g. sequential line searches. 

 Noise. The step-size dilemma of gradient-based methods must be addressed as this 
impacts both robustness and efficiency. A noise filtering capability may avoid local optima. 

 Infeasibility. The algorithm must be able to start from and handle intermediate infeasible 
designs if they can be simulated. It must also be able to provide a best compromised 
design if no feasible design is possible within the constraints specified. 

 Global optimum. This requirement is probably the strictest of all those listed. If an algorithm 
has features that at least provide the possibility of not terminating on the first local optimum 
it finds, then this will be desirable in practical applications.  

 Ease of use. The number of user-selected parameters must be kept to a minimum. 
 
The goal of SRMS is to approximate successively smaller response surfaces aiming at the 
optimum of the function. The domain reduction scheme initiates with a design of experiments over 
the entire range of the variables. D-Optimal are constructed in every iteration in order to fit a 
second-order polynomial with just the minimum number of points required for such regression, 
and no points are inherited from previous iterations. If convergence to possible local optima 
occurs, an over sampling of 50% may be performed in every iteration in order to enhance model 
predictively. D-Optimal is the most appropriate choice because the number of required points can 
be specified (as opposed to the CCD designs), because it handles constraints in the design space 
and because the overall strategy is to fill second order degree polynomials. An optimization is 
performed under the regressive model, and a new sub-region is centered on the variables 
corresponding to the optimum. The range of each variable may either zoom in or pan, depending 
on the relative positions of the optimum of two successive iterations until a tolerance related to no 
change is met. Thus the term “pan and zoom” for this kind of algorithm.  
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2.3.2.1 Algorithm 

The heuristics behind the algorithm are very simple. At iteration 𝑖, an optimal 𝑥∗(𝑖) of the regressive 

model (built up from the evaluation of a computer-intensive simulations at the points defined by a 

design of experiments) is found by using any optimization algorithm. The size of the sub-region 

for each variable 𝑥𝑗 is scaled by a variable contraction parameter 𝜂𝑗
(𝑖+1)

, computed from 

 𝜂𝑗
𝑖+1 = 0.5 +

|𝑥𝑗 − 0.5(𝑥𝑗𝐿 + 𝑥𝑗𝑈)|
(𝑖)

(𝑥𝑗𝐿 + 𝑥𝑗𝑈)
(𝑖)

 

Equation 20 

In Equation 20, 𝑥𝑗𝐿 and 𝑥𝑗𝑈 are the lower and upper bounds for variable 𝑥𝑗. The parameter 𝜂𝑗
𝑖+1 

takes values from 0.5 to 1, as shown in Figure 11.  

 

Figure 11 Definition of contraction parameter 𝜂𝑗 for each design variable (Stander 2002). 

The new upper and lower bounds for each variable are computed from 

𝑥𝑗𝐿 
𝑖+1 = 𝑥𝑗

∗(𝑖) − 0.5𝜂𝑗(𝑥𝑗𝑈 − 𝑥𝑗𝐿)
(𝑖)

 

𝑥𝑗𝑈 
𝑖+1 = 𝑥𝑗

∗(𝑖) + 0.5𝜂𝑗(𝑥𝑗𝑈 − 𝑥𝑗𝐿)
(𝑖)

 

Equation 21 

When ηj is 0.5, the range of the variables is reduced by half, thus “zooming” in the region in 

encompasses. If ηj is 1, the region will not change in size and will therefore “pan” or displace. Any 

number between 0.5 and 1 will produce a combination of both behaviors. This situation is depicted 

in Figure 12. 
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Figure 12 Adaptation of sub-region in SRSM: (a) pure panning, (b) pure zooming and (c) a combination of panning 
and zooming (Stander, 2002).   

Figure 13 illustrates the flow of information in the algorithm. 

 

Figure 13. SRMS algorithm. 
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3 Methodology for the optimal design of complex systems 

modeled by computer intensive simulation 
 

Two aspects relating to methodology are presented in this chapter. The first one has to do with 

the methodology as the novel center of this work, consisting of the integration of iterative response 

surface algorithms and multi-objective optimization strategies. Since this is the core of the 

investigation and the expected outcome of the work, it is presented in section 3.1 as a general 

approach that synthesizes of some of the material of Chapter 2 into a strategy. The 

methodological aspects related to the steps that are followed in the remaining chapters in order 

to achieve the proposed outcome are outlined in section 3.2. 

3.1 General aspects on a methodological approach for integrating iterative 

response surface method algorithms and multi-criteria optimization methods 
The methodology is divided in two levels: abstract and utilitarian. The abstract part has to do with 

the decisions that are implicit in the kind of optimization problem to be solved, considering the 

functional nature of the responses, the problem formulation (management of variables and 

constraints) and the time to compute function evaluation of the model. The utilitarian part is related 

to the implementation of a co-simulation scheme to perform the optimization of a computer 

intensive model taking into account abstract aspects of methodology.  

3.1.1 Abstract level of methodology   
A general strategy for taking the decisions on how to integrate response surface methods and the 

weighted criteria method is presented in Figure 14. Since the model to optimize is computer 

intensive, the decisions to be made are not straightforward, especially for very time consuming 

simulations. The methodology consist on taking decisions at three blocks: optimization problem 

formulation, choice of iterative response surface algorithm and strategy for selecting sets of 

weights for the weighed criteria function in order to explore the Pareto efficient region of a multi-

objective problem.   

 

Figure 14. Main decision blocks involved in the definition of a methodology for solving multi-criteria optimization 
problems on computer intensive simulations. 
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 The first aspect to define is the formulation of the optimization problem. Once a FEA model has 

been built and validated, its inputs and outputs have to be expressed as a mathematical 

relationship suitable for optimization. At this point, special analysis on objectives and constraints 

is highly advisable, since some objectives can be managed as constraints and vice versa. The 

number of design variables is also an important aspect to consider, since some of them could 

perhaps be less influential on the response and be managed as constant parameters, in order to 

reduce the dimension of the problem.  A balance has to be attained between the dimension of the 

problem (number of design variables and objectives) and the time taken in the evaluation of each 

configuration of the model, since high dimensional problems required a great number of function 

evaluations. A computer simulation that takes hours (even days) to complete, might call for a 

reduced number of design variables and constraints in order to be manageable, while a model 

taking minutes to produce a response for a given input may allow a higher dimension optimization 

problem. This compromise is critical to be attacked at the formulation stage of the proposed 

methodology.  

The second decision block has to do with the type of iterative response surface algorithm to be 

implemented. Both ARSM and SRMS were outlined in section 2.3, and each has its particular 

application. The decision has to do with the type of function to be optimized, taking into account 

non-linearity, numerical noise on the response and dimension of the problem in terms of variables 

and objectives. Until this point both algorithms have been described but not yet studied on 

implementation cases. For the moment, only the statement that this is a decision block to take 

into account for the methodology will be made.  

The last block has to do with the definition of a strategy for selecting weights for the multi-criteria 

method when every optimization of the weighted function is done with the mentioned iterative 

response surface algorithms. Since each optimization of the weighted criteria function is time 

consuming (again, depending on the decisions taken at the formulation level), selection of weights 

is not straightforward. The weighted criteria method has several limitations, including the fact that 

evenly selected weights do not produce equally spaced Pareto points and its inability for capturing 

non-convex spaces (at least not without manipulation of the objective function).  Simply defining 

a set of weights a priory and then performing the optimization for every set may not be acceptable 

when every optimization takes from hours to several days. The question then is how to select 

weights in order to explore the Pareto region as effectively as possible. This depends highly on 

the motivation of the designer and on the nature of the problem (mainly computation time): in the 

ideal case a full Pareto efficient region (through the evaluation of enough points on that region to 

produce, for example, an interpolation explaining the full map on the relationship between 

objectives) would be desired, but in practical applications only a limited number of points can 

actually be computed due to time constraints.  

The integration of all three blocks into a methodology is by no means trivial, given all the aspects 

to be taken into account. Optimization over analytical mathematical functions is only an idealized 

scenario. Optimization on numerical FEA models offers a series of challenges that require to take 

appropriate decisions at each of the described blocks. A good scenario might involve phew design 

variables and objectives, simple smooth functional relationship between them, reduced 

optimization times and convergence to global optima. A very bad optimization scenario would 

involve several design variables, objectives and constraints, computer intensive models, highly 

non-linear and noisy responses and difficulty to attain global optima. The selection for a particular 

set of weights should be done carefully in order to obtain information of relevance for the design.  
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3.1.2 Co-Simulation scheme for the implementation of the methodology 
Once the decisions at the abstract level have been made, an implementation of a co-simulation 

scheme must be done in order to optimize on the computer intensive model. This corresponds to 

the utilitarian part of the methodology. Some FEA packages already include optimization in the 

same environment in which the model is done. However, since the proposed methodology is novel 

in the integration of iterative response surface method algorithms with the multi-criteria method 

for optimization, a co-simulation scheme must be implemented to execute a particular model 

configuration and retrieve the response form the FEA software to an external environment. The 

selected environment for this purpose was Matlab®. Figure 15 presents the co-simulation 

scheme. A file in Matlab® in the form of a function with parameters is defined. Each parameter of 

the function corresponds to a particular selection of design variables. When the function is 

executed for a set of variables, the FEA software is also executed (in this case ANSYS 

workbench). The FEA model must be parametrized, so that for a particular execution, variables 

are passed to it in order to update the geometry or an aspect of the model to correspond to the 

new set of design variables. After the model has been updated, the responses are calculated and 

sent back to Matlab®. A main file of Matlab® administrates the mentioned function in order to 

perform a desired operation. Since in this case the goal is multi-objective optimization using the 

weighted criteria method and iterative response surface method algorithms, this main file must 

contain the program to iteratively update the FEA model.  

 

Figure 15.Co-simmuation scheme. 

An interesting capability provided by Matlab® is that of executing jobs in batch mode (background) 

assigned to exploit all the resources of a computer. If for example, a simulation makes use of only 

one core of four available cores on a machine, batch jobs could be configured to simultaneously 

perform four simulations using all the resources of the computer. This parallelization scheme was 

implemented in the case of study of this work because it’s particularly useful in response surface 

methodology: several points of the design space could be calculated simultaneously if all the 

resources of the machine were properly configured.   
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3.2 Methodological steps of this work 
The general aspects on the methodology that is to be developed thought this work was presented 

as a series of decisions that have to be made, but no insight on how those decision blocks would 

be investigated is provided. That is the purpose of this subsection. The steps of the mentioned 

investigation are related to the remaining chapters of this work, and the flow of tasks is 

summarized in Figure 16. 

 

Figure 16. Methodological definition of steps in order to accomplish the desired outcome of this work, together with 
the part of the document were they are exposed.  

Since the goal is to show the use of a methodology in the solution of a real application design 

problem, the steps are defined to answer how to do it. A review on state of the art is necessary in 

order to present a methodology based on it. This is stated as a preliminary step (or step 0) in the 

diagram. With the aim of integrating iterative response surface methods with multi-criteria 

optimization, test cases are proposed to understand their characteristics and performance. Steps 

one and two are concerned with that, and are discussed next. Step 3 deals with the design of a 

real application system, and incorporates all the elements of steps 1 and 2.  

3.2.1 Test of algorithms in “benchmark” functions 
In step 1, the iterative response surface algorithms (ARSM and SRSM) are to be tested with a set 

of analytical test functions (also called “benchmark functions”). One goal is to observe the 

performance of the algorithms in terms of function evaluations, and to compare the results 

between them with other optimization strategies. The other goal is to have a basic understanding 

on the performance of each algorithm when handling highly non-linear test functions with multiple 

local minima. A desirable characteristic for the algorithms to be used is their capability as global 

optimization strategies. The study on response surface method algorithms is relatively recent as 

compared to other strategies, and the authors of the methods (Wang, Steenackers and Stander) 

do not approach them from a formal theoretical perspective but rather as a new tool to be 

explored. The same approach will be used here, and no in depth theoretical study will be 

performed. Instead, the mentioned performance analysis would consist of the following points: 
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 To observe basic convergence behavior of both algorithms: how many function 

evaluations are required? How are the termination criteria met? What parameters (DOE, 

type of regressive model) have an impact on algorithm performance? 

 To observe the basic capabilities in managing problems with multiple local optima and 

constraints.  

 To determine which particular algorithm is more suited for a particular scenario.  

One aspect deeply related to all three points is the definition of termination criteria for the 

algorithms. None of the authors mention a detailed explanation in this regard. This is an important 

aspect, since the nature of the quality of the solution for the optimization problem is associated 

with it, and is critical when optimizing numerical models that might exhibit non convergent 

behavior. 

 A convergence criteria will be defined for this work together with a termination criteria in case the 

convergence criteria is not met. At the comparison stage of both algorithms, the minimum of the 

regressive model and the minimum of the evaluated points of the current design space are 

compared. The proposed convergence criteria after comparison is: 

𝑑 >
|𝐹𝑟𝑒𝑔

∗ − 𝐹𝑒𝑣𝑎𝑙
∗ |

|𝐹𝑒𝑣𝑎𝑙
∗ |

 

Equation 22 

In Equation 22 𝐹𝑟𝑒𝑔
∗ is the optima of the regressive model (obtained after performing a regression 

on the points of the design of experiments of the current iteration), 𝐹𝑒𝑣𝑎𝑙
∗  is the best value of the 

objective function from the evaluated model at the design space of current iteration and 𝑑 is the 

user defined tolerance. A user tolerance of 1% terminates the algorithms when a change between 

optima of regressive model and evaluated model is less than that value. The level of accuracy 

has an impact on the number of function evaluations, and is an important consideration when 

working under time constraints. This is called convergence criteria because it corresponds to the 

main idea behind iterative response surface algorithms: to approach the optima of a model within 

a sufficiently small response surface. If the response surface and the actual model are very similar 

(up to a tolerance) then the algorithm is said to converge. This by no means implies that the 

convergence criteria is associated with a global optima, and the study on such property is out of 

the scope of this work.  

Based on the previous criteria, a non-convergent scenario might be possible. Several reasons 

could be associated to this, from the nature of the function to be optimized to the numerical noise 

associated to a computer model. A common decision at this stage is to define a termination criteria 

based on number of iterations. This is frequently done in other heuristic algorithms, with genetic 

algorithms as a clear example. Although not studied in detail in the state of the art section, Zielinski 

provides an introduction to this aspect of optimization on genetic algorithms (Zielinski, 2005). For 

the purpose of this work, a maximum number of iterations will be defined in cases when 

convergence to the mentioned criteria is difficult. Since the case is that of computer intensive 

simulation, a natural decision would be to define the maximum number of iterations based on a 

time limit. The best point in that history would be selected as the optima for that particular 

optimization problem.  
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3.2.2 Integration of weighted criteria method with iterative response surface algorithms 

in simple FEA design test case 
After the performance tests of step one, a first attempt to integrate the algorithms with the 

weighted criteria method is proposed in step two for the optimization of a simple multi-objective 

FEA model. The goal is to compare the efficiency of the algorithms in terms of number of 

evaluations as opposed to an exhaustive method (i.e. to the evaluation of a great number of 

solutions followed by the selection of those meeting the Pareto optimality condition).  

In the case of a two objective computer simulation, the computation of a considerable number of 

feasible points will be evaluated. By applying the Pareto optimality condition (as stated in chapter 

2), those points meeting the criteria would conform the Pareto set. The level of accuracy depends 

on the refinement of the feasible set. The set thus obtained, could be fitted to a curve in order 

have a functional representation between objectives. Both situations are illustrated in Figure 17. 

 

Figure 17. Pareto set computation with the exhaustive method and the Pareto optimality criteria (left). Curve fitting 
over the Pareto efficient region (left).  

The proposed integration methodology aims at reducing the number of computer simulations. The 

weighted criteria method is used to express the multi-objective problem as a scalar optimization 

problem. The theory behind it has already been presented in chapter 2. The methodology to 

incorporate it together with the iterative response surface method algorithms consists in 

formulating different optimization problems, each corresponding to a particular set of weights. The 

optimization over the weighted criteria function would be performed by means of the ARSM or the 

SRSM methods. In the test case, both methods will be tested for selected set of weights. This is 

shown in Figure 18.    
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Figure 18. The weighted criteria method geometrical representation. Three set of weights will be selected to produce 
three optimization problems to be solved with the iterative response surface method algorithms. 

A functional relationship for this case can also be obtained by fitting a curve over the Pareto 

efficient points obtained with the proposed methodology. The characteristic of such curve 

depends on the number of set of weights selected (with the limit case of exploring the whole 

Pareto efficient region by assigning all possible weight combinations) and on whether the 

optimization algorithms produced global solutions for the optimization problems. A strategy for 

attacking non-convex spaces was presented in chapter 2, by introducing a transformation of the 

objective function that in an exponential form. For the sake of simplicity, it was decided to conduct 

the tests without its implementation.  

After finding the Pareto efficient set by both ways and obtaining both functional relationships, a 

simple test is performed to check if the results are similar. The test is based on the definition of 

the coefficient of determination R2, commonly used to check the goodness of fit of a model to 

experimental data. The interpretation is slightly modified for these test even when the definition is 

the same as in typical regression. One of the objectives of the functional relationship corresponds 

to a dependent variables and the other to the independent variable for the functional relationship 

found by each method. For the relationship corresponding to the Pareto efficient set found by the 

proposed methodology, values of the independent variable are computed from discrete values of 

the dependent variable. This corresponds to the set  𝛾. The same calculation is done for the 

functional relationship of the exhaustive method and will be defined as the set �̌�. The definition of 

the R2 is as follows: 

𝑅2 = 1 −
∑(𝛾𝑖 −  �̌�𝑖)

2

(𝛾𝑖 −  �̌�𝑚𝑒𝑎𝑛)
2
 

Equation 23 

This is basically an adaptation of the common goodness of fit indicator to the case of comparing 

the degree of discrepancy between two curves. This two curves, again, correspond to the 

functional representation of the Pareto efficient region, obtained by the exhaustive method and 

the proposed methodology of this work. A value close to 1 will indicate a very good match between 
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the Pareto efficient set of those methods. This approach to check the performance of the iterative 

response surface algorithms and the weighted criteria is only proposed at a test case level, since 

in a real design scenario it would make no sense to find the Pareto efficient region twice.  

3.2.3 Formulation and solution of real application design case 
Steps 1 and 2 are intended to understand the performance of iterative response surface algorithm 

and their integration with the weighted criteria method at a test case level.  Step 3 consists of the 

formulation of a real application design problem and its solution is based on the experience and 

knowledge from steps 1 and 2. The purpose is to expand the decision block outlined in the 

beginning of this chapter, in order to provide a general guide towards solving optimization 

problems of this nature. Detail on the design case will be presented in chapter 5.  
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4 Implementation of iterative response surface algorithms: test 

cases 
 

Before attacking the design of a real application, some test cases were proposed for two reasons: 

(1) to check the performance of the two iterative response surface algorithms in explicit 

mathematical functions and (2) to perform a first integration of both algorithms with the weighted 

criteria method for multi-objective optimization (since this is a first approach to the integration of 

both elements, a popular multi-criteria optimization method was chosen). In order to attain the 

first goal two test cases were proposed: the Goldstein & Price function (used in benchmarking by 

both Wang and Steenackers), proposed compare both ARSM and SRSM and the set of Hock and 

Schittkowski optimization problems to test only the SRSM algorithm (aiming to compare its 

performance with the work of Stander). For the second goal a co-simulation scheme was 

implemented to find the Pareto efficient region of a two objective test problem consisting of the 

geometrical design of a cantilever beam with elastomeric supports. The purpose of the test cases 

is to understand the capabilities of both algorithms and their integration with the multi-objective 

strategy in order to decide how to solve a real application problem.   

4.1 Test case 1: Goldstein & Price function 
A common approach to test optimization algorithms is to use “benchmark functions”, that are 

particularly difficult to optimize and that offer a point of comparison with other algorithms that have 

been implemented on them. The Goldstein & Price function in two variables is a highly non-linear 

function with several local minima. The function is usually evaluated on the domain 𝑥𝑖 = [−2,2] 

for 𝑖 = 1,2.The global minimum is located at 𝑥1 = 0, 𝑥2 = −1 and attains a value of 3.  

𝑓(𝑥1, 𝑥2) = [1 + (𝑥1 + 𝑥2 + 1)2(19 − 14𝑥1 + 3𝑥1
2 − 14𝑥1 + 3𝑥1

2 − 14𝑥2 + 6𝑥1𝑥2 + 3𝑥2
2)][30

+ (2𝑥1 − 3𝑥2)
2(18 − 32𝑥1 + 12𝑥1

2 + 48𝑥2 − 36𝑥1𝑥2 + 27𝑥2
2)] 

 Equation 24. Golstein & Price fcuntion.  

 

Figure 19. Goldstein & Price surface plot. 

4.1.1 ARSM implementation results 
In this case a low discrepancy sequence Sobol design of experiments comprising 21 initial points 

was performed. A cubic interpolation was implemented for the regression. A 0.1% difference 

between regressive and calculated models was selected as termination criteria, and was met in 

41 iterations. 62 evaluations of the objective function were required in total.  Figure 20 shows the 
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evolution of the ARSM algorithm for the test problem. In the first iterations the minimum of the 

regressive model is very far from the minimum of the evaluated model, showing how a standard 

response surface would be inadequate to predict the optima. Both values keep getting closer until 

the convergence criteria is met at the global optima. Under this special selection of DOE and 

regressive model, the algorithm was capable of converging to the global optima. Figure 21 shows 

the evolution of the termination criteria; for the first iterations difference used for the termination 

criteria is very large, and keeps decreasing until reaching the 0.1% threshold Figure 22 shows 

how the design variables explore the design space until stabilizing on the values that the reach at 

the global optima.   

 

Figure 20. Evolution of ARSM algorithm on Goldstein & Price function optimization (ARSM algorithm). 

 

Figure 21. Evolution of convergence criteria, consisting on a 0.1% difference between regressive and calculated 
models. 
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Figure 22. Evolution of variables towards optimum of test case. 

Figure 23 presents the response surface at the last iteration of the algorithm. It should be noted 

how both the ranges of the variables and the objective were reduced as a consequence of the 

adaptive scheme, as expected from the nature of the algorithm, which basically attempts to 

produce a very refined response surface near the region of the optima. In this case, given the 

highly nonlinear nature of the Goldstein & Price function, a strong refinement was made until the 

termination criteria was met.  

 

Figure 23. Final response surface near optima. 

Although the algorithm showed to converge to the optima, it was only under a certain conditions. 

Using a second order polynomial instead of the piece-wise cubic interpolation had the effect of 

the regressive model never reaching the evaluated model, and thus not meeting the convergence 

criteria. Changing the design of experiments by number or type of design also produced a similar 

outcome. 
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Steenackers obtained solutions both with piece-wise and second order polynomial regression, 

but does not comment on the kind of design of experiments used and the implications of that 

choice on the robustness of the method. None Wang nor Steenackers present a study on the 

robustness of their algorithms under different test conditions, and thus it’s difficult to judge 

whether, as in this implementation, they worked under special conditions or if they actually 

represent a robust global optimization strategy. From the results of this implementation, it is 

observed that the proposed scheme is not robust as a global optimization strategy on a function 

of the nature of the one tested.    

Table 1 compares the number of iterations required by the ARSM methods as claimed by Wang 

and Steenackers. None of the authors are clear on what “number of iterations” mean, and if it 

corresponds to the total number of function evaluations. The results of this work mention both 

number of iterations and number of function evaluations, since an initial DOE required the 

computation of 20 points. Only on the basis of iterations there are differences between the three 

works. Wang’s method is the most expensive Steenackers offers two variations of the algorithm 

that are more efiicient: (i) just using interpolation and (ii) using the “pan & zoom” method. He did 

not however discuss the differences between both. Although the “pan and zoom” showed the best 

performance based on iterations, since it’s not clear what iterations mean (it could be associated 

with several function evaluations) it’s difficult to conclude on its value. The method implemented 

in this work is comparable to both Wang’s and Steenackers methods, giving comparable results. 

It be noted again that since no enough insight is given on the detail of both authors methods 

regarding to their sensibility to changes in regression type and DOE, based on the experience 

with the particular implementation of this work, the method should not be regarded as robust for 

attacking highly non-linear optimization problems.  

 

ARSM method Number of 
evaluations** 

Number of 
iterations 

Improved method II (Wang) -- 82 
Polynomial interpolation 

(Steenackers) 
-- 38 

Polynomial “pan & Zoom” 
(Steenackers) 

-- 29 

Piece-wise cubic regression 
(Steenackers) 

-- 62 

ARSM with piece-wise cubic “pan & 
Zoom” (Steenackers) 

-- 32 

Implemented method (Sobol DOE & 
piece-wise cubic interpolation) 

62 41 

Table 1.  Comparison between the results of the methods implemented by Wang, Steenackers and the proposed in 
this work. **Both authors report only the number of iterations and make no specification on whether that corresponds 

to the number of function evaluations. 

4.1.2 SRSM implementation results 
As opposed to the previous work on ARSM, SRSM’s main author (Stander) presented several 

works concerned with the study of the robustness of an iterative response surface method. He 

specifies D-Optimal designs and second order polynomials. Furthermore, a deep insight into the 

“pan & zoom” method is given, including the mathematical form of the heuristics that dictate the 
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domain reduction scheme. Stander claims that the method robustness lies in the fact that no 

information is inherited from previous iterations, and that although it is by no means a global 

optimization algorithm, it may be more likely to find a lower local optimum than local approximation 

(gradient) methods due to its ‘wider’ perspective of the design space as embodied in the response 

surface (Stander, 2002). Since in every iteration a whole new set of experiments is performed 

(centered in a new sub region defined by new ranges on the variables), the method gets rid of 

inheriting previous information (as in the case of an adaptive algorithm) at the expense of more 

function evaluations. The better performance of the SRSM algorithm comes with a higher number 

of function evaluations. Figure 24 shows the evolution of the algorithm, in which each iteration 

corresponds to the evaluation of 9 points of the objective function. 

 

Figure 24. Evolution of ARSM algorithm on Goldstein & Price function optimization (SRSM algorithm). 

Figure 25 illustrates the evolution of the termination criteria, showing less oscillation than in the 

case of the adaptive method (Figure 21). This supports the fact that by getting rid of the 

information of previous iterations, the algorithm approaches more smoothly and in less iterations 

to the optima (although with more function evaluations).  Figure 26 depicts the evolution of the 

ranges of the design variables as the moved towards the optimum. The “pan & zoom” strategy is 

reflected on the displacement and size reduction of the ranges of the variables.   

 

Figure 25. Evolution of termination criteria, consisting on a 1% difference between regressive and calculated models 
(SRSM algorithm). 
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Figure 26. History of the “pan & zoom” reduction scheme. Red box indicates the initial subregion and subsequently 
smaller blue boxes represent the cntracted ranged of the variables untial attaining the minimum (green dot). 

This behavior is also shown in Figure 27. When the ranges for successive iterations didn’t change 

a “panning” operation was performed, while when the ranges were reduce a “zooming” operation 

occurred corresponding to the calculated contraction parameter. The evolution of the values taken 

by the variables is also shown in this graph.  

 

Figure 27. Evolution variable range history and variable values. 

4.1.3 Comparison of iterative response surface algorithms with other optimization 

strategies 
Both iterative response surface algorithms are compared with other common optimization 

strategies. Before the comparison an illustration of the problem of finding local optima is given. A 

popular interior point method available in the Optimization Toolbox® of Matlab® was tested on 

the Goldstein & Price function for different initial search values, and the results are summarized 

in Table 2. Depending on the initial value, the method converges to local or global minima. In this 
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case two local minima were found, corresponding to a value of 84 and 30 respectively. The global 

optima corresponds to a value of 3 of the objective function. It is obvious how critical the problem 

of finding local minima is, since the closest local minima is bigger than the global minima by a 

factor of 10! In the design of complex systems it is highly desirable to obtain global optima 

solutions. The problem of finding global solutions is however the main problem associated with 

the whole study of optimization, and some global strategies are available with their drawbacks, 

as will be shown next.  

Initial point Optimum 𝒙𝟏 𝒙𝟐 Global? 

[-2,-2] 84.0000 1.8000 0.2000 No 

[0,-2] 3.0000 0.0000 -1.0000 Yes 

[0, 0] 30.0000 -0.6000 -0.4000 No 
Table 2. Different results obtained at the Goldstein & Price function for different initial values of an iterior point 

optimization method implemented in Matlab® Toolbox®. 

Table 3 compares both iterative response surface methods with other optimization strategies, 

ordered by the required number of evaluations for the optimization of the Goldstein & Price 

function. ARSM showed to be the most efficient method. Its economy is associated to the fact 

that information is passed from past iterations by adapting an initial design of experiments. This 

same characteristic makes it rigid and highly sensible to choice of design of experiments and 

regressive model, and the result obtained worked for a very specific set of those choices. Small 

changes in them produced local optima or even non-convergent behavior. The method however 

seems attractive for the optimization of simpler functions due to its economy, and can be seen as 

an enhancement over traditional response surface method when attempting to refine the 

prediction of the optima of moderately non-linear smooth functions. The interior point method is 

also efficient, but fails as a global optimization method. SRSM required more function evaluations 

than both ARSM and the interior point method but gets rid of the rigidity of ARSM by using new 

information in every iteration and proving to increase the chances of finding global solutions, as 

mentioned before because of the ‘wider’ perspective it attains in every iteration. Simulated 

annealing and Genetic Algorithms are proven global strategies that however require excessive 

number of function evaluations and very specific tuning of parameters. This aspect makes them 

undesirable for optimizing computer intensive models with a high number of design variables.  

Method Number of function 
evaluations 

Optima 𝒙𝟏 𝒙𝟐 

ARSM 67 3.0003 0.0007 -0.9989 

Interior point method 99 3.0000 0.0000 -1.0000 

SRSM 144 3.0006 -0.0002 -0.9998 

Simulated annealing 2195 3.0000 0.0000 -1.0000 

Genetic Algorithm 3750 3.0000 0.0000 -1.0000 

Table 3. Comparison between optimization strategies for the Goldstein & Price test case, including the studied 
algorithms. Methods are ordered by number of requiered function evaluations.   

The SRSM arises as an attractive strategy that balances both global characteristics (without 

claiming it is a global optimization method) and number of function evaluations. For this reason, 

a second test case involving some of the Hock and Schittkowski problems is presented next, 

exclusively dedicated to the study of the SRSM algorithm.  
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4.2 Test case 2: Hock and Schittkowski problems 
Stander (Stander, 2002) approaches a study on the robustness of the SRMS algorithm, by 

comparing the optimization results with those obtained by SQP and SLP optimization in a set of 

“well known pathological” problems called the Hock and Schittkowski optimization problems. The 

problems involve several variables and constraints, and highly nonlinear behavior on both 

objective function and constraints. Stander notes that the SRSM algorithm does remarkably well 

although showing a slower convergence rate compared to the other methods. For the purpose of 

validating the behavior of the SRMS algorithm as implemented in this work, some of the 

benchmark functions used by Stander were considered. The formulation for this optimization 

problems is presented in appendix section A1.    

The method presented by Stander (Stander, 2002) is slightly different in it heuristics to that done 

by the same author in collaboration with Kok (Kok and Stander, 1999). The method implemented 

in this work corresponds to the heuristics as presented by Kok, and thus differences might be 

observed with the test functions. Furthermore, Stander presents results in terms of iterations and 

not in total function evaluations. Table 4 summarizes the results; in all cases of the implemented 

SRSM algorithm the global optimum was reached. The implemented algorithm is comparable in 

number of iterations to the results by Stander, with more iterations required by the simplified 

scheme used in this work. In this work second order polynomials were used for the regressive 

model, but it’s not clear the kind of regressive model used by Stander. This information would 

offer more insight into the comparison, since the number of function evaluations depends on the 

number of points used for the regression. Even with this lack of information, it is safe to say that 

in general terms, the SRSM algorithm of this work performs stably and with a similar efficiency to 

the method reported by Stander. This result together with that of test case 1, validates the correct 

implementation of the method for solving highly nonlinear optimization problems involving 

constraints.  

Hock and Schittkowski 
problem SRMS (implemented) SRMS ( Reported by Stander) Interior point Genetic Algorithm 

# Number of variables Iterations Function evaluations Iterations Function evaluations Function evaluations Function evaluations 

26 3 13 195 15 - 145 13050 

71 4 23 529 10 - 72 20350 

80 5 15 480 11 - 231 10660 

104 8 21 1428 14 - 550 - 

Table 4. Comparison on function evaluations and iterations between implemented SRSM, the results reported by 
Stander and other common optimization strategies.  

Table 4 shows how in all cases interior point methods work more efficiently (with both their 

difficulty to handle numerical noise and local minima), and genetic algorithms worked much worse 

in terms of number of function evaluations. Both well know methods are not attractive for solving 

optimization problems involving numerical models from highly nonlinear FEA models. SRMS 

represents an attractive alternative, especially suited for that scenario.  

4.3 Test case 3: Optimal design of simple cantilever beam with elastomeric 

supports with FEA model 
This subsection deals with the integration of the presented iterative response surface method 

algorithms and the weighted criteria method for solving a simple multi-objective optimization, 

when the model under consideration consists of a simple finite element analysis simulation. Thus, 
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this test case is comprehensive in treating all aspects of this work in order to propose a 

methodology for solving this kind of problems. The performance of both iterative response surface 

algorithms is compared to give an insight, together with the previous results of the benchmark 

functions, of their capabilities and use for a particular application.    

4.3.1 System geometry and functionality 
The test case geometry originates from the design of a device intended to generate an 

identification on the scenario of its manipulation. It is essentially an anti-tamper device (seal). 

Figure 28 shows a graphic computer model of the exterior of the device and a section view of a 

real prototype. A mechanical fuse manufactured from a fragile ceramic material is placed inside 

of the housing, with an elastomeric interface between them. The seal must perform under two 

different scenarios: (1) during manipulation, transportation and shock, the mechanical fuse must 

remain intact and (2) during operating condition, the mechanical fuse must break whenever a 

manipulation exerts enough force to break the fuse, thus indicating that a manipulation was 

attempted. This test case is concerned with the geometry of the elastomeric support-polymeric 

matrix interface for the first of the two mentioned scenarios, with a fixed geometry of the 

mechanical fuse (that is, the fuse enters the model as a parameter, and design liberty is only 

related to the interface).  

 

Figure 28. CAD isometric view of the exterior of the anti-tamper seal (left) and prototype interior section view showing 
the mechanical fuse principle and its interaction with the housing and elastomeric supports.  

In the scenario of transportation, potential shock and manipulation, the natural frequency of the 

system is of interest. Reducing the natural frequency is highly desirable. After the assembly of 

the device, an internal mechanism (not shown nor studied in this test case) exerts a load of 10 N 

on the tip of the free end of the mechanical fuse, resembling a cantilever beam. For the purpose 

of operation, the deflection at the beams tip under this load is also desired to be minimized. The 

selection of the geometry of the elastomeric support and polymeric matrix interface has a strong 

influence in both performances. Increasing the rigidity of the supports reduces deflection but 

increases natural frequency, while softening the supports reduces the natural frequency of the 

system with a consequence on the deflection. A tradeoff between both competitive performances 

motivates a multi-objective problem formulation in order to investigate its nature.  
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4.3.2 Model definition 
A simplified two dimensional model is proposed. The polymeric matrix contains the mechanical 

fuse and the elastomeric supports in a cantilever beam configuration. Two design variables are 

identified, P1 and P2, corresponding to the height of the pre-compressed elastomeric support and 

the height of the cavity on the polymeric matrix on which it fits. 

 

Figure 29. Two dimensional simplification of the design. 

Since the height of the elastomeric support is always larger than that of the cavity on which it fits 

in order for the elements not to be loose, a natural compression preload is induced in the area on 

the interface. The bigger the relationship P1/P2, the stiffer the system and thus the smaller the 

deflection. The beam is subjected to an assembly load of 10 N, as shown in Figure 30. 

 

Figure 30. General dimensions, restrictions and load conditions on the system. 

The geometry was set up in ANSYS workbench, in order to perform a linear structural simulation. 

All materials were defined in their linear portion. For simplicity a quasi-static condition was chosen, 

with outputs relating the natural frequency of the system and the displacement at the beams tip 

for the applied assembly load of 10 N.  Contact between elastomeric interfaces and polymeric 

matrix was defined as bonded and between mechanical fuse and elastomeric interfaces as 

frictionless. The pre-compression of the elastomeric interface was set before the analysis, in order 

to capture the underlying phenomena. Table 5 summarizes some of this information.  
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Component 
Modulus of elasticity 

[GPa] 

Density  

[
𝑴𝒈

𝒎𝟑] 
Element size 

[mm] 

Element 

type 

Polymeric matrix 2.700 1.2 0.64 

PLANE 183 

Mechanical Fuse 

(beam) 
57.000 2.5 0.15 

Elastomeric 

interface 
0.025 1.0 0.15 

Table 5. Summary of model materials, element sizes for each component and element type of simulation. 

Figure 31 shows the mesh on the model and the way of determining the value of the deflection of 

interest for the optimization. Figure 32 depicts the mode of vibration that is critical for the design, 

considering it’s related to the most probable motion occurring at a premature rupture at impact. 

The frequency calculated for this mode is the one that is of interest for the optimization. 

 

Figure 31. Mesh of model and determination of beam deflection. 

 

Figure 32. Critical mode of vibration that corresponds to the frequency of interest. 

4.3.3 Formulation of optimization problem 
As stated before, design freedom was associated to the selection of the set of P1 and P2 that 

both minimized natural frequency of the system and deflection at the beams tip. In order for the 

pre-compression to occur at the interface, the elastomeric interface P1 should be higher than the 

cavity P2 in which it fits. This aspect, together with defined limits for both variables make up the 

constraints. The formal mathematical expression of the design problem is as follows:  
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Design variables 

𝑃1 = 𝐻𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑒𝑙𝑎𝑠𝑡𝑜𝑚𝑒𝑟𝑖𝑐 𝑖𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑒  

𝑃2 = 𝐻𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑝𝑜𝑙𝑦𝑚𝑒𝑟𝑖𝑐 𝑚𝑎𝑡𝑟𝑖𝑥 

Multi-objective optimization problem 

min
𝑃1, 𝑃2

𝑓1 = 𝐷𝑒𝑓𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡ℎ𝑒 𝑏𝑒𝑎𝑚′𝑠 𝑡𝑖𝑝 

min
𝑃1, 𝑃2

𝑓2 = 𝐹𝑖𝑟𝑠𝑡 𝑚𝑜𝑑𝑒 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑦𝑠𝑡𝑒𝑚 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜, 

0.510 mm < P1 < 0.600 mm                 

   0.500 mm < P2 < 0.590 mm                  

                P1/P2 > 1                           

4.3.4 Results 
Two different tests were carried out. The first considered only the implementation of the ARSM in 

comparison to an exhaustive calculation of the feasible space. The second consisted in 

comparing both ARSM and SRSM. Both tests used different set of weights for computing the 

Pareto efficient region. The surface plot of the weighted criteria function for a particular choice 

weights shows a smooth behavior of the response surface after only one iteration (Figure 33). 

The nature of the response gives a good scenario for the implementation of the ARSM algorithm.  

 

Figure 33. Response surface after adaptive scheme corresponding to a particular set of weights of the weighted 
criteria objective function.  

A convenient set of 10 pair weights was selected a priori. The ARSM algorithm was executed for 

each pair of weights until the termination criteria was met. Given the simple nature of the function 

the ARSM took between 1 and 3 iterations to complete for the 10 optimization cases. An 

exhaustive computation of 417 points was also performed in order to compare the results of the 

ARSM-weighted criteria method integration, which only took 42 function evaluations. The 

objective function space plot containing this information is shown in Figure 34. 
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Figure 34. Objective function space plot, showing the feasible set obtained by an exhaustive method and the ARSM 
method.  

In order to compare the quality of the curve described by the ARSM Pareto set to that obtained 

by the exhaustive method, a fitting of the data was performed for both cases. The ARSM was 

implemented twice: first with an initial design space of 10 points and then with an initial design 

space of 18 points. The three curves of the Pareto Set, obtained by ARSM with 10 initial points, 

with 18 initial points and by the exhaustive method are shown in Figure 35.  

 

Figure 35.Grapical comparison of the Pareto efficient region fond by ARSM and exhaustive method after performing a 
curve fitting over the points of that set for each case.  

A quantitative comparison of the fitted curves was performed by using the definition of the 

coefficient of determination as presented in chapter 3, with the exhaustive method curve 

representing the theoretical data and both ARSM resulting curves representing the experimental 

data. In both models, the functional relationship for the Pareto efficient set was that of a power 

function (Figure 35). Discrete points on the independent variable (in this case the deflection 

objective) were plugged into the fitted curve to obtain the 𝛾𝑖 and  �̌� sets, that were used turn to 

calculate the coefficient of determination. For the case of 18 points in the initial space, the 

coefficient of determination was virtually one, indicating that the efficient region was found with 
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great accuracy with respect to the exhaustive method. The coefficient for the ARSM with 10 initial 

points was only slightly worse, but also required less function evaluations. The degree of accuracy 

depends on how tighten the tolerance for the termination of the ARSM criteria is set.  

Exhaustive method 

Number of function evaluations 

417 

ARSM methodology 

Number of initial 

points of ARSM 

Number of 

iterations 

Total number of 

function evaluations 

R2 coefficient of 

determination 

10 32 42 0.9756 

18 37 55 0.9939 

Table 6. Comparison between ARSM and exhaustive methods in computing the Pareto efficient region.  

The optimization was also carried out with the SRSM algorithm in order to compare it to the 

ARSM. The graphical results are shown in Figure 36. Both method described virtually the same 

curve (R2 was virtually 1), which validates that both algorithms produce the desired region. This 

is the most important aspect to note. Points in that curve however are not the same for both 

methods, mainly because termination tolerances were different. ARSM used a tighter tolerance. 

One of the limitations of the weighted criteria method apparent, and is related to the geometrical 

interpretation of the method. Each pair of weights represents a hyperplane in the objective 

function dimensional space. In this case each pair of weights represents a line with a specific 

slope. A Pareto optimal point is that for which the line reaches tangency at the efficient region for 

that particular slope. The characteristics of the formulation and the algorithm might make this 

slope attain a quasi-Pareto point that is numerically very close to the value of the weighted 

function attained at the absolute Pareto point, but that geometrically corresponds to another point 

in the region. For the practical purpose of this work, obtaining points describing the same curve 

of the Pareto region is considered a satisfactory result.   

 

Figure 36. Comparison between ARSM and SRMS in the computation of the Pareto efficient region. 
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In terms of evaluations SRSM showed to be more expensive, just as in test cases 1 and 2. 138 

evaluations were required against the 42 of the ARSM method. It must be noted that the response 

surface had a smooth second order behavior, which made it particularly suitable for the ARSM 

algorithm because of its economy when handling this kind of responses, but that made SRSM 

over dimensioned for the application. 
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5 Optimal design of planar technology dipole meandering antenna 

array for RFID applications  
 

This chapter is concerned with the implementation of the integration methodology broadly outlined 

in chapter 3 for solving a real application case of study, consisting of the multi-objective 

optimization of a computer intensive real application design problem. The results obtained in 

chapter 4 provided the foundations for taking the decisions on the type of algorithm to be used, 

the formulation of the optimization problem and the strategy for selecting weights of the weighted 

criteria function to be optimized. Section 5.1 gives a context on RFID applications, from which the 

design case is motivated. Section 5.2 details the geometry and the model for the case of study, 

and performs a preliminary analysis of the response. Section 5.3 starts by stating the reasons of 

choice for a particular iterative response surface algorithm based on the nature of the output of 

the model, then continues through problem formulation (including two slight variants in 

formulation). The results on a failed attempt to find points in the Pareto region is shown, and a 

change in formulation is then analyzed and proposed. Based on this attempt and on the results 

of chapter 4, the methodological diagram consisting of the three decision blocks presented on 

chapter 3 is expanded to include all aspects to take into account in the integration methodology. 

Section 5.4 is devoted to the results after implementing the consolidated methodology of 

integration.  

5.1 A brief context on RFID applications 
Radio Frequency Identification (RFID) is a wireless data capturing technique for automatic 

identification, tracking, security surveillance, and logistic and supply chain management. A very 

common application of RFID is Electronic Article Surveillance (EAS) in superstores, in which 

expensive items are tagged so that the unpaid items give warning signals at the entry and exit 

points of stores (Karmankar, 2012).  

In chapter 3 of this work, a test case involving the design of a mechanical subsystem of a security 

seal was presented. The seal was devised to be placed in a box containing a meter in order to 

verify if the box had been disturbed or not. Supposing the box was not violated, this condition 

could be represented by the wireless response of a seal containing a RFID tag with a specific 

code for that box. In the scenario of the box being forcefully opened or at least disturbed, there 

would be no response from the seal. This capability of RFID technology inspired the design of a 

mechanical fuse containing a RFID identification tag. In order to mount the tag device, an antenna 

should be designed to operate with a specific electromagnetic performance. As pointed out by 

Lu, (Lu, 2011), antennas used for wireless communications tends to be compact in size, of low 

cost and convenient use. Planar antennas offer an attractive set of features like low profile, light 

weight, compactness and ease of fabrication. A particular topology of planar antennas intended 

for compactness is that which incorporates two poles with a meandering or serpent geometry, 

which makes it especially attractive for the design of the seal, since size reduction of 

electromagnetic components size is desired due to their interaction with other mechanical 

components of the device.  

This very general review on the RFID component of the seal just intends to give a context on the 

problem. The design of the electromagnetic components was developed by Velasquez, in the 
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form of a computer simulation of an antenna and physical characterization. A typical approach for 

the design of such antenna involved a semi-empirical trial and error task in which geometrical 

parameters of the antenna were modified in order to obtain a desired response, which involved 

several electromagnetic performances. This job could take from 2 to 3 weeks. The situation 

motivated the formulation of an optimization problem based on the FEA model of the antenna. An 

optimization approach with the use of iterative response surface algorithms was proposed due to 

the time required for each evaluation (ca. 30 minutes). Details of the RFID application are 

presented by Velasquez (Velasquez, 2011). 

5.2 Geometry of the antenna and computation of the response 
The topology of the antenna is that of a meandering line with two poles and a port between them, 

as shown in Figure 37. Several design variables were identified from the semi-empirical approach 

to the design, all related to dimensions of the antenna measured in millimeters: 𝐵 corresponding 

to the length of the arm at the end of the line, 𝐻 to the main length of the arms of the line,𝐿𝑐 to the 

length of the port that connects the antenna to the rest of the circuit,𝐻𝑐 to the length perpendicular 

direction, 𝑉𝑙𝑖𝑛𝑒1and 𝑉𝑙𝑖𝑛𝑒2 to the width of the main line and the line at the port, and ℎ𝑏to the 

displacement of each meander with respect to the previous. The number of meanders was fixed 

to 4 as a parameter in order to limit the problem to continuous variables, with that number of 

meanders having a good performance from past designs. Table 7 summarizes the ranges the 

variables could take for the design.  

 

Figure 37. Geometry of planar dipole meandering antenna. 

Variable ranges 

𝑯 𝑩 𝑳𝒄 𝑯𝒄 𝑽𝒍𝒊𝒏𝒆𝟏 𝑽𝒍𝒊𝒏𝒆𝟐 𝒉𝒃 

[5.0-10 mm] [2.0-10 mm] [2.5-4.5 mm] [0.5-2.5 mm] [0.8 -1.4 mm] [0.8-1.4 mm] [0-0.3 mm] 

Table 7. Ranges for the variables on the geometry of the antenna. 

The response of interest of the antenna is in a scenario of resonance. The wireless identification 

is produced when the antenna is excited by an electromagnetic wave that makes it resonate at a 

specific frequency. A guitar string makes up a simple mechanical analogy. The plugged string 

resonates at a specific frequency depending on its length; a short string resonates at a high 

frequency while a long string does the same at a lower frequency. The behavior of the antenna 
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at resonance includes complicated electromagnetic inductive and capacitive effects, related to 

the particular geometry of the design, but the idea behind resonance is fairly similar.   The analysis 

was carried out in ANSYS HFSS, and consisted in determining the response of the antenna in 

terms of its real and imaginary parts of the impedance (related to the voltage-current 

proportionality of the antenna) and its gain for a sweep of different frequencies. In simple terms, 

a frequency sweep was performed inside a specific bandwidth of interest (between 2.25 and 2.65 

GHz) in order to capture the resonance of the antenna.  

To capture the response a discrete sweep of frequencies should be solved for the real and 

imaginary parts of impedance, and for the gain. This is represented in Figure 38. 

 

 

Figure 38. Response at each point of a frequency sweep after solving for the real and imaginary parts of frequency 
and for the gain.  

From the graphs it is clear that the region of resonance occurs at the peak of the real part of 

impedance graph. The value of the frequency at which the maximum is attained is the frequency 

of resonance. The output on which optimization is carried out is the real part of impedance at 

resonance 𝑍𝑟, the imaginary part of impedance at resonance 𝑍𝑖 and the gain at resonance 𝑔.  



Optimal design of planar technology dipole meandering antenna array for RFID applications 

  

51  
 

Since no previous knowledge on the characteristic of the surface relating the outputs and the 

input variables was at hand, and as a part of the investigative work, a first screening was 

performed using a design of experiments on the design space and evaluating the four responses 

as explained in Figure 38. A total of 610 points were evaluated by the computer simulation, each 

taking around 30 minutes. A preliminary sensibility analysis was performed by calculating the 

spearman rank correlation coefficient for the 7 input variables and the 4 output responses, with 

the purpose of understanding the effect of the variables in the responses. It is safe to say that 

although this approach to sensibility analysis is subject to some strong assumptions (for example 

monotonic relationship between variables and response), it can be inferred in general terms that 

𝐻 is the variable with the strongest influence on the responses. This makes sense because it is 

the variable that dominates the effective length (i.e. the total length) of the antenna.  

 

Figure 39. Results of sensibility analysis for the four responses and the seven design variable, as obtained by 
calculating the spearman rank correlation coefficient. Negative values indicate a decreasing relationship of the output 

with the increase of the input.  

A surface plot consisting of an interpolation of the projection in two of the most representative 

variables was done in order to get a grasp on the nature on the phenomena. The behavior is 

shown in the following graphs. 
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Figure 40. Surface plot projection in two variables of the real part of impedance. 

 

Figure 41. Surface plot projection in two variables of the imaginary part of impedance. 

 

Figure 42. Surface plot projection in two variables of the frequency of resonance. 
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Figure 43. Surface plot projection in two variables of the gain. 

Three aspects of the responses must be noted: 

 From Figure 40 it is observed a flat valley between 2 mm and 5 mm of 𝐻, suggesting that 

no resonance is occurring in that range. This is consistent with the fact that very short 

antennas resonate at very high frequencies that are above the bandwidth of the performed 

sweep (between 2.25 and 2.65 GHz). This is consistent with the behavior on the gain, for 

which negative values are obtaining. Negative values indicate that the antenna is in fact 

not working as an antenna (i.e. there is no resonance). Figure 44 shows how, for a 

particular geometry, the sweep gets truncated before the resonance occurs. This 

introduces the notion of feasibility in the design, in the sense that a particular geometry 

must resonate in the range of study in order to be considered feasible.  

 

 

Figure 44. Truncated responses of real part of impedance and Gain, showing no resonance nor positive value of the 
Gain.  

 The general trend of the responses are highly non-linear. Even if this is a projection of 2 

variables from an 8-dimensional hypersurface, the graphs suggest this kind of behavior, 

indicating that local optimization algorithms or even the ARSM method could fail to 

produce a convergent global solution.  

 In addition to the non-linear behavior, sudden low amplitude peaks do not suggest only 

general nonlinear behavior but also numerical noise. The responses were studied further 

to determine the quality of the approximation of the resonance. A sweep consisting of 100 

points was implemented. A review on the response showed how most of the points of the 
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sweep locate outside the zone of resonance, while only phew of them actually capture it. 

This situation is shown in Figure 45. It is observed that even using interpolation, the 

approximation is really poor, particularly at predicting the value of the imaginary part of 

impedance at resonance. Simply refining the sweep with more points becomes unpractical 

because the simulation time increases significantly.  

 

Figure 45. Poor response of the resonance obtained from a frequency sweep of 100 points. 

A two stage approach for finding the resonance was implemented, inspired in the ideas on 

successive response surfaces (without actually implementing the algorithm). In a first sweep 

consisting of only 51 points, the approximate point of the resonance is located. A second sweep 

this time in a narrower interval comprising only the region of impedance is performed with 21 

points. Thus a “zooming” operation is performed on the region of interest, limiting the number of 

points to a practical amount. An interpolation was carried out and also a simple optimization on 

the explicit function represented by the interpolation (much in the form of RSM) to accurately 

predict the value of the frequency of resonance, occurring at the peak of the real part of the 

impedance function. With this approach the response was captured with an excellent quality, 

resembling that of an extremely dense sweep, required only half of the time of the previous sweep 

comprising 100 points with a very bad quality. The following two graphs illustrate the procedure 

and the quality of the response.  

 

Figure 46. Two stage refining strategy to accurately capture the resonance. 
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Figure 47. High quality in determining the frequency of resonance and the real and imaginary parts of impedance, as 
a result of the implemented two stage reduction scheme.  

5.3 Integration of successive response surface method and weighted multi-

criteria strategy for multi-objective optimization 
 

Once the quality of the response had been accepted and validated, the optimization on the 

parametric model could be performed. The core of this work lies in the integration of iterative 

response surface method algorithms with a multi-criteria optimization strategy for optimizing a 

computer intensive models. Several characteristics of the algorithms were noted from the test 

cases: 

 The ARSM algorithm showed to be sensitive to aspects in its configuration that make it 

unsuitable for optimizing highly non-linear problems. This was observed in test case 1. 

However, whenever optimizing over a relatively smooth surface, the algorithm proved to 

be efficient and economical in terms of number of evaluations, working as an 

enhancement over traditional response surface methodology. This was observed in test 

case 3. 

 The SRSM algorithm on the other hand, showed to be more robust for handling highly 

non-linear behaviors but with an increase on the number of function evaluations. As 

reported by Stander, this algorithm handles numerical noise well, a typical situation in 

computational models. 

The choice for a particular algorithm depends strongly on the nature of the problem. A smooth 

moderately non-linear behavior without much noise might call for the ARSM method, while a 

highly non-linear and noisy response would be better suited for the SRSM algorithm. The nature 

functions to be optimized in this design problem corresponds to the second case. Even when 

noise has been reduced by implementing the scheme for high quality response, a certain level of 

noise is expected because of the characteristics of the meshing and solving routine of the model. 

The non-linear behavior is implicit as discussed in previous subsections; attempting to optimize 

with the ARSM algorithm would be ineffective. For those reasons, the choice of algorithm is the 
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SRSM. In the following subsections details on the process of finding the Pareto efficient set for 

the design of the antenna are presented.   

5.3.1 Formulation of optimization problem 
The notation for the responses obtained from the model at resonance is as follows: 

𝑍𝑟 = 𝑅𝑒𝑎𝑙 𝑝𝑎𝑟𝑡 𝑜𝑓 𝑖𝑚𝑝𝑒𝑑𝑎𝑛𝑐𝑒 [Ω] 

𝑍𝑖 = 𝐼𝑚𝑎𝑔𝑖𝑛𝑎𝑟𝑦 𝑝𝑎𝑟𝑡 𝑜𝑓 𝑖𝑚𝑝𝑒𝑑𝑎𝑛𝑐𝑒 [Ω] 

𝑓 = 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑜𝑓 𝑟𝑒𝑠𝑜𝑛𝑎𝑛𝑐𝑒 [𝐺𝐻𝑧] 

𝑔 = 𝐺𝑎𝑖𝑛 [𝑑𝐵𝑖] 

Equation 25 

It was not stated before, but the aim of the design relies in producing an antenna as close as 

possible to a particular performance. Because of the interaction of the antenna with the other 

components of the RFID system, values of 30 Ohm are desired for both 𝑍𝑟 and 𝑍𝑖. The frequency 

of resonance should be as close to 2.45 GHz as possible, and in order for the antenna to be 

functional it should have a gain of at least 2 dBi. Thus, target values are defined in the 

nomenclature of this particular problem as: 

𝑡𝑧𝑟
= 𝑡𝑧𝑖

= 30 Ω 

𝑡𝑓 = 2.45 𝐺𝐻𝑧 

Equation 26 

The gain is treated as a constraint: 

𝑔 ≥ 2 𝑑𝐵𝑖 

Equation 27 

Since the goal of optimization is to get responses as close as possible to those of the target 

values, a difference between the actual response and the desired response must be defined. Two 

types of formulation were attempted, and their result will be stated in latter subsections. The 

difference is the type of norm that encloses the difference. The first attempt involved the square 

norm: 

𝑍𝑟
𝑡 = (𝑍𝑟 − 𝑡𝑧𝑟

)
2
 

𝑍𝑖
𝑡 = (𝑍𝑖 − 𝑡𝑧𝑖

)
2
 

𝑓𝑡 = (𝑓 − 𝑡𝑓)
2
 

Equation 28 

The second attempt of formulation consisted in the absolute value norm: 

𝑍𝑟
𝑡 = √(𝑍𝑟 − 𝑡𝑧𝑟

)
2
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𝑍𝑖
𝑡 = √(𝑍𝑖 − 𝑡𝑧𝑖

)
2
 

𝑓𝑡 = √(𝑓 − 𝑡𝑓)
2
 

Equation 29 

Regardless of the type of difference formulation, the following steps in formulation are the same. 

The optimization problem is expressed as: 

min (𝑍𝑟
𝑡) 

min (𝑍𝑖
𝑡) 

min𝑓𝑡 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜,                                               

𝑔 ≥ 2 

Equation 30 

The weighted criteria method works as a sum of functions that has to be scalarized in order to be 

comparable. Scalarization is performed in the form of Equation 2. Since this functions contain a 

squared difference, the minimum value they attain is 0, and thus scalarization is as follows: 

𝑍𝑟
�̂� =

𝑍𝑟
𝑡

max(𝑍𝑟
𝑡)

 

𝑍𝑖
�̂� =

𝑍𝑖
𝑡

max(𝑍𝑖
𝑡)

 

𝑓�̂� =
𝑓𝑡

max(𝑓𝑡)
 

Equation 31 

The multi-objective problem is solved by optimizing a scalar function in the form of the weighted 

criteria method: 

min(𝐹) = 𝑤1𝑍𝑟
�̂� + 𝑤2𝑍𝑖

�̂� + 𝑤3𝑓
�̂� 

𝑤1 + 𝑤2 + 𝑤3 = 1, 0 ≤ 𝑤1, 𝑤2, 𝑤3 ≤ 1 

Equation 32 

5.3.2 First attempt on computing Pareto efficient points with the proposed formulation 
A set of weights was defined following a Latin space hypercube design in 3 variables with the 

purpose of distributing weights evenly on space. It is know that this strategy might not lead to 

evenly spread points in the Pareto efficient set given the geometrical interpretation of the weighted 

criteria method. In that sense, a change of weights should not have a proportional change in the 

response values after optimization. However, from the experience of test case 3, a first approach 

following this design of experiments was attempted.  
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Point % 𝒘𝟏 % 𝒘𝟐 % 𝒘𝟑 

1 33.000 33.000 33.000 

2 10.490 49.800 39.710 

3 73.020 18.350 8.630 

4 26.540 6.450 67.010 

5 18.980 80.700 0.320 

6 7.140 77.640 15.220 

7 58.170 13.660 28.170 

8 1.510 21.210 77.280 

9 75.180 0.170 24.660 
Table 8. A priory design of experiments for the selection of weights used to compute points in the efficient region 

through the weighted criteria method.   

The complete exposition of final results, including convergence graphs, is presented in the results 

subsection. In this subsection only a preliminary result is given in order to explain the changes in 

formulation that were pointed out before. Table 9 shows the result in the optimization consisting 

of the responses of the three objectives and the constraint for 4 different set of weights. It was 

noted that over the proposed norm on the difference, for even very different set of weights, the 

value of frequency showed almost no change in three of the four points. This aspect made the 

results poorly attractive since no variety was observed in tradeoffs between objectives even when 

weights varied significantly. The computation of the remaining points was aborted. 

Point % 𝒘𝟏 % 𝒘𝟐 % 𝒘𝟑 𝑍𝑟  𝑍𝑖  𝑓   𝑔 

1 
33.000 33.000 33.000 71.028 31.009 2.453 2.007 

2 
10.490 49.800 39.710 59.702 31.113 2.451 2.194 

3 
73.020 18.350 8.630 71.525 27.895 2.434 3.665 

4 
26.540 6.450 67.010 65.057 30.903 2.451 3.331 

Table 9. Preliminary results of optimization of four points of the initially proposed set of weights. 

For this particular case of study, the range of values taken by both the real and imaginary parts 

of impedance were much greater than those taken by the frequency. Thus, even after 

scalarization, the values of frequency difference between real and target value were very small 

and had almost no influence on the objective function. Each Pareto efficient point required around 

1 day o computation, very efficient compared to the 2 to 3 weeks of the traditional empirical 

method but still costly. Computing 9 points would require 9 days. The limitations of the weighted 

criteria method however are very apparent: a determined selection of weights might not produce 

a proportional outcome in the performances. Thus a set of 20%, 20% and 60% compared to one 

of 60%, 30%, and 10% does not produce a proportional change in performances. A general trend 

may be observed, but the actual results depend on many factors, including scalarization (one 

objective could have more implicit weight because of its nature) and if solutions are global or local 

(i.e. if dealing with non-convex Pareto sets). The second aspect is more problematic and is in 

general an implicit difficulty in optimization. The first aspect is directly related to the nature of the 

objective functions, the type of scalarization and in this case, to the type of norm defining the 

difference of response and target values. The weighted criteria method is straightforward to 
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implement, but such implementation has to be done with care from the problem formulation point 

of view. If the computation of each point in the Pareto region is not very costly (as for example in 

test case 3), a priory selection of weights following a predefined design of experiments may be 

utilized. In the case every optimization is very costly (as in this case), a more conservative 

approach of selecting points should be considered, in order to obtain useful tradeoff information 

rather that results that are static in one performance.  

5.3.3 Changes in formulation 
As a consequence of the unsatisfactory results of the first approach for finding the set of efficient 

solutions, a set of aspects of the formulation were reviewed. Since very large numbers were 

observed in the scalarized impedance objectives and very small ones in the scalarized frequency 

function, the type of norm for the difference between response and target values was thought to 

be responsible. Using an absolute value (that is, taking the square root of the previously 

implemented square norm) both made smaller than 0 number bigger and bigger numbers than 0 

smaller, making scalarized functions of both three objectives more comparable. This small change 

had a positive result and was the selected formulation. The conclusion is that depending on the 

nature of the problem, different types of formulations should be considered to work better. Care 

should be taken in this simple decisions at the formulation stage whenever the weighted criteria 

is to be used.  

5.3.4 Synthesis of methodology for the optimal design of complex systems involving 

multiple objectives, design variables and constraints, and modeled by computer 

intensive models 
The main objective of this work was to propose a methodology for solving optimization problems 

involving computer intensive models by integrating iterative response surface algorithms and a 

multi-criteria algorithm. The weighted criteria method was chosen because of being the most 

intuitive approach to solving multi-criteria optimization problems, and as a first attempt to perform 

the mentioned integration. Several aspects had to be taken into account for such integration, 

including the nature of the function to be optimized and its consequence in selecting a particular 

optimization algorithm, the type of formulation and the strategy for selecting points of the Pareto 

efficient region. In the last subsection it was observed how selecting a set of weights a priory 

when the optimization was very expensive could be impractical, leading to lost information. The 

approach proposed in this work was called a point to point strategy, in which a first set of weights 

defining only one point at the Pareto region (typically balancing all objectives with the same 

weight) would be used. From this first result, subsequent weights would be chosen to explore the 

regions of the objective function space of interest for the design. This approach however has to 

still take into account the limitations of the weighted criteria method. The designer has to have in 

mind that a determined change in weights should not necessarily produce a proportional change 

in objective performance, and that the assignment of weights has a geometrical interpretation 

related to the inclination of a hyperplane achieving tangency with a Pareto optimal set if a global 

solution is attained. Figure 48 provides a map of the decisions that have to be considered when 

implementing this particular integration methodology. 
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Figure 48. Summary of proposed methodology of this work. 

5.4 Optimization Results 
This subsection deals with the final results related to the design of the antenna. The evolution of 

the SRSM algorithm comparing both regressive and calculated model minima is shown in Figure 

49, for an objective function in which each objective had the same weight (33% for each). Since 

the termination criteria of 1% difference between approximations and evaluation was not met, and 

since the ranges of variables were already very reduced, a maximum number of iterations criteria 

of 25 was defined. The highly non-linear nature of the function, the implicit noise introduced by 

the meshing and solving routine and the nature of the algorithm made it not possible to converge 

to a solution in the same way that in the test cases. Analytical functions are easy to deal with, 

since they are smooth. Numerical approximation models are especially difficult to optimize, and 

even if the desired convergence was not attained, very good results were obtained where other 

methods would likely fail. Methods like genetic algorithms and simulated annealing very often 

base their termination criteria in a maximum number of iterations. The approach of this work was 

to select the best value from the history of the evolution of the algorithm, because of its 

conservative nature.  



Optimal design of planar technology dipole meandering antenna array for RFID applications 

  

61  
 

 

Figure 49. Evolution of SRSM algorithm comparing regressive and evaluated models. 

The history of each scalarized function and of the weighted sum function is shown in Figure 49. 

Since this corresponds to equal weights on each objective, min (𝐹) = min(0.33𝑍𝑟
�̂� + 0.33𝑍𝑖

�̂� +

0.33𝑓𝑡)̂. The weighted function attains in this case its lowest value at iteration 10. Even when the 

weighed function seems to stabilize around that value, there is no definite convergence because 

of the nature of the model being optimized.   

 

Figure 50. History of the optimization for each of the scalarized objective functions (blue) and the weighted function 
(red). 

This aspect of noise is further supported by the observation on the history of the variables and 

their ranges, as shown in Figure 51 and Figure 52. Most variables seem to stabilize at around 

iteration 10, and ranges for them after this iteration are very reduced. Even in this scenario, 

scalarized functions are not stabilized as stated before.  
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Figure 51. Evolution of variables attaining the minimum of the evaluated model trough optimization. 

 

Figure 52. Evolution of variables range trough optimization. 

Once the nature of the solution was explained, the final result of this work consisted in the 

calculation of two more points on the efficient region. The results are summarized in Table 10 and 

Table 11. The first point produced a very balanced solution on the objectives. Weights for the 

second point were selected after the result of the first point, according to the point to point strategy. 

Here, emphasis was given to the real part of impedance, which attained the worst performance 

in point, in which for the new set of weights attained almost the target value. A cost was payed 
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however in terms of the frequency, which got a much worse value than in point one. Again, priority 

was given to the objective with the worst performance, namely the frequency. For point 3, this 

gave a result very close to the desired frequency value. The real part however got the worst 

performance of all three points. The gain also comes into play. Even if it was managed as a 

restriction, a higher gain is desirable. It is seen how, even with the limitations of the method and 

the difficulties when optimizing this functions, a very valuable result in terms of assessing the 

tradeoff between objective is obtained, with virtually no point being significantly better than the 

other.  

 

Table 10. Pareto efficient points objectives and constraint. 

 

Table 11. Values of the variables for the Pareto efficient points. 

Table 11 shows the variables corresponding to the computed points. It’s interesting the high 

variety in some variables like 𝐻, 𝐵 and ℎ𝑏, and how 𝐿𝑐 and 𝐻𝑐 got saturated at their lower limit, 

even when they explored the space extensively. This suggest that lower values of them could 

give even better results, and that they could be taken as parameters for a new design case, thus 

reducing the dimension of the problem.  
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6 Conclusions 
The main objective of this work was the proposition of a methodology for integrating iterative 

response surface algorithms with a multi-criteria optimization strategy, when the model of 

consideration consisted of a computer intensive computer simulation. The objective was 

successfully accomplished in a real application design problem. Prior work was done in test cases 

in order to explore the nature of the algorithms (ARSM and SRSM) and their characteristics of 

integration with the weighted criteria method (chapter 4). A real design case was worked in 

chapter 5. This chapter provides a conclusion. Section 6.1 makes a synthesized account on the 

basic aspects of the results of both chapters 4 and 5. Section 6.2 provides a broad conclusion on 

the aspects that have to be considered in the proposed methodology of integration.  

6.1 Synthesis of results 
Two iterative response surface method algorithms, the adaptive response surface method 

(ARSM) and the successive response surface method (SRSM) were implemented in three test 

cases. Test case 1 comprised the optimization of the highly non-linear Goldstein & Price function. 

The performance of both algorithms was observed in terms of number of function evaluations and 

the observation on the necessary conditions to obtain the global optima, and compared with other 

strategies. The ARSM showed the best performance in number of function evaluations but 

converged to the global optima only with special conditions. The SRSM required a higher number 

of function evaluations, but exhibited a more robust behavior in terms of convergence to the global 

optima. The results on the number of evaluations corresponds to the order of those presented by 

Wang and Steenackers (without actually implementing the same parameters in the algorithms).  

Test case 2 was concerned only with the implementation of the SRSM in small portion of the set 

of problems known as the Hock and Schittkowsky optimization problems. This scenario involved 

higher dimension problems than the test case 1, and included constraints. In each case the global 

optima was found, and the performance in terms of number of evaluations was comparable to 

that reported by Stander. This test validated the correct implementation of the algorithms. 

Test case 3 was oriented to perform a first exploration of the integration of both algorithms 

together with the weighted criteria function for solving a simple multi-objective optimization 

problem modeled by FEA simulation. An exhaustive exploration of the design comprising 417 

evaluations was done first to obtain the Pareto efficient region that would offer point of comparison 

to that obtained with the response surface method algorithms. The first integration corresponded 

to the formulation of several optimization problems (corresponding to different set of weights of 

the weighted criteria function, defined a priory) solved with the ARSM. The method required only 

37 evaluations of the objective function for obtaining 10 points in the Pareto efficient region. The 

quality of the solutions was checked by comparing two curves fitted to the data of the efficient 

region found by both methods. The curves described were virtually the same behavior, and 

corresponded to a value very close to 1 of the R2 indicator used to quantitatively compare them. 

This test case, which exhibited a smooth response surface, showed a significant reduction in 

number of function evaluations by the implementation of the integration methodology compared 

to an exhaustive computation of the feasible space. The integration was also performed with the 

SRSM method, for which 138 function evaluations were required to obtain the Pareto efficient 

region (this higher number of evaluations associated to the nature of the algorithm).  
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A final real application design case was considered. The nature of the problem was more complex 

than that of test problem 3 in several aspects. The dimension of the problem was larger and 

involved constraints. The behavior was highly non-linear and numerical noise was implicit in the 

FEA model. Finally, the time taken by each function evaluation was significantly larger than that 

of test case 3 (20 to 30 minutes as opposed to 1 minute). Given the nature of the problem, a point 

to point strategy was proposed for selecting weights of the weighted criteria function given the 

time required to complete each iteration. The SRSM algorithm was selected as the best choice 

because of the nature of the function to be optimized. Information from the first weight selection 

was used as a starting point to guide the selection of further weights to explore other portions of 

the design space. The nature of the problem required the definition of a termination criteria by 

maximum number of iterations, from which the best objective function value was chosen as the 

optima. Three optimization problems were solved, thus obtaining three sets of solutions for the 

objective functions. The three different configurations presented an interesting balance of 

performances between the objectives. It should be noted that a semi-empirical method was 

employed to solve this problem in the past, taking from 2 to 3 weeks to adjust the performances 

until obtaining the desired output. The integration methodology presented required 1 day to 

compute one optimal point. 

6.2 Main conclusion 
The objective of this work was to propose a methodology for integrating iterative response surface 

method algorithms with the weighted criteria method for solving multi-objective optimization 

problems where the system model is represented by a computer intensive simulation. This 

integration is not trivial, especially when the nature the optimization and the time required for each 

function evaluation are problematic. The proposed methodology consists of three decision blocks 

that are strongly subjected the conditions of the problem. 

 The first block is associated with problem formulation, were a balance between dimension of the 

problem (number of objectives and variables) has to be coherent to the time required for each 

evaluation of the computer model. Very intensive computer models might not allow large problem 

dimension because the time required to perform the optimization would be impractical. Aspects 

like function scalarization and proper manipulation of functions (e.g. differences between 

responses and target values) have to be performed with care, since they may have a significant 

impact in the multi-objective scenario.  

The second decision block has to do with the choice of the iterative response surface method 

algorithm, and depends on the characteristics of the function to be optimized. ARSM performed 

very efficiently, but its application on highly nonlinear functions may be limited. It fails as a robust 

optimization strategy in such cases, and it was observed that the adaptive scheme of taking 

information from previous iterations made it rigid and potentially non-convergent. SRSM gets rid 

of previous information in every iteration, thus being more robust for attacking highly non-linear 

problems with numerical noise. Its ‘wider’ perspective of the design space provides more chances 

of finding global solutions (without claiming that it’s actually a global strategy).Smooth and 

moderately nonlinear problems are more suitable for ARSM (basically as an enhancement over 

traditional RSM), and highly non-linear noisy optimization problems call for the SRSM algorithm. 

Independently the choice, both iterative response surface method algorithms offer an attractive 

alternative as optimization schemes in the case of optimizing over computer intensive models, by 

offering a fair balance between number of evaluations and performance. Interior point methods 

are very efficient but are not robust as global optimization strategies, and don’t handle numerical 
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noisy properly. Genetic algorithms and Simulated annealing deal with both problems but take an 

unreasonable number of iterations, unacceptable when each function evaluation takes from a 

phew minutes to hours, even days.  

The third decision block is related to the strategy for selecting the weights of the weighted criteria 

function for solving the multi-objective problem. Two scenarios for the application of the method 

were observed, depending on the relative cost of finding the solution for each point on the Pareto 

efficient region. Low to moderately intensive problems suggest a preliminary design of 

experiments for distributing the weights evenly in order to explore the whole Pareto region. 

Unexplored areas would become apparent, and thus more points could be evaluated in those 

areas. Expensive optimization might call for a point to point strategy, in which the exploration of 

the efficient region (i.e. the selection of subsequent weights) is done based on the results from 

previous points.  

 

6.3 Future work 
The integration done in this work, suggested the exploration of a formal enhanced strategy for 

selecting weights for the weighted criteria method optimization. This strategy could consist of an 

interpolation over a predefined set of computed Pareto points in order to predict the regions that 

could be represented by a particular set of weights. It’s a high level application of the response 

surface method ideas. 

Further study on scalarization techniques, norm of differences (in the case optimization is done 

to accomplish desired target values on the objectives) and termination criteria for the iterative 

response surface algorithms is suggested in order to fill those theoretical gaps in a generic way, 

so that they can be taken into account depending on the nature of the formulation and solution of 

the optimization model.  

In addition to the suggested enhancement, the door is left open for the integration of iterative 

response surface method algorithms with different strategies of multi-objective optimization. This 

work only addressed the integration with the weighted criteria method, but motivates to explore 

other possibilities.  
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A1. Hock and Schittkowski test 
problems 
 
Problem 26 
 

min
𝑥

 (𝑥1 − 𝑥2)
2 + (𝑥2 − 𝑥3)

4 

Subjected to, 
 

(1 + 𝑥2
2)𝑥1 + 𝑥3

4 − 3 = 0 
 
Solution: 𝑥∗ = (1,1,1), 𝑓(𝑥∗) = 0 
 

Problem 71 
min
𝑥 

  𝑥1𝑥4(𝑥1 + 𝑥2 + 𝑥3) + 𝑥3 

 
Subjected to, 

𝑥1𝑥2𝑥3𝑥4 − 25 ≥ 0 
𝑥1 + 𝑥2 + 𝑥3 + 𝑥4 − 40 = 0 

1 ≤ 𝑥𝑖 ≤ 5, 𝑖 = 1,… ,4 

Solution: 𝑥∗ = (1, 4.74, 3.82, 1.37), 𝑓(𝑥∗) = 17.01 
 

Problem 80 
min

𝑥
 exp (𝑥1𝑥2𝑥3𝑥4𝑥5) 

Subjected to, 

𝑥1
2 + 𝑥2

2 + 𝑥3
2 + 𝑥4

2 + 𝑥5
2 − 10 = 0 

𝑥2𝑥3 − 5𝑥4𝑥5 = 0 

𝑥1
3 + 𝑥2

3 + 1 = 0 

−2.3 ≤ 𝑥𝑖 ≤ 2.3, 𝑖 = 1,2 

−3.2 ≤ 𝑥𝑖 ≤ 3.2, 𝑖 = 3,4,5 

Solution: 𝑥∗ = (−1.717,1.595,1.827,−0.763,−0763), 𝑓(𝑥∗) = 0.0539 
 

Problem 104 
 

min
𝑥

  0.4𝑥1
0.67𝑥7

−0.67 + 0.4𝑥2
0.67𝑥8

−0.67 + 10 − 𝑥1 − 𝑥2 

Subjected to, 

1 − 0.058𝑥5𝑥7 − 0.1𝑥1 ≥ 0 
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1 − 0.0588𝑥6𝑥8 − 0.1𝑥1 − 0.1𝑥2 ≥ 0 

1 − 4𝑥3𝑥5
−1 − 2𝑥3

−0.71𝑥5
−1 − 0.0588𝑥3

−1.3𝑥7 ≥ 0 

1 − 4𝑥4𝑥6
−1 − 2𝑥4

−0.71𝑥6
−1 − 0.0588𝑥4

−1.3𝑥8 ≥ 0 

1 ≤ 0.4𝑥1
0.67𝑥7

−0.67 + 0.4𝑥2
0.67𝑥8

−0.67 + 10 − 𝑥1 − 𝑥2 ≤ 4.2 

0.1 ≤ 𝑥𝑖 ≤ 10, 𝑖 = 1,… , 8 

Solution: 𝑥∗ = (6.465, 2.232, 0.667, 0.595, 5.932, 5.923, 5.522, 1.013, 0.406), 𝑓(𝑥∗) = 3.95 
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A2. SRSM MAIN PROGRAM CODE 
FOR THE OPTIMAL DESIGN OF THE 
ATENNA 
%%----------SUCCESIVE RESPONSE SURFACE METHOD ALGORITHM---------- 

%This matlab file contains the basic program that implements the succesive 

%response surface algorithm for the optimal design of a planar dipoles 

 

%%Vinculation of directories where the information of each block of the 

% HPC will be stored 

addpath('C:\ARSM_ANTENA\Opt\SRSM_HPC\N1') 

addpath('C:\ARSM_ANTENA\Opt\SRSM_HPC\N2') 

addpath('C:\ARSM_ANTENA\Opt\SRSM_HPC\N3') 

addpath('C:\ARSM_ANTENA\Opt\SRSM_HPC\N4') 

%%Initial Constants 

n=40; % Number of points for the initial design of experimens 

%Lower and upper limits for the design variables(u-->upper, 

%l-->lower); 

x1l=5; 

x1u=10; 

x2l=2; 

x2u=10; 

x3l=2.5; 

x3u=4.5; 

x4l=0.5; 

x4u=2; 

x5l=0.8; 

x5u=1.4; 

x6l=0.8; 

x6u=1.4; 

x7l=0; 

x7u=0.3; 

%Vector with the initial ranges for each variable; 

R0=[x1u-x1l,x2u-x2l,x3u-x3l,x4u-x4l,x5u-x5l,x6u-x6l,x7u-x7l]; 

%D-optimal design of experiments and asignments of each variables 

pt=cordexch(7,n,'purequadratic','bounds',[x1l ,x2l,x3l,x4l,x5l,x6l,x7l;... 

x1u, x2u,x3u,x4u,x5u,x6u,x7u]); 

Xn=4*ones(length(pt),1); 

X1=pt(:,1); 

X2=pt(:,2); 

X3=pt(:,3); 

X4=pt(:,4); 

X5=pt(:,5); 

X6=pt(:,6); 

X7=pt(:,7); 
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pt=[X1,X2,X3,X4,X5,X6,Xn,X7]; 

 

%%----------Algorithm---------- 

stop=0; % Exit flag 

contador =0;% Count of number of iterations 

d=0.01; % Tolerance termination criteria 

x0=[(x1u-x1l)/2,(x2u-x2l)/2,(x3u-x3l)/2,(x4u-x4l)/2,(x5u-x5l)/2,... 

(x6u-x6l)/2,(x7u-x7l)/2]; %Initial point of auxiliary optimization 

%algorithm 

MINF_1=1;% Initiation of vriable 

 

while stop==0 

 

    F=[]; %Initiaton of objective function vector 

    pos=[1,5,9,13,17,21,25,29,33,37]; %vector that defines positions for 

    %HPC distribution 

 

    for i=1:length(pos) 

        % Asignment of design of experiments point to each function of the 

        % HPC 

        in_1=mat2cell(pt(pos(i),:),[1],[1,1,1,1,1,1,1,1]); 

        in_2=mat2cell(pt(pos(i)+1,:),[1],[1,1,1,1,1,1,1,1]); 

        in_3=mat2cell(pt(pos(i)+2,:),[1],[1,1,1,1,1,1,1,1]); 

        in_4=mat2cell(pt(pos(i)+3,:),[1],[1,1,1,1,1,1,1,1]); 

        % Asignment of jobs in batch mode 

        s1 = batch(@antena_optim41,4,in_1); 

        s2 = batch(@antena_optim42,4,in_2); 

        s3 = batch(@antena_optim43,4,in_3); 

        s4 = batch(@antena_optim44,4,in_4); 

        wait(s1,'finished'); 

        wait(s2,'finished'); 

        wait(s3,'finished'); 

        wait(s4,'finished'); 

        %Storage of results from batch jobs 

        results(pos(i),:) =  cell2mat(fetchOutputs(s1)); 

        results(pos(i)+1,:) = cell2mat(fetchOutputs(s2)); 

        results(pos(i)+2,:) = cell2mat(fetchOutputs(s3)); 

        results(pos(i)+3,:) = cell2mat(fetchOutputs(s4)); 

    end 

 

    %%Manipulation of results for building optimization function 

    % Functions of difference between obtained results and target values 

    FZr=sqrt((results(:,1)-30).^2);%Real part of impedance, target 30 Ohm 

    FZi=sqrt((results(:,2)-30).^2);%Imaginary part of imedance 

    %target 30 Ohm 

    Ff=sqrt((results(:,3)-2.45).^2);%Frequency with target 2.45 GHz 

    Fg=results(:,4); %Gain in dBi 

    %Maximum known value of normalized functions 

    MaxZr=sqrt(1.9482095153558E+06); 

    MinZr=0; 

    MaxZi=sqrt(5.6771007170345E+05); 

    MinZi=0; 

    MaxF=sqrt(0.044099999997621); 
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    MinF=0; 

    %Normalization of response 

    Zr=abs((FZr-MinZr)/(MaxZr-MinZr)); 

    Zi=abs((FZi-MinZi)/(MaxZi-MinZi)); 

    f=abs((Ff-MinF)/(MaxF-MinF)); 

    % Asignment of weights for the weighted criteria method 

    w1=0.85; 

    w2=0.01; 

    w3=1-w1-w2; 

    % Objective function 

    F=w1*Zr+w2*Zi+w3*f; 

 

    %%Continuation of algorithm 

    % Second order regression over objective function 

    global fit 

    global fitCons 

    fit=fitlm([X1,X2,X3,X4,X5,X6,X7],F','poly2222222'); 

    fitCons=fitlm([X1,X2,X3,X4,X5,X6,X7],Fg,'poly2222222'); 

    [MINF ,index]=min(F); 

    % Optimization over regressive model 

    [varmin ,Fmin]=fmincon(@fitting,x0,[],[],[],[],... 

    [x1l,x2l,x3l,x4l,x5l,x6l,x7l],[x1u,x2u,x3u,x4u,x5u,x6u,x7u],... 

    @constraint); 

    %Definition of termination criteria difference 

    diff=abs((Fmin-MINF)/MINF); 

    %Check of termination criteria by both difference and maximum number of 

    %iterations(24) 

    if contador==25||diff<d 

        stop=1;%Exit flag 

        contador=contador+1; 

        RESULTS(:,:,contador)=results; 

        POINTS(:,:,contador)=pt; 

    else 

        contador=contador+1; 

 

        %Computation of contraction parameter corresponding to the pan & 

        %zoom method 

        n1=0.5+abs(varmin(1)-0.5*(x1l+x1u))/(x1u-x1l); 

        n2=0.5+abs(varmin(2)-0.5*(x2l+x2u))/(x2u-x2l); 

        n3=0.5+abs(varmin(3)-0.5*(x3l+x3u))/(x3u-x3l); 

        n4=0.5+abs(varmin(4)-0.5*(x4l+x4u))/(x4u-x4l); 

        n5=0.5+abs(varmin(5)-0.5*(x5l+x5u))/(x5u-x5l); 

        n6=0.5+abs(varmin(6)-0.5*(x6l+x6u))/(x6u-x6l); 

        n7=0.5+abs(varmin(7)-0.5*(x7l+x7u))/(x7u-x7l); 

 

        % Calculation of the new function limits 

        xb1=[varmin(1)-0.5*n1*(x1u-x1l),varmin(1)+0.5*n1*(x1u-x1l)]; 

        xb2=[varmin(2)-0.5*n2*(x2u-x2l),varmin(2)+0.5*n2*(x2u-x2l)]; 

        xb3=[varmin(3)-0.5*n3*(x3u-x3l),varmin(3)+0.5*n3*(x3u-x3l)]; 

        xb4=[varmin(4)-0.5*n4*(x4u-x4l),varmin(4)+0.5*n4*(x4u-x4l)]; 

        xb5=[varmin(5)-0.5*n5*(x5u-x5l),varmin(5)+0.5*n5*(x5u-x5l)]; 

        xb6=[varmin(6)-0.5*n6*(x6u-x6l),varmin(6)+0.5*n6*(x6u-x6l)]; 

        xb7=[varmin(7)-0.5*n7*(x7u-x7l),varmin(7)+0.5*n7*(x7u-x7l)]; 
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        %Correction of points that exceed initiall ranges of the variables 

        x1l=xb1(1); 

        x1l(x1l>10)=10; 

        x1l(x1l<5)=5; 

 

        x1u=xb1(2); 

        x1u(x1u>10)=10; 

        x1u(x1u<5)=5; 

 

        x2l=xb2(1); 

        x2l(x2l>10)=10; 

        x2l(x2l<2)=2; 

 

        x2u=xb2(2); 

        x2u(x2u>10)=10; 

        x2u(x2u<2)=2; 

 

        x3l=xb3(1); 

        x3l(x3l>4.5)=4.5; 

        x3l(x3l<2.5)=2.5; 

 

        x3u=xb3(2); 

        x3u(x3u>4.5)=4.5; 

        x3u(x3u<2.5)=2.5; 

 

        x4l=xb4(1); 

        x4l(x4l>2)=2; 

        x4l(x4l<0.5)=0.5; 

 

        x4u=xb4(2); 

        x4u(x4u>2)=2; 

        x4u(x4u<0.5)=0.5; 

 

        x5l=xb5(1); 

        x5l(x5l>1.4)=1.4; 

        x5l(x5l<0.8)=0.8; 

 

        x5u=xb5(2); 

        x5u(x5u>1.4)=1.4; 

        x5u(x5u<0.8)=0.8; 

 

        x6l=xb6(1); 

        x6l(x6l>1.4)=1.4; 

        x6l(x6l<0.8)=0.8; 

 

        x6u=xb6(2); 

        x6u(x6u>1.4)=1.4; 

        x6u(x6u<0.8)=0.8; 

 

        x7l=xb7(1); 

        x7l(x7l>0.3)=0.3; 

        x7l(x7l<0)=0; 
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        x7u=xb7(2); 

        x7u(x7u>0.3)=0.3; 

        x7u(x7u<0)=0; 

 

        %D-optimal design of experiments within new variable ranges 

        pt=cordexch(7,n,'purequadratic','bounds',.... 

        [x1l ,x2l,x3l,x4l,x5l,x6l,x7l ;x1u, x2u,x3u,x4u,x5u,x6u,x7u]); 

        Xn=4*ones(length(pt),1); 

        X1=pt(:,1); 

        X2=pt(:,2); 

        X3=pt(:,3); 

        X4=pt(:,4); 

        X5=pt(:,5); 

        X6=pt(:,6); 

        X7=pt(:,7); 

        pt=[X1,X2,X3,X4,X5,X6,Xn,X7]; 

        x0=varmin;%New initial point of auxiliary optimization algorithm 

        %Storage of historic results 

        RESULTS(:,:,contador)=results; 

        POINTS(:,:,contador)=pt; 

 

    end 

end 
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A3. MATLAB FUNCTION FOR THE 
EVALUATION AND EXECUTION OF 
THE SIMULATION OF THE ANTENA 
ON ANSYS HFSS 
 

function [real_i,imag_i,f0,gain]=antena_optim41(H,B,Lc,Hc,w_line,w_line2,n,h_b) 

 

%%path corresponding to one HPC excecution 

pth1='C:\ARSM_ANTENA\Opt\SRMS_HPC\N1'; 

%%Configuration of files 

tmpPrjFile    = [pth1, '\Antena_optimizacion.hfss']; 

tmpResonancia   = [pth1, '\resonancia.txt']; 

tmpImpedancia   = [pth1, '\impedancia.txt']; 

tmpRadiacion   = [pth1, '\Radiation.txt']; 

tmpScriptFile = [pth1, '\Antena_script_b.py']; 

tmpScriptFile2 = [pth1, '\Antena_script_b2.py']; 

% HFSS Executable Path. 

hfssExePath = 'C:\"Program Files"\AnsysEM\AnsysEM15.0\Win64\hfss1.exe'; 

%%Number of points for two stage sweep 

pasos_1=51; 

pasos_2=21; 

%%Writing of files 

fid = fopen(tmpScriptFile, 'wt'); 

fprintf(fid, 'oApp = CreateObject("AnsoftHfss.HfssScriptInterface")\n'); 

fprintf(fid, 'oDesktop = oApp.GetAppDesktop()\n'); 

fprintf(fid, 'oDesktop.RestoreWindow()\n'); 

fprintf(fid, 'oDesktop.OpenProject("%s")\n',tmpPrjFile); 

fprintf(fid, 'oProject = oDesktop.SetActiveProject("Antena_optimizacion")\n'); 

fprintf(fid, 'oDesign = oProject.SetActiveDesign("1-Antena")\n'); 

fprintf(fid, 'oModule = oDesign.GetModule("AnalysisSetup")\n'); 

fprintf(fid,'oModule.RevertAllToInitial()\n'); 

fprintf(fid,'oDesign.ChangeProperty(\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:AllTabs",\n'); 

fprintf(fid,'\t\t[\n'); 

fprintf(fid,'\t\t\t"NAME:LocalVariableTab",\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:PropServers",\n'); 

fprintf(fid,'\t\t\t\t"LocalVariables"\n'); 

fprintf(fid,'\t\t\t],\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:ChangedProps",\n'); 

fprintf(fid,'\t\t\t\t[\n'); 
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fprintf(fid,'\t\t\t\t\t"NAME:H",\n'); 

fprintf(fid,'\t\t\t\t\t"Value:="  , "%0.4fmm"\n',H); 

fprintf(fid,'\t\t\t\t]\n'); 

fprintf(fid,'\t\t\t]\n'); 

fprintf(fid,'\t\t]\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.ChangeProperty(\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:AllTabs",\n'); 

fprintf(fid,'\t\t[\n'); 

fprintf(fid,'\t\t\t"NAME:LocalVariableTab",\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:PropServers",\n'); 

fprintf(fid,'\t\t\t\t"LocalVariables"\n'); 

fprintf(fid,'\t\t\t],\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:ChangedProps",\n'); 

fprintf(fid,'\t\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t\t"NAME:B",\n'); 

fprintf(fid,'\t\t\t\t\t"Value:="  , "%0.4fmm"\n',B); 

fprintf(fid,'\t\t\t\t]\n'); 

fprintf(fid,'\t\t\t]\n'); 

fprintf(fid,'\t\t]\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.ChangeProperty(\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:AllTabs",\n'); 

fprintf(fid,'\t\t[\n'); 

fprintf(fid,'\t\t\t"NAME:LocalVariableTab",\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:PropServers",\n'); 

fprintf(fid,'\t\t\t\t"LocalVariables"\n'); 

fprintf(fid,'\t\t\t],\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:ChangedProps",\n'); 

fprintf(fid,'\t\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t\t"NAME:Lc",\n'); 

fprintf(fid,'\t\t\t\t\t"Value:="  , "%0.4fmm"\n',Lc); 

fprintf(fid,'\t\t\t\t]\n'); 

fprintf(fid,'\t\t\t]\n'); 

fprintf(fid,'\t\t]\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.ChangeProperty(\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:AllTabs",\n'); 

fprintf(fid,'\t\t[\n'); 

fprintf(fid,'\t\t\t"NAME:LocalVariableTab",\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:PropServers",\n'); 

fprintf(fid,'\t\t\t\t"LocalVariables"\n'); 

fprintf(fid,'\t\t\t],\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:ChangedProps",\n'); 
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fprintf(fid,'\t\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t\t"NAME:Hc",\n'); 

fprintf(fid,'\t\t\t\t\t"Value:="  , "%0.4fmm"\n',Hc); 

fprintf(fid,'\t\t\t\t]\n'); 

fprintf(fid,'\t\t\t]\n'); 

fprintf(fid,'\t\t]\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.ChangeProperty(\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:AllTabs",\n'); 

fprintf(fid,'\t\t[\n'); 

fprintf(fid,'\t\t\t"NAME:LocalVariableTab",\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:PropServers",\n'); 

fprintf(fid,'\t\t\t\t"LocalVariables"\n'); 

fprintf(fid,'\t\t\t],\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:ChangedProps",\n'); 

fprintf(fid,'\t\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t\t"NAME:n",\n'); 

fprintf(fid,'\t\t\t\t\t"Value:="  , "%d"\n',n); 

fprintf(fid,'\t\t\t\t]\n'); 

fprintf(fid,'\t\t\t]\n'); 

fprintf(fid,'\t\t]\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.ChangeProperty(\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:AllTabs",\n'); 

fprintf(fid,'\t\t[\n'); 

fprintf(fid,'\t\t\t"NAME:LocalVariableTab",\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:PropServers",\n'); 

fprintf(fid,'\t\t\t\t"LocalVariables"\n'); 

fprintf(fid,'\t\t\t],\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:ChangedProps",\n'); 

fprintf(fid,'\t\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t\t"NAME:w_line",\n'); 

fprintf(fid,'\t\t\t\t\t"Value:="  , "%0.4fmm"\n',w_line); 

fprintf(fid,'\t\t\t\t]\n'); 

fprintf(fid,'\t\t\t]\n'); 

fprintf(fid,'\t\t]\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.ChangeProperty(\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:AllTabs",\n'); 

fprintf(fid,'\t\t[\n'); 

fprintf(fid,'\t\t\t"NAME:LocalVariableTab",\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:PropServers",\n'); 

fprintf(fid,'\t\t\t\t"LocalVariables"\n'); 

fprintf(fid,'\t\t\t],\n'); 

fprintf(fid,'\t\t\t[\n'); 
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fprintf(fid,'\t\t\t\t"NAME:ChangedProps",\n'); 

fprintf(fid,'\t\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t\t"NAME:w_line2",\n'); 

fprintf(fid,'\t\t\t\t\t"Value:="  , "%0.4fmm"\n',w_line2); 

fprintf(fid,'\t\t\t\t]\n'); 

fprintf(fid,'\t\t\t]\n'); 

fprintf(fid,'\t\t]\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.ChangeProperty(\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:AllTabs",\n'); 

fprintf(fid,'\t\t[\n'); 

fprintf(fid,'\t\t\t"NAME:LocalVariableTab",\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:PropServers",\n'); 

fprintf(fid,'\t\t\t\t"LocalVariables"\n'); 

fprintf(fid,'\t\t\t],\n'); 

fprintf(fid,'\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t"NAME:ChangedProps",\n'); 

fprintf(fid,'\t\t\t\t[\n'); 

fprintf(fid,'\t\t\t\t\t"NAME:h_b",\n'); 

fprintf(fid,'\t\t\t\t\t"Value:="  , "%0.2fmm"\n',h_b); 

fprintf(fid,'\t\t\t\t]\n'); 

fprintf(fid,'\t\t\t]\n'); 

fprintf(fid,'\t\t]\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oModule.EditSetup("Setup1",\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:Setup1",\n'); 

fprintf(fid,'\t\t"Frequency:="  , "%0.2fGHz",\n',2.45); 

fprintf(fid,'\t\t"PortsOnly:="  , False,\n'); 

fprintf(fid,'\t\t"MaxDeltaS:="  , %0.3f,\n',0.01); 

fprintf(fid,'\t\t"UseMatrixConv:=" , False,\n'); 

fprintf(fid,'\t\t"MaximumPasses:=" , %d,\n',10); 

fprintf(fid,'\t\t"MinimumPasses:=" , %d,\n',6); 

fprintf(fid,'\t\t"MinimumConvergedPasses:=", %d,\n',1); 

fprintf(fid,'\t\t"PercentRefinement:=" , 20,\n'); 

fprintf(fid,'\t\t"IsEnabled:="  , True,\n'); 

fprintf(fid,'\t\t"BasisOrder:="  , 1,\n'); 

fprintf(fid,'\t\t"DoLambdaRefine:=" , True,\n'); 

fprintf(fid,'\t\t"DoMaterialLambda:=" , True,\n'); 

fprintf(fid,'\t\t"SetLambdaTarget:=" , False,\n'); 

fprintf(fid,'\t\t"Target:="  , %0.4f,\n',0.3333); 

fprintf(fid,'\t\t"UseMaxTetIncrease:=" , False,\n'); 

fprintf(fid,'\t\t"PortAccuracy:=" , 2,\n'); 

fprintf(fid,'\t\t"UseABCOnPort:=" , False,\n'); 

fprintf(fid,'\t\t"SetPortMinMaxTri:=" , False,\n'); 

fprintf(fid,'\t\t"UseDomains:="  , False,\n'); 

fprintf(fid,'\t\t"UseIterativeSolver:=" , False,\n'); 

fprintf(fid,'\t\t"SaveRadFieldsOnly:=" , True,\n'); 

fprintf(fid,'\t\t"SaveAnyFields:=" , True,\n'); 

fprintf(fid,'\t\t"NoAdditionalRefinementOnImport:=", False\n'); 

fprintf(fid,'\t])\n'); 
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opcion_sweep1=3; %1 - Interpolating /3 - Fast / 2 - Discreto 

opcion_sweep2=1; 

fprintf(fid,'oModule.EditFrequencySweep("Setup1", "Sweep1",\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:Sweep1",\n'); 

fprintf(fid,'\t\t"IsEnabled:="  , True,\n'); 

fprintf(fid,'\t\t"SetupType:="  , "LinearCount",\n'); 

fprintf(fid,'\t\t"StartValue:="  , "%0.3fGHz",\n',2.25); 

fprintf(fid,'\t\t"StopValue:="  , "%0.3fGHz",\n',2.65); 

fprintf(fid,'\t\t"Count:="    , %d,\n',pasos_1); 

if(opcion_sweep1 == 3) 

    fprintf(fid,'\t\t"Type:="  , "Fast",\n'); 

    fprintf(fid,'\t\t"SaveFields:="  , False,\n'); 

    fprintf(fid,'\t\t"SaveRadFields:=" , False,\n'); 

    fprintf(fid,'\t\t"GenerateFieldsForAllFreqs:=", False,\n'); 

elseif(opcion_sweep1 == 2) 

    fprintf(fid,'\t\t"Type:="  , "Discrete",\n'); 

    fprintf(fid,'\t\t"SaveFields:="  , False,\n'); 

    fprintf(fid,'\t\t"SaveRadFields:=" , False,\n'); 

    fprintf(fid,'\t\t"GenerateFieldsForAllFreqs:=", False,\n'); 

else 

    fprintf(fid,'\t\t"Type:="  , "Interpolating",\n'); 

end 

fprintf(fid,'\t\t"ExtrapToDC:="  , False,\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oModule.EditFrequencySweep("Setup1", "Sweep2",\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:Sweep2",\n'); 

fprintf(fid,'\t\t"IsEnabled:="  , False,\n'); 

fprintf(fid,'\t\t"SetupType:="  , "LinearCount",\n'); 

fprintf(fid,'\t\t"StartValue:="  , "2.25GHz",\n'); 

fprintf(fid,'\t\t"StopValue:="  , "2.65GHz",\n'); 

fprintf(fid,'\t\t"Count:="    , 11,\n'); 

%%Selection of type of frequency sweep 

if(opcion_sweep2 == 1) 

    fprintf(fid,'\t\t"Type:="  , "Fast",\n'); 

    fprintf(fid,'\t\t"SaveFields:="  , True,\n'); 

    fprintf(fid,'\t\t"SaveRadFields:=" , True,\n'); 

    fprintf(fid,'\t\t"GenerateFieldsForAllFreqs:=", True,\n'); 

else 

    fprintf(fid,'\t\t"Type:="  , "Discrete",\n'); 

    fprintf(fid,'\t\t"SaveFields:="  , True,\n'); 

    fprintf(fid,'\t\t"SaveRadFields:=" , True,\n'); 

    fprintf(fid,'\t\t"GenerateFieldsForAllFreqs:=", False,\n'); 

end 

fprintf(fid,'\t\t"ExtrapToDC:="  , False,\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.AnalyzeAllNominal()\n'); 

fprintf(fid,'oProject.Save()\n'); 

fprintf(fid,'oModule = oDesign.GetModule("ReportSetup")\n'); 

fprintf(fid,'oModule.ExportToFile("XY Plot 1", "%s")\n',tmpImpedancia); 

fclose(fid); 

flag1=0; 
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%%Time delay in case simulation gets freezed, in order to 

%restart simulation after determined time 

while flag1==0 

    t1=timer('TimerFcn',['system(','''TASKKILL/IM hfss1.exe''',')']); 

    t1.StartDelay =900; 

    start(t1); 

    cmdHFSS = [hfssExePath, ' ', '-RunScriptAndExit ',tmpScriptFile]; 

    [~, ~] = system(cmdHFSS); 

 

    R1=get(t1,'Running'); 

    if strcmp(R1,'off')==1 

        delete('C:\ARSM_ANTENA\Opt\SRMS_HPC\N1\Antena_optimizacion.hfss.lock'); 

    else 

        flag1=1; 

    end 

 

    delete(t1) 

    clear t1 

end 

 

%%General identification of resonace zone 

Z=dlmread([pth1, '\impedancia.txt'],'\t',7,0); 

Z_r=Z(:,3); 

[real_i,pos_f0]=max(Z_r); 

f0=Z(pos_f0,1); 

imag_i=Z(pos_f0,2); 

 

%Second stage of simulation producing refinement over resonance zone 

fid = fopen(tmpScriptFile2, 'wt'); 

fprintf(fid, 'oApp = CreateObject("AnsoftHfss.HfssScriptInterface")\n'); 

fprintf(fid, 'oDesktop = oApp.GetAppDesktop()\n'); 

fprintf(fid, 'oDesktop.RestoreWindow()\n'); 

fprintf(fid, 'oDesktop.OpenProject("%s")\n',tmpPrjFile); 

fprintf(fid, 'oProject = oDesktop.SetActiveProject("Antena_optimizacion")\n'); 

fprintf(fid, 'oDesign = oProject.SetActiveDesign("1-Antena")\n'); 

fprintf(fid, 'oModule = oDesign.GetModule("AnalysisSetup")\n'); 

fprintf(fid,'oModule.EditFrequencySweep("Setup1", "Sweep1",\n'); 

fprintf(fid,'\t[\n'); 

fprintf(fid,'\t\t"NAME:Sweep1",\n'); 

fprintf(fid,'\t\t"IsEnabled:="  , False,\n'); 

fprintf(fid,'\t\t"SetupType:="  , "LinearCount",\n'); 

fprintf(fid,'\t\t"StartValue:="  , "2.25GHz",\n'); 

fprintf(fid,'\t\t"StopValue:="  , "2.65fGHz",\n'); 

fprintf(fid,'\t\t"Count:="    , 101,\n'); 

if(opcion_sweep1 == 3) 

    fprintf(fid,'\t\t"Type:="  , "Fast",\n'); 

    fprintf(fid,'\t\t"SaveFields:="  , False,\n'); 

    fprintf(fid,'\t\t"SaveRadFields:=" , False,\n'); 

    fprintf(fid,'\t\t"GenerateFieldsForAllFreqs:=", False,\n'); 

elseif(opcion_sweep1 == 2) 

    fprintf(fid,'\t\t"Type:="  , "Discrete",\n'); 

    fprintf(fid,'\t\t"SaveFields:="  , False,\n'); 

    fprintf(fid,'\t\t"SaveRadFields:=" , False,\n'); 
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    fprintf(fid,'\t\t"GenerateFieldsForAllFreqs:=", False,\n'); 

else 

    fprintf(fid,'\t\t"Type:="  , "Interpolating",\n'); 

end 

fprintf(fid,'\t\t"ExtrapToDC:="  , False,\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oModule.EditFrequencySweep("Setup1", "Sweep2",\n'); 

fprintf(fid,'\t[\n'); 

bw=0.01; 

fprintf(fid,'\t\t"NAME:Sweep2",\n'); 

fprintf(fid,'\t\t"IsEnabled:="  , True,\n'); 

fprintf(fid,'\t\t"SetupType:="  , "LinearCount",\n'); 

fprintf(fid,'\t\t"StartValue:="  , "%0.5fGHz",\n',f0-bw); 

fprintf(fid,'\t\t"StopValue:="  , "%0.5fGHz",\n',f0+bw); 

fprintf(fid,'\t\t"Count:="    , %d,\n',pasos_2); 

if(opcion_sweep2 == 1) 

    fprintf(fid,'\t\t"Type:="  , "Fast",\n'); 

    fprintf(fid,'\t\t"SaveFields:="  , True,\n'); 

    fprintf(fid,'\t\t"SaveRadFields:=" , True,\n'); 

    fprintf(fid,'\t\t"GenerateFieldsForAllFreqs:=", True,\n'); 

else 

    fprintf(fid,'\t\t"Type:="  , "Discrete",\n'); 

    fprintf(fid,'\t\t"SaveFields:="  , True,\n'); 

    fprintf(fid,'\t\t"SaveRadFields:=" , True,\n'); 

    fprintf(fid,'\t\t"GenerateFieldsForAllFreqs:=", False,\n'); 

end 

fprintf(fid,'\t\t"ExtrapToDC:="  , False,\n'); 

fprintf(fid,'\t])\n'); 

fprintf(fid,'oDesign.AnalyzeAllNominal()\n'); 

fprintf(fid,'oModule = oDesign.GetModule("ReportSetup")\n'); 

fprintf(fid,'oModule.ExportToFile("XY Plot 2", "%s")\n',tmpImpedancia); 

fprintf(fid,'oModule.ExportToFile("XY Plot 3", "%s")\n',tmpRadiacion); 

fclose(fid); 

flag12=0; 

%%Time delay in case simulation gets freezed, in order to 

%restart simulation after determined time 

while flag12==0 

    t12=timer('TimerFcn',['system(','''TASKKILL/IM hfss1.exe''',')']); 

    t12.StartDelay =900; 

    start(t12); 

    cmdHFSS = [hfssExePath, ' ', '-RunScriptAndExit ',tmpScriptFile2]; 

    [~, ~] = system(cmdHFSS); 

 

    R12=get(t12,'Running'); 

    if strcmp(R12,'off')==1 

 

        delete('C:\ARSM_ANTENA\Opt\SRMS_HPC\N1\Antena_optimizacion.hfss.lock'); 

 

    else 

        flag12=1; 

    end 

 

    delete(t12) 
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    clear t12 

end 

 

    %%Interpolation and optimization to calculate resonant frequency and 

    %response at resonance--> OUTPUT OF THE FUNCTION 

    file1=dlmread([pth1, '\impedancia.txt'],'\t',7,0); 

    file2=dlmread([pth1, '\Radiation.txt'],'\t',7,0); 

    f=dlmread([pth1, '\impedancia.txt'],'\t',7,0); 

    Z_r=file1(:,3); 

    Z_i=file1(:,2); 

    f=file1(:,1); 

    g=file2(:,2); 

 

    global f1_1 

    x0=(min(f)+max(f))/2; 

    f1_1=fit(f,-Z_r,'cubicinterp'); 

    [f0 real_i]=fmincon(@fun1,x0,[],[],[],[],[min(f)],[max(f)]); 

    real_i=-real_i; 

    f2=fit(f,Z_i,'cubicinterp'); 

    imag_i=f2(f0); 

    f3=fit(f,g,'cubicinterp'); 

    gain=f3(f0); 

 

end 

 

 


