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Abstract
Aerodynamic design of trains influences several aspects of high-speed trains
performance in a very significant level. In this situation, considering also that
new aerodynamic problems have arisen due to the increase of the cruise speed and
lightness of the vehicle, it is evident the necessity of proposing an optimization
study concerning the train aerodynamics. Thus, the aerodynamic optimization of
the nose shape of a high-speed train is presented in this thesis. This optimization is based on advanced optimization methods. Among these methods, genetic
algorithms and the adjoint method have been selected.
A theoretical description of their bases, the characteristics and the implementation of each method is detailed in this thesis. This introduction permits understanding the causes of their selection, and the advantages and drawbacks of
their application. The genetic algorithms requirethe geometrical parameterization
of any optimal candidate and the generation of a metamodel or surrogate model
that complete the optimization process. These points are addressed with a special
attention in the first block of the thesis, focused on the methodology considered in
this study. The second block is referred to the use of these methods with the purpose of optimizing the aerodynamic performance of a high-speed train in several
scenarios. These scenarios englobe the most representative operating conditions of
high-speed trains, and also some of the most exigent train aerodynamic problems:
front wind and cross-wind situations in open air, and the entrance of a high-speed
train in a tunnel.
The genetic algorithms and the adjoint method have been applied in the minimization of the aerodynamic drag on the train with front wind in open air. The
comparison of these methods allows to evaluate the methdology and computational
cost of each one, as well as the resulting minimization of the aerodynamic drag.
Simplicity and robustness, the straightforward realization of a multi-objective optimization, and the capability of searching a global optimum are the main attributes
of genetic algorithm. However, the requirement of geometrically parameterize any
optimal candidate is a significant drawback that is avoided with the use of the
adjoint method. This independence of the number of design variables leads to a
relevant reduction of the pre-processing and computational cost.
ix
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Abstract

Considering the cross-wind stability, both methods are used again for the minimization of the side force. In this case, a simplification of the geometric parameterization of the train nose is adopted, what dramatically reduces the computational
cost of the optimization process. Nevertheless, some of the most important geometrical characteristics are still described with this simplified parameterization.
This analysis identifies and quantifies the influence of each design variable on the
side force on the train. It is observed that the A-pillar roundness is the most
demanding design parameter, with a more important effect than the nose length
or the train cross-section area.
Finally, a third scenario is considered for the validation of these methods in
the aerodynamic optimization of a high-speed train. The entrance of a train in a
tunnel is one of the most exigent train aerodynamic problems. The aerodynamic
consequences of high-speed trains running in a tunnel are basically resumed in
two correlated phenomena, the generation of pressure waves and an increase in
aerodynamic drag. This multi-objective optimization problem is solved with genetic algorithms. The result is a Pareto front where a set of optimal solutions that
minimize both objectives.

Resumen
La influencia de la aerodinámica en el diseño de los trenes de alta velocidad,
unida a la necesidad de resolver nuevos problemas surgidos con el aumento de
la velocidad de circulación y la reducción de peso del vehículo, hace evidente el
interés de plantear un estudio de optimización que aborde tales puntos. En este
contexto, se presenta en esta tesis la optimización aerodinámica del testero de un
tren de alta velocidad, llevada a cabo mediante el uso de métodos de optimización
avanzados. Entre estos métodos, se ha elegido aquí a los algoritmos genéticos y al
método adjunto como las herramientas para llevar a cabo dicha optimización.
La base conceptual, las características y la implementación de los mismos se
detalla a lo largo de la tesis, permitiendo entender los motivos de su elección, y
las consecuencias, en términos de ventajas y desventajas que cada uno de ellos
implican. El uso de los algorimos genéticos implica a su vez la necesidad de una
parametrización geométrica de los candidatos a óptimo y la generación de un
modelo aproximado que complementa al método de optimización. Estos puntos
se describen de modo particular en el primer bloque de la tesis, enfocada a la
metodología seguida en este estudio. El segundo bloque se centra en la aplicación
de los métodos a fin de optimizar el comportamiento aerodinámico del tren en
distintos escenarios. Estos escenarios engloban los casos más comunes y también
algunos de los más exigentes a los que hace frente un tren de alta velocidad:
circulación en campo abierto con viento frontal o viento lateral, y entrada en
túnel.
Considerando el caso de viento frontal en campo abierto, los dos métodos han
sido aplicados, permitiendo una comparación de las diferentes metodologías, así
como el coste computacional asociado a cada uno, y la minimización de la resistencia aerodinámica conseguida en esa optimización. La posibilidad de evitar
parametrizar la geometría y, por tanto, reducir el coste computacional del proceso de optimización es la característica más significativa de los métodos adjuntos,
mientras que en el caso de los algoritmos genéticos se destaca la simplicidad y
capacidad de encontrar un óptimo global en un espacio de diseño multi-modal o
de resolver problemas multi-objetivo.
El caso de viento lateral en campo abierto considera nuevamente los dos métoxi

xii
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dos de optimización anteriores. La parametrización se ha simplificado en este
estudio, lo que notablemente reduce el coste numérico de todo el estudio de optimización, a la vez que aún recoge las características geométricas más relevantes en
un tren de alta velocidad. Este análisis ha permitido identificar y cuantificar la influencia de cada uno de los parámetros geométricos incluídos en la parametrización,
y se ha observado que el diseño de la arista superior a barlovento es fundamental,
siendo su influencia mayor que la longitud del testero o que la sección frontal del
mismo.
Finalmente, se ha considerado un escenario más a fin de validar estos métodos
y su capacidad de encontrar un óptimo global. La entrada de un tren de alta
velocidad en un túnel es uno de los casos más exigentes para un tren por el pico de
sobrepresión generado, el cual afecta a la confortabilidad del pasajero, así como a la
estabilidad del vehículo y al entorno próximo a la salida del túnel. Además de este
problema, otro objetivo a minimizar es la resistencia aerodinámica, notablemente
superior al caso de campo abierto. Este problema se resuelve usando algoritmos
genéticos. Dicho método permite obtener un frente de Pareto donde se incluyen el
conjunto de óptimos que minimizan ambos objetivos.

Theoretical background
0.1

Context of the study

People have never traveled as much as over the last two decades, and according
to the experts, even with the present economical crisis, this vital trend is not
going to be reversed in the coming years. Result of this is an increasing saturation
of the communication highways and an irreparable damage to an already fragile
environment. More mobility is a problem to which the high-speed train can be
a proper answer. Indeed, the reduced traveling times, higher levels of passenger
comfort and safety, and low environmental impact enable high-speed trains to
compete with and complement road and air travel. In this context, the European
Union was committed to making the mobility of people, and also the transport
of goods, more efficient, more secure and more environmentally friendly, with
priority given to social and territorial cohesion, [?]. Big cities such as London,
Paris, Brussels, Frankfurt, Milan or Madrid among others are now connected by
trains traveling at speeds of 300 km h−1 , so that high-speed trains do clearly help
to implement viable mobility at European level.
The year which is considered the beginning of the modern high-speed trains
era is 1964, when the first passenger service was launched in Japan with trains
running at 210 km h−1 , [?]. In Europe, it was the 1974 petrol crisis that made
several European countries to develop a new, fast mode of transport which would
not dramatically consume fossil fuels. Italy, France, Germany and Spain were the
countries that most invested in this new mode. At the end of 2009, Europe had
6214 km of high-speed lines on which trains could run at speeds over 250 km h−1 ,
[?]. Nowadays, trains running on the most recently installed lines can reach speeds
as high as 300 km h−1 not only in Western Europe, but also in densely populated
areas such as Japan and South Korea.
This situation is particularly relevant in Spain, where there were plans to lay
some 10000 km of high-speed line between 2007 and 2020. [...]
1

2
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What is ‘high-speed train’ (HST). Main models of HST

There is no single definition for high speed in the context of railway services,
although the reference is always to passenger services and not to freight, [?]. A
high-speed train (HST) is a train capable of reaching speeds of over 200 km h−1 on
upgraded conventional lines, and over 250 km h−1 on new lines designed specifically
for high speeds, according to the Directive 96/48 from the European Union, [?].
Although this operational definition does not indicate anything about the train
design itself, the particular characteristics of the countries aforementioned may
introduce different configurations of the train models.
In Japan, a high demand for travel between Tokyo and other big cities like
Osaka or Nagoya (populations of more than 8 million people), up to 500 km far
away from the capital city, leads to a dedicated line just for Shinkansen highspeed service. The geographic features of Japan, together with the requirement
of avoiding tight curves and steep gradients, resulted in many tunnels and bridges
along the route. This implies the need of tunnel aerodynamics optimized trains.
The main difference between the French TGV (Train à Grande Vitesse) and
the Japanese Shinkansen is related to the ability of the former to operate on conventional tracks as well, leading to significant cost savings. The differences are also
attributable to the distinct characteristics of France and Japan, [?], so that tunnel
aerodynamics may not be so demanding, but the crosswind stability or trains passing by each other might be the most critical situations. The AVE (Alta Velocidad
Española), from Spain, and the German ICE (Inter-City Express) are similar to
the French one, with the particularity of the latter that the high-speed line is used
for both passenger and freight transport, [?]. Nevertheless, in all these cases the
HST use a newly built track on the sections where high speed is achieved, which
translates into high construction costs that are not always worthwhile. The Italian Pendolino (ETR-450) and the Swedish X-2000 are examples of HST running
on conventional rail using the tilting mechanism, what permits the bogie to be
attached to the track while the car-body tilts in tight radius curves. In this way, it
is avoided the excessive cost of new tracks, although not reaching so high speeds.
In fact, as the train speed increases, the centrifugal forces in tight curves increase,
leading to discomfort to passengers. Thus, the tilting mechanism results into a
limitation of speed and may introduce differences in the aerodynamic stability in
curves and also in crosswind situations. Related to the Swedish case, it is evident
that the operating conditions are notably different to those of Southern Europe,
basically because of the special climate of Scandinavia. Therefore, crosswind stability or the design of elements like the spoiler, used to remove the snow from the
track, could be critical in that case.

Abstract
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The importance of train aerodynamics

The differences indicated before mostly refer to operating conditions or special
characteristics or climate of the country. However, probably it is the progressive
increase of the cruise speed and the reduction of weight that take the most important role on the design of a HST. In fact, a consequence of the evolution to
faster and lighter trains is the introduction of new aerodynamic problems that were
neglected before but are notably significant nowadays. The main technical challenges are related to avoid a severe increase in energy consumption (aerodynamic
drag), maintain stability and the comfort of passengers (crosswind stability, trains
passing by each other or trains entering a tunnel), avoid track maintenance costs
(uprise of ballast) or avoid an increase in noise and vibration to areas adjacent
to the line (micro-pressure waves at the exit of a tunnel or aerodynamic noise).
Other matters, like safety for maintenance workers or passengers on platforms or
quality of comfort for the latter are related to the winds induced by trains and the
ventilation in underground stations or tunnels respectively, [75]. Consequently,
the aerodynamic design plays a key role on the design of a HST and, although it
is not the only discipline that requires attention, .
Since train aerodynamic problems are related to the flow around the vehicle, it
has been observed over the last decade an extensive research in the analysis of the
flow characteristics in many different scenarios. Examples of the flow situations
where trains are influenced by crosswind situations include both trains influenced
by steady winds [] and wind gusts [], trains on the open terrain [] and trains partly
shielded from winds while leaving tunnels [], trains on the flat ground [], on an
embankment [] or on a bridge [].
Once the flow structures are pictured, it is possible to propose a geometric
modification that can improve the aerodynamic performance of trains. Dealing
with these optimization problems has traditionally been done by a trial-and-error
procedure, which is very expensive in terms of computer and designer time. Furthermore, as Krajnovic points out, [45], several aerodynamic objectives are known
to be in conflict, what makes optimization of aerodynamic properties of trains a
true multiobjective optimization problem.

0.4

Objective of this thesis

It has been explained that designing an aerodynamically efficient HST is of
paramount importance in the railway industry. In general, it is very easy to see
the benefits of improved aerodynamic efficiency, but it is not that easy to achieve.
Considering as an initial milestone the experience of the research group of Applied
Fluid Mechanics, the objective is to go one step beyond and set up the basics of

4
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the aerodynamic optimization of a HST using advanced optimization algorithms.
This report attempts to (I) introduce the two of the most popular advanced
optimization algorithms in the aerodynamics field, (II) describe the methodology
associated to these, and (III) present the optimal designs obtained in the resolution
of several single-objective and multi-objective optimization problems concerning
to train aerodynamics. This work is believed to contribute to the understanding
of two optimization algorithms in the aerodynamics field, namely the genetic algorithms and the adjoint method. The basis and requirements of them are detailed
in the second section of the report, with special emphasis to the geometric parameterization and the construction of the metamodel or surrogate model. The
third block is devoted to the practical application of the genetic algorithms and
the adjoint method. Different problems are considered during the thesis

0.5

Overview of this thesis

Here the outline of the thesis report is described. Chapter 0.5, ‘Optimization
methods’ explains the theoretical basis of the optimization methods in general,
and particularly of the genetic algorithms and the adjoint method. The origin
of the former, the genetic operators, similar to those that govern the natural
evolution, the concept of Implicit Parallelism in which the performance of the
genetic algorithms is based and the limitations of them are introduced in this
chapter. The adjoint method is also presented here, where a more mathematical
deduction of the method is described, with special emphasis of the continuous
formulation. The implementation of the method and its limitations are also given
in this chapter.
Once the description of the two considered optimization methods is done, the
distinctive features and innovative aspects of this thesis are resumed into two
blocks. The first block (I) is referred to the methodology implemented in the successive optimization problems faced in this thesis. The second block (II) presents
the main results obtained within the previous methodology. Block I compiles
• Chapter I ‘Shape parameterization’, where the technique used to parametrically define the shape of the nose of a high-speed train. Two geometric
descriptions are presented. First, a more complex parameterization based
on twenty-five design variables is adopted. This parameterization permits
describing a realistic nose shape, and it is also validated in two dimensions
with other realistic trains. The second geometric description is a very plain
one, based on three design variables. This parameterization is simple enough
to reduce the dimensionality of the design space and thus to facilitate the
search of the global optimum, while at the same time is robust enough to
include some characteristic features of realistic train models.
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• Chapter 0.16 ‘Metamodels and Design of Experiments’, where the
objective of using a metamodel or surrogate-model in the optimization workflow is indicated.

6

Optimization methods
0.6

Introduction

Because of the development of numerical methods and resources, the process
of aerodynamic design optimization has been revolutionized.
to see how the GA processes schemata, an not the individual strings, within
the population
In [?], a equivalent classification of the optimization methods is proposed. Here
they are gathered into calculus-based, enumerative and random search methods.
A possible classification is based on the order of derivatives of the objective
function used. While zero order methods use only the function values in their
search for the minimum, the first and second order methods use respectively the
first and second order derivatives of the objective function. This simple division
may englobe many other subclassifications, and terms as calculus-based, enumerative, random search methods, evolutive methods or adjoint methods would be
included into any of the former.
If a new design is based on a previous one, [?],
xi+1 = xi + αi Si

(1)

where at the i−th iteration,

0.7

Genetic Algorithm

Genetic algorithms occupy a gap in the range of optimization techniques, placed
between random methods and gradient-based methods, [?]. They are less efficient
than gradient-based methods on problems that are amenable to solution by calculus techniques, but they are able to deal with constraints and multi-modal problems, not smooth (even discontinuous) topologies and domains in which the data
are noisy, [?]. In fluid mechanics, GA have been applied to the parametric design
of aircraft [?] and design of rockets and missiles [?]. Tong has used GA in the
preliminary design of turbines, [?].
7
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A GA is a zero-order method that search in a stochastic fashion, capable of
finding the global optimum and dealing with multi-objective optimization problems. Firstly introduced by Holland [?] and developed by Goldberg, [21], it is
based on darwinian natural evolution. A GA repeatedly modifies a set of individuals (population) considered as optimal candidates by means of three operators,
selection, crossover and mutation. At each iteration the algorithm selects individuals at random from the current population to be parents, and use them to
produce the children for the next generation. Although such operation works randomly it is driven in such a way that benefits the selection of those individuals who
result in the fittest candidates. Children are produced either by making random
changes to a single parent (mutation operator) or by combining a couple of parents
(crossover). There are a large number of different definitions of each operator1 .
Both operations are performed with an specific probability, mutation probability
Pm and crossover probability Pc respectively. Once new individuals are obtained,
the algorithm replaces the current population with the children to form the next
generation, and the population size remains constant. The optimal values is always
searched for within a group of possible solutions, which is an important difference
from other one-by-one basis search methods.
Genetic algorithms process populations of strings.
In the simple GA, operators are applied to an entire population at each generation, as shown in Figure A. The population size is kept as constant, although it
is possible also to change it as it happens in reality. However, for simplicity here
it is fixed to a constant value popSize. The first population is generated randomly
or according to a certain criteria if a previous information is available.

0.7.1

Genetic operators

In this subsection a brief introduction of the most characteristic operators
applied in Genetic algorithms is included. The operators are usually known as
‘genetic operators’, and among the most common are the selection, crossover and
mutation operators. These operators drive the search process by selecting the
fittest individuals in the current population, combine [...]
The selection of the parents is a critical point in the GA procedure. One
might expect, as it happens in the nature, that by mating two individuals with
favorable characteristics, also the offspring will have favorable characteristics even
not better. Then, the way the fittest individuals are recognized and selected is
vital to obtain a next generation with better skills. As in MATLAB and Minamo
different selection operators are implemented, it is considered necessary to present
the ones considered in the following sections. These are the ‘tournament’ and the
‘roulette wheel’ selection methods.
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In a tournament selection, s individuals are chosen randomly from the population and the best among them is selected as the first parent. The second parent
is selected in the same way. The parameter s is called the tournament size. Large
values of s result in a more elitist selection while low values allow less fit parents
to be selected and result in a more diverse population. Harinck et al [56] propose
to use s = 2. Note that the entire optimization strategy rests only on retaining
the best out of two randomly selected individuals. Although this is a very simple
selection rule, it has proven to be very effective.
As an alternative, a roulette wheel selection can be used, see Figure. In this
selection mechanism, the probability of an individual to be selected is proportional
to its fitness. The higher its fitness is, the more portion of the roulette wheel is
assigned to this individual and, therefore, a higher probability to be selected. [82]
indicates that, in spite of being more ellaborated than the tournament selection, it
converges slower to the optimum in some cases. Where in a tournament selection
more diversity is present under the individuals, as the less fit individuals also have
a chance to be reproduced, the population of the roulette wheel selection will be
less diverse due to the more elistist selection. The diversity of the population often
allows the exploration of new domains of the search space, which is not possible if
the binary strings of the individuals are too similar.
In crossover, two individuals swap part of the string so two new individuals are formed as combinations of parts of the old strings. An example of the
effect of crossover is shown in Figure A. The operation shown is a single-point
crossover, meaning that each parent string is disrupted at only one point. Multipoint crossover can also be used, and has been found to be useful in some applications,
The population size is an important factor that determines the performance of
the GA. Increasing the population size enables the GA to search more points and
thereby obtain a better result. It is obvious that the population size should be
large enough to guarantee a satisfactory genetic diversity, which is essential to the
GA because it allows the algorithm to explore more regions in the design space.
However, the larger the population size, the longer the GA takes to compute
each generation. As it is clear that the total number of evaluations is directly
related to the population size (and the number of generations), without taking a
prohibitive amount of time to run. To cut down this time cost without affecting
significatively the population size Population diversity is another parameter related
to the population concept which also affects the GA performance.
One of the most important factors that determines the performance of the GA
is the diversity of the population.
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Implicit parallelism. Building blocks

Once it is understood the main characteristics of GA, and the genetic operators
responsible of its work, here we
In some sense, GA are not interested in strings as strings alone, but in what information is contained in a set of strings and their objective function values to help
guide a directed search for improvement. To drive this search in a more efficient
fashion, similarities among highly fit strings need to be observed. Holland defines
a ‘schema’ as a similarity template describing a subset of strings with similarities
at certain string positions. A schema is represented by the binary alphabet {0,1}
and a special metasymbol * which is a don’t care or wild card symbol. In this
way, any individual in the population can be expressed by means of this ternary
alphabet. A schema acts as a pattern matching device, this is if, as an example,
strings and schemata of length 8 are considered, the schema *00*0000 matches
four strings or optimal candidates, namely {00000000}, {00010000}, {10000000}
and {10010000}. It is observed that a schema gives a powerful and compact way
to talk about all the well-defined similarities among finite length strings over a
finite alphabet, [?].
For alphabets of cardinality (number of alphabet characters) p, there are (p+1)l
schemata, where l is the length of the string. Within the previous string length
and alphabet, the total number of schemata is 38 . However the number of different
strings in the design space is only pl (28 ), so it seems that schemata, which are
supposed to help guide the search, enlarge the space and, therefore, complicate
the operation. What at first glance seems to be a drawback is in fact the keystone
of Genetic algorithms. The objective is to admit as much information as possible
by the similarities, and this amount of information does depend on the number of
unique schemata englobed in the population. A single string of length l is member
of 2l schemata, so a population of size n contains somewhere between 2l and n2l
different schemata, depending on the diversity of the population. Thus, a GA that
manipulates relatively few strings (n) actually samples a vastly larger number of
regions (up to n2l ). This behavior is called the implicit parallelism, and is what
gives the GA the central advantage over other problem-solving schemes, [?].
The way this information is exploited and transmitted into successive generations is crucial for understanding the efficiency of Genetic algorithms. First, not
all the schemata are equal, in terms that some are more specific than others, or
are more or less compact. The order of a schema H in particular, is simply the
number of fixed positions present in the template. This is, the order of the schema
0*001*** is 4 whereas the order of schema *0*0011010 is 2. The higher the order
is, the more specific the schema results. The defining length of a schema is the
distance between the first and last specific string position, [?]. For example, the
schema 0******1* has a defining length of 6, and the schema **1*01** has a
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defining length equal to 3. The larger portion of the string the schema span, the
more likely to be disrupt in following operations. These properties are interesting
for analyzing the net effect of reproduction and genetic operators (crossover and
mutation) on the implicit information contained within the population.
During reproduction (selection), a particular schema grows as the ratio of the
average fitness of the schema to the average fitness of the population. This means
that schemata with fitness values above the population average will receive an
increasing number of samples in the next generation, while schemata with fitness
values below the population average will receive a decreasing number of samples.
This increasing or decreasing is exponential as given by [21]
m(H, t) = m(H, 0) (1 + c)l

(2)

where m(H, t) refers to the number of samples of schema H at time (or generation) t, 0 to the initial population and l the string length. Coefficient c indicates
the amount above (or below) population average fitness a particular schema is,
namely
f (H) = f¯ + cf¯
(3)
being f (H) the fitness of schema H and f¯ the average fitness of the entire
population.
Crossover clearly complicates the effects of implicit parallelism. A particular
schema is more or less likely to survive depending on the defining length. In fact, if
the defining length is large, on average the cut point is more likely to fall between
the extreme fixed points and disrupt the schema. If the probability to be destroyed
is pd = δ(H)/(l − 1) where δ(H) is the defining length and considering that the
crossover is applied with a certain probability pc


δ(H)
l
(4)
m(H, t) = m(H, 0) (1 + c) 1 − pc
l−1
where the term in brackets refers to the probability of the schema to survive.
Consequently, a schema is transmitted to the following generation and its presence
increase or decrease depending whether the schema is above or below the population average and whether the schema has relatively short or long defining length.
Mutation affects the growth or decay of the schema by the order of it o(H), given
by


δ(H)
l
− o(H)pm
(5)
m(H, t) = m(H, 0) (1 + c) 1 − pc
l−1

with pm the mutation probability. It is clear that the higher the order is, the
less likely to survive the schema is. Equation 5 is called the Schema Theorem
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or the Fundamental Theorem of Genetic Algorithms. Despite the disruption of
long1 , high-order schemata by crossover and mutation, GA inherently process a
large quantity of schemata while processing a relatively small quantity of strings
(individuals). The amount of schemata processed is of the order O(n3 ), where n
was the population size. These short, low-order and highly fit schemata which
are sampled, recombined and resampled to form potentially highly fit schemata
are called ‘building blocks’. This term is crucial for understanding the GA performance. Instead of building high-performance strings (i.e. finding new optimal
candidates) by trying every conceivable combination, the GA constructs better
and better strings from the best partial solutions of past samplings.

0.7.3

Limitations of Genetic Algorithms

In the previous subsection it has been explained why GA work and we understood that its performance does rely on the survival of the building blocks.
The effectiveness of GA depends on useful correlations between parts of the genetic string (‘genotype’) and the performance or fitness of the individuals it represents (‘phenotype’). High-performance, short-defining length, low-order schemata,
called building blocks, are likely to survive into the next generation even if the genotype is broken up by the action of crossover or mutation, but in general terms, it
is the population size and the string definition itself, with the crossover and mutation probabilities, that play a relevant role in the survival of them. In [?], DeJong
suggested that good GA performance requires the choice of a high crossover probability, a low mutation probability (inversely proportional to the population size)
and a moderate population size.
Indeed, these choices are crucial, as problems may be observed in domains
where building blocks are not recognized or they are not retained. This is directly
related to the population size and the genetic operators. The population is a small
sample of all possible cases in the design space. The idea is that the individuals
involved in the current population contain as many building blocks as possible. If
some helpful building blocks are not present, the population does not represent so
accurately the design space, and a sampling error is assumed. Population size has
a strong effect on sampling error, with the error reduced in large populations where
building blocks are more likely to be represented, [?]. Crossover operator is likely
to disrupt useful schemata when the components of those lie far apart in the string,
because the probability of the cut point falling between the components is high.
This is even more likely if a multi-points crossover mechanism is considered in the
GA and if a high crossover probability is adopted. Therefore, the variables which
are expected to be coupled should be consecutive in order to form a useful building
1

Here terms long and short refer to the defining length of the schema H.
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block which is more difficult to be broken by the crossover operator. In summary,
GA parameters need to be conscientiously selected in order to both satisfactorily
lead and speed up the search. A compromise between exploitation (helping the
survival of the building blocks) and exploration (breaking them in order to create
new strings or, in other words, to move individuals to new unexplored regions in
the design space) has to be reached. As there is no prior knowledge about the
design space landscape, different tests should be run to determine which are the
best conditions in which to find the optimum. Nevertheless,

0.8
0.8.1

Adjoint methods
Continuous and Discrete Adjoint solver

There are two different strategies to use the adjoints in CFD. These two approaches are the continuous or the discrete one. The continuous way formulates
an adjoint partial differential equation system and the adjoint boundary conditions derivation. After that, both get discretized and numerically solved. The
discrete approach starts from the linearization of the discretized primal equations
and transforms them into the corresponding adjoint equations. Thus, this strategy
is not based on the form of the differential equations governing the flow but the
actual discretized form of the equations used in the flow solver, [?]. In [?], adjoint
methods based on continuous approach are considered, as Othmer proposes in [?]
for ducted flows. In the ANSYS FLUENT Adjoint Solver user guide, a clarifying
explanation of both methods is included. The continuous approach presents a potential flexibility of discritizing and solving the partial differential equations which
may become into a pitfall as inconsistencies in modelling, discretization and solution approaches can affect the sensitivity information. For this reason, the discrete
adjoint approach is applied in ANSYS FLUENT Adjoint Solver and in this project.
Othmer also uses discrete approach for automotive aerodynamic optimization, [?].

0.8.2

Discrete Adjoint solver implementation

As the discrete approach is selected in this project, the implementation starts
from the discretized Navier-Stokes equations. A compact fashion of representing
the Navier-Stokes equations is proposed in [?]. Let us denote

Ri u0 , u1 . . . uM −1 ; c = 0

(6)

the set of Conservation of Mass and Momentum equations, where i = 0 . . . M −1
refers to the cell j of the computational mesh, and M is the number of cells in the
flow domain. So, the flow is defined by the Navier-Stokes equations resumed in R
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at the cell centroid for the whole flow domain. It is observed that the equations
involve a set of vectors ui evaluated at each and every cell, and a vector c. The
former refer to the flow state and the vector ui compiles any fluid-related variable,
as pressure or velocity components, in the cell i−th. The latter is known as the
input variables vector, and involves all the user-specified inputs, as the model
geometry, the computational mesh, any model parameters for turbulence models
or the fluid properties.
The objective function is assumed to be a scalar, denoted as J, which is also
function of the vectors ui and c, i.e. the flow state and the input variables
(7)


J u0 , u1 . . . uM −1 ; c

The objective is to determine the sensitivity of the objective function with
respect to the input variables or, in particular, to the model geometry. If the
geometry is changed, the flow is also altered, so the objective function is affected
for both the initial change of the input variables and the flow state modification,
complicating the calculation of the aforementioned sensitivity.
If a variation of the input variables δcj is considered, from equation 6 it is
obtained that the variations in the flow state, namely δukj , with k = 1 . . . M , must
satisfy
∂Ri k ∂Rji
δu +
∂cj
∂ukj j

(8)

δcj = 0
u

where |u denotes that the flow state is held constant, and there is an implied
summation based on indices j and k, where k = 1 . . . M . From equation 7, the
objective function changes as
δJ =

∂J k
∂J
δuj +
k
∂cj
∂uj

(9)

δcj
u

Before, difficulties of determining the sensitivity of the objective function with
respect to the geometry because of the flow state have been introduced. Therefore,
the aim is to remove the variations of the flow solution in 9 in order to leave the
observation as just an explicitly function of the input variables (geometry). If a
set of adjoint variables ũi is considered,
!
i
∂Rji
∂R
k
i
i
δuj + ũ
δcj = 0
(10)
ũ
∂cj u
∂ukj
a similarity between equations 7 and 10 may be proposed, concluding that
ũi

∂Ri
∂J
=
.
k
∂uj
∂ukj

(11)
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It results into a system of equations which are the discrete adjoint equations.
Solving this system allows determining the value of the adjoint variables q̃ i , which
are present in
∂J k ∂J
δJ =
δu +
∂ukj j ∂cj

δcj =
u

∂Ri
ũi k δukj +
∂uj

∂J
∂cj


δcj =
u

∂J
∂cj

∂Rji
− ũ
∂cj
u



i

δcj (12)

u

after using equation 10, what permits determine the sensitivity of the objective
function J with respect to the input variables. It is remarked that the adjoint
solution is specific to the flow state, what is pointed out in 12 by |u . It is out of
scope the way to solve this equations, as the methods considered to compute the
Jacobian of the system ∂Ri /∂ukj . Details of the involved operations may be found
at [?]. The objective of this deduction is to show how only two simulations, one to
obtain the flow solution, and one to compute the adjoint variables, are required.

0.8.3

Limitations

Gradient-based optimization can also be impractical in domains which have
many local minima. These algorithms use only local information to improve the
design, so they cannot detect the global optimum if there is no path of continuous
improvement between their starting point and the optimum, [?].

0.9

Conclusions

The operation of Genetic algorithms is remarkably straightforward. Starting
from a (random) population of n individuals, treated as strings, the algorithm
‘copies’ strings with some bias toward the best, mate and partially swap substrings, and mutate an occasional bit value for good measure. This explicit processing of strings really causes the implicit processing of many schemata during
each generation. The fundamental concept of a schema or similarity template
was introduced. Quantitatively, we found that there are indeed a large number of
similarities to exploit in a population of strings. Intuitively, we saw how Genetic
algorithms exploit in parallel the many similarities contained in building blocks or
short, high-performance schemata.
Natural selection eliminates one of the greatest hurdles in software design:
specifying in advance all the features of a problem and the actions a program should
take to deal with them. Moreover, genetic operators allow optimal candidates to
evolve much more rapidly than they would if each new design simply
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Shape Parameterization
0.10

Introduction

The need of considering any optimal candidate as a design vector introduces
shape parameterization as an unavoidable step in shape optimization when GA
are applied, see figure F. Actually, its role is of major importance in the success
of the optimization procedure. By means of a certain number of design variables2 ,
shape parameterization provides a representation of the design space, defining the
shape of any geometry. Thus, a complete, simple and precise selection of these
design variables (and its range of variation) is critical for the parameterization effectiveness. Such requirements are detailed below. First, to achieve a satisfactory
representation of the nose of a high-speed train, a short review of the most relevant
conclusions from previous train aerodynamics studies is presented. This is completed with a summary of the main constraints for nose shape design. Once the
geometrical requirements are listed, different shape paremeterization techniques
are considered, among which Bézier curves are selected. Precision of the indicated
method is analyzed afterwards. Finally, robustness is tested by approximating the
proposed parameterization to different nose shapes.

0.11

Shape parameterization requirements

The lack of completeness may preclude the possibility of finding optimal designs, [?], as these are not represented by the parameterization and therefore are
not included in the search space. If a not simplified choice of the design variables
is carried out, an excessive number of parameters may result in a baste design
space that difficulties the optimization search. The number of parameters need to
be kept as low as possible, excluding any parameter which can be determined by
correlations. The range of variation of each design variable has also to be kept
in a coherent order of magnitude. Such compromise between completeness and
2

References also indicate that some boundary conditions to be optimized may be included in
the parameterization, [?].
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simplicity makes shape parameterization a crucial aspect in shape optimization.
While leaving a relative ‘grade of freedom’ to find new creative optimal geometries,
simplifications have to be included by omitting parameters that are assumed to
have little or no impact in the performance of the geometry, [?]. As simplifications
are imposed, non-smooth features on the shape may appear. This behaviour has
a larger impact in mesh-morphing, as the algorithm is incapable of deformate the
mesh to this new non-smooth shape, rather than when remeshing is applied.
Precision is determined by approximating a specific shape, within a predefined
level of accuracy, to a shape parameterized geometry. The difference between the
original and the parametric geometries gives an estimation of the precision of the
proposed parameterization.

0.12

Review of previous researches and normative
geometrical constraints

Before proposing the geometrical parameterization of the nose of a high-speed
train, a review of the most relevant conclusions from previous works is carried
out. Restrictions included in the European regulations on Technical Specifications
for Interoperability (TSI) are also taken into account to determine the range of
variation of the design variables in the parameterization.
Some of these investigators base theirs studies in axially symmetric geometries
or a simplified inter-city express (ICE) 2 train. The first ones are very useful
when a general description of the flowfield is required, and is extensively used
in tunnel aerodynamics, but are far away from actual train geometries. Whilst
it can be proposed a geometrical transformation from it to a more realistic one,
in this project axially symmetric noses are not considered as a reference. The
latter is a smooth model of the leading control unit of the ICE 2 and is known as
the Aerodynamic Train Model (ATM), which is widely accepted among the train
aerodynamics community as a reference geometry. The leading car is followed by a
simplified end-car which is the same shape as the nose. No details as pantograph,
bogies, partial bogies skirts, plough underneath the front-end or inter-car gap are
included. Figure A represents the top, side and front view of the ATM geometry.
This geometry is chosen as the base for developing the parameterization. In spite of
representing an important fraction of the total external aerodynamic drag of a train
(up to 47% and 20% the bogies and pantograph or roof equipment respectively,
[?]), such simplifications are maintained in the nose description.
Orellano, [?] introduces several possible parameters to be optimized when improving the aerodynamic behavior of a high-speed train. These design variables are
a guideline to define our parameterization. Nose shrinking related to nose length,
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height of the nose tip, upper and lower curvature of the nose, bluntness or A-pillar
roundness are some of these parameters. In [74] different nose train configurations
are depicted, where the influence of the length of the change in the cross-sectional
area of the model train and the three-dimensionality on aerodynamic drag and
train induced flows are analyzed. Noses close to ICE or Shinkansen can be obtained depending on these two parameters. In this paper, Raghunathan observed
that the nose length of the fore-body of the train (head) has no influence anymore
when it is larger than two times the model width. Meanwhile, nose length of the
after-body (tail) still have influence even at four times the model width. This gives
an idea of the maximum value of this parameter.
In [11], an aerodynamic optimization study of EMUV250 train is proposed.
Modifications of roof (reducing the roof curvature), hood and lower part of the nose
tip are introduced, changing the slope of the hood and the window, and altering the
spoiler design and position with respect to the tip. The most interesting feature of
the presented geometry in [11] is the non-differentiability at the connection between
the windshield and the hood (i.e., different slope for each part), close to the ducktype noses. This effect is considered to be represented by our parameterization
where, starting from ATM, it might be possible to arrive to a duck-nose, as AVE
TALGO-Bombardier, the Spanish high-speed train, see figure F1. Maeda et al.
concluded that a blunt nose is effective on the micro-pressure wave, (for more
information about micro-pressure wave and tunnel aerodynamics read ). The
parabolic nose is the reference geometry in most of tunnel aerodynamics studies as
a paraboloid introduces the minimum variation of cross-sectional area change, and
the blunter the nose is, the more reduction of pressure gradient (related with micropressure waves at the exit or compression waves inside the tunnel) is obtained.
However, this leads to a larger drag coefficient. In [?] an optimal axially symmetric
nose shape for reducing micro-pressure and drag is proposed. The slope of the
cross-sectional area in the middle zone of the nose changes steeply from a positive
gradient to a negative one. Their conclusions stresses the need of including in the
parameterization the capability of generating a duck-nose.

0.13

Shape parameterization techniques.
curves

Bézier

In adjoint methods, optimization starts with an existing design, and the objective is to improve its aerodynamic behavior by using numerical optimization.
When GA is considered, a population of optimal candidates has to be defined and
there is no initial design from which start the optimization process. Optimization
aims to find the best design among all the possible ones. Thus, it is no necessary
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Figure 1: Lateral-side view (XZ) of the nose of ICE 2 train. Red dots refer to sampling points
and red line is the generated spline of the lateral-side view. It is divided into four section boxes
(represented in dash-dot line), numerated from 1 to 4: 1. Roof, 2. Windshield, 3. Hood and 4.
Underbody. Dimensions are normalized with respect to bt , half of the train width. Nose length
is limited to four times bt .
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to reproduce perturbations of an initial geometry but submit a flexible automatic
technique to represent any optimal candidate. If a geometry is taken as an initial
reference (baseline shape), parameterization has to be able to accurately model
and include it in the design space. Definition of the ranges of each design variable
is restricted to this condition.
Depending on which optimization method is applied, different shape parameterization approaches can be deemed. In [?], an excellent survey of shape parameterization techniques is presented. Discrete representation, analytical, Computer
Aided Design (CAD) based or polynomial and spline approaches are included.
Discrete representation is based on using the grid-point coordinates as design
variables, what becomes into an unaffordable task when a 3D complex geometry
is analyzed. [51] and [49] use Hicks-Henne functions superposition to obtain a
axially symmetric nose shape representation. Hicks-Henne formulation is based
on adding analytical shape functions linearly to the baseline shape. Design parameters are the weights of each function contribution to the global expression.
Low level of complexity for geometry changes is observed in such approach, [?].
In [44], a 3D representation of the train nose by implicit functions as simple elliptical and parabolic equations is applied, based on Chiu and Squire, [?], nose
definition. [99] uses five control variables to define a very simple two-dimensional
geometry, and [?] defines a common two-dimensional train nose shape by a set of
spline curves, and obtain a 3D representation of a high-speed train using OpenCASCADE CAD tool. CAD systems entail the incapability of calculating sensitivity
derivatives analytically, [?]. Apart from it, some drawbacks may be pointed out
when considering these approaches. First, at some cases the design variables have
no physical meaning. This implies a more complicated understanding of the geometrical parametrization. Second, by using so few design variables most of the
representations are just simplified approximations of real high-speed trains, and
not a large range of different nose shapes (i.e. more possibilities of optimal designs) is available. Other proposals used for different ground vehicles can be found
in and [?]. Rho, [?] presents a vehicle-modeling function in the form of an exponential function to express the two-dimensional and 3D curved shapes of an
automobile. The subsectional parts of the vehicle-modeling funciton are defined
as section functions by classifying each subsection of teh automobile as a section
box model. The resulting function for each section is given as Here we propose the
application of Bézier curves, [?], to define the geometry of a 3-D high-speed train
nose in combination with Rho section boxes.
The Bézier curve of degree n equation is given as

C(t) =

n  
X
n
i=0

i

(1 − t)n−i ti Pi

(13)
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where 0 ≤ t ≤ 1 is a parameter control, and Pi are the control points to be
weighted. A Bézier curve is defined by a set of control points P0 through Pn . The
first and last control points are always the end points of the curve; however, the
intermediate control points (if any) generally do not lie on the curve. A quadratic
curve is defined by three control points, and a cubic one by four control points.
Once the control points coordinates are defined, the Bézier curve is easily depicted.
Typically, the control points coordinates are used as design variables.
Bézier curves are highly suited for shape optimization, as they can describe a
curve in a very compact form with a small set of design variables, [?]. Comparing
them with previous Hicks-Henne function, they have a simpler formulation by
means of polynomial functions. Moreover, the characteristics of the curve are
strongly coupled with the underlying polygon of control points, simplifying the
link between parameters and real design variables. Compared with Rho power
functions it is avoided to deal with coefficients which physical meaning is not
explicit. The convex hull of the Bézier control polygon contains the curve. This
property is very useful, especially in defining the geometric constraints, [?].

0.14

3D nose parameterization approach

The baseline shape considered is ATM model. The parameterization is flexible
enough to be adapted to any other commercial train geometry.
To parametrically define the volume of the nose of a high speed train, first a
2D description of the longitudinal profile of the nose is performed. Once this is
obtained, cross-section profiles are generated. The is based on an original nose
shape definition.

0.14.1

Cross-section

Since all the optimal candidates will be attached to the same train coach, the
cross-section of the train is constant for all the geometries. The optimization is
focused just on defining the shape of the nose, while keeping unaltered the rest of
the train. Thus, the cross-section is obtained by sampling the actual cross-section
of ICE 2 train model. Figure 2 plots the original and the created spline through
all the sampled points. Its height Ht and width bt are considered as reference
lengths for the following geometry definition. bt is half the width of the whole
train. This data is taken to define the length of the nose Lt . From [?], as it was
explained in section 0.12, maximum nose length where to observe notable changes
in drag coefficient when front wind is affecting the train is two times the train
width. Then, as bt ∼ 1500 mm, Lt is fixed to 6000 mm.
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Height at which maximum width (bt ) is obtained is hb . This value is used
laterly to define the widths of frontal views at different transversal planes (Y Z).
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Figure 2: Original and generated cross-section. Red dots in left picture refer to sampling points.
On the right, in black line the generated profile is represented. Characteristic lengths, which are
considered constants for the rest of the parameterization are depicted in red. Dimensions are
normalized with respect to bt , half of the train width.
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Lateral-side view

Two-dimensional description of the nose shape in the longitudinal symmetry
plane (XZ) is based on four Bézier curves. These curves are related with four
characteristic sections of the nose. Such sections are roof, windshield, hood and
lower part of nose tip. Underbody is supposed as horizontal. Curvature changes
in a range of ± 10 mm are neglected. Bogies, bogies skirts and plough underneath
(spoiler) are not considered. Resulting two-dimensional profile from simplified
ICE 2 is plotted in figure F. Red line does not involves window curvature, which
is supposed negligible.
In table 0.14.2 degrees of each curve is indicated. Eleven control points are
necessary to define the four curves. Below, a more detailed account of each section
is included.
Section
Roof
Windshield
Hood
Underbody

Order
Quadratic
Quadratic
Cubic
Cubic

Control points
P1 , P2 , P 3
P 3 , P4 , P 5
P 5 , P6 , P 7 , P 8
P8 , P9 , P10 , P11

Table 1: Control points and order of the Bézier curve used to draw each section.
In red fixed points are indicated. Shared control points are given in bold.

Roof shape
Roof shape is defined as the curve from the car body to the start position of the
windshield. A quadratic Bézier curve is used to represent this section as not big
curvature is expected between these two points. Figure 4 plots the roof section.
Three control points (P1 , P2 and P3 ) adjust the curvature. P1 is the connection
point between front nose and car body. Coordinates of this point are (l0 , Ht ),
where Ht is already known. l0 is the position at which the nose starts (origin is
imposed at −6000 mm from the nosetip in x−direction). This value can be fixed
or kept as a variable. Depending on its value, the length of the nose can vary. As
nose shrinking can be controlled by other design variables, it is recommended to
keep this value as a constant. One of these variables that control the length of the
nose is l1 , which actually defines the horizontal dimension of the roof. Point P3
is located at (l0 + l1 , h1 ), being h1 the height at which the windshield starts. In
figure 4, h1 is not given explicitly but as function of s1 , where s1 = Ht − h1 .
A larger value of l1 drives to a longer roof while reducing the rest of the nose.
Depending on the position of point P2 , this can be translated into a nose shrinking.
Vertical position of P2 is restricted to Ht , as tangency condition is expected at the
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Figure 3: Lateral-side view (XZ) of the nose of ICE 2 train. Red dots refer to sampling points
and red line is the generated spline of the lateral-side view. It is divided into four section boxes
(represented in dash-dot line), numerated from 1 to 4: 1. Roof, 2. Windshield, 3. Hood and 4.
Underbody. Dimensions are normalized with respect to bt , half of the train width. Nose length
is limited to four times bt .
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connection between car body and front nose. This is a characteristic of Bézier
curves, [?]. Therefore, three design variables are introduced, l1 , h1 (or s1 ) and
α1 . The latter controls the slope of the roof, defined by the convex hull of the
control points (red dashed line in figure 4). Maximum value of α1 is defined so as
to generate a separation of the flow as low as possible. Default value considered is
α1max = π2 rad. Meanwhile, in figure 4 it is observed that α1 cannot be lower than
a minimum value, as distance P2 P3 has to be no larger than l1 . The minimum
value is function of l1 and s1 . As roof slope is linked to window slope (see below),
it is fixed that at least α1min = π9 rad.
α1min = arctan

s1
l1

(14)

So, design variable α1 is translated into a coefficient k1 that defines the value
of the angle between the minimum and the maximum one. Range of variation
of l1 and h1 are obtained from the cabin dimensions, which are, in turn, defined
from the heel point position. In table 0.14.2, coordinates of each control point are
summarized. x−coordinate is based on the assumption of l0 as a constant.


s1
π
π
s1
π
(15)
− max( , arctan )
α1 = max( , arctan ) + k1
9
l1
2
9
l1
Control Point
P1
P2
P3

x-coordinate
l0 (0)
l1 - s1 cot α1
l1

z-coordinate
H
H
h1

Table 2: Coordinates definition of roof control points. y−coordinate is fixed to
value 0 as lateral-side view refers to symmetry plane (XZ).
Windshield shape
Once P3 is already located, windshield is traced. It is sketched in two-dimensions
by a quadratic Bézier curve. The practical difficulty of building a windowpane
with two curvatures (what drives to the existance of an inflexion point) makes a
quadratic curve enough for its representation. Three control points are needed
to draw the curve, P3 , P4 and P5 . Then, only P4 and P5 remain to be placed.
Dimensions of the windshield section box are l2 and s2 , where s2 = h1 − h2 , being
h1 and h2 the heights of points P3 and P5 respectively. So, coordinates of P5 are
[l0 + l1 + l2 , h2 ]. Driver table location fixes the height of the lower edge of the
window. This is transformed as the maximum value of h2 . The minimum value of
this design variable is obtained from the crash structure dimensions. Apart from
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z
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x
Figure 4: Roof parameterization in symmetry (XZ) plane. Red line represents the roof given
by a quadratic Bézier curve. Red dots refer to control points. They are labeled in red color as
P1 , P2 and P3 . Dashed red line represents the control polygon. In blue geometry restrictions of
driver cabin size are given. Design variables involved in roof parameterization (l0 , l1 , α1 and s1 )
are written and depicted in black.
l2 and h2 (implicit in s2 ), a third design variable is introduced in this part. k2 is a
parameter that controls the window curvature and, therefore, the position of P4 .
In order to satisfy first order (geometric) continuity at the shared control point
(P3 ), the last segment of the roof curve and first segment of the windshield have
to be collinear. Hence, P4 position is function of α1 . Depending on windshield
dimensions (l2 and s2 ) and on α1 value, different cases might be observed. But before window slope constraint is introduced. TSI, [63], indicates that the minimum
rad.
slope (given by parameter αw , see figure 5) of the windowpane is around 5π
36
5π
To prevent large flow detachment, the slope is limited to 18 rad. If
tan αw =

l2
s2

(16)

it is obtained that
l2 = (h1 − h2 ) tan(αwmin + kw {αwmax − αwmin )} .

(17)

Consequently l2 is given by the parameter kw which implicitly defines the slope
of the windowpane. kw values range is function of the positional restrictions of the
window with respect to the eyes of the driver. In [63] normative details which are
the closest and furthest position of the window following the sightline. In figure 5
these points are plotted as a blue ×. Sightlines are represented by a blue dashed
line. Also the field of vision is considered in two-dimensions to determine s2 .
Depending if γw < α1 or not, where γw is the complementary angle of αw , P4
coordinates in x− or z− direction are limited by l2 or s2 respectively. Window
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curvature parameter k2 controls the position of P4 with respect to these limits.
In table 0.14.2, coordinates of each control point are detailed. A more illustrative
description is given in figure 5.
Control Point
P3
P4
P5

x-coordinate
l1
l1 + k2 min(l2 , s2 cot α1 )
l1 + l2

z-coordinate
h1
h1 − k2 min(l2 tan α1 , s2 )
h2

Table 3: Coordinates definition of windshield control points. Again no data for
y-coordinate is given as this profile is in symmetry plane (XZ).

α1

l2

P3
Eyes tall driver

z

αw

P4

s2

P5
Eyes small driver
Driver table

x
Figure 5: Windshield parameterization in symmetry (XZ) plane. Red line represents the
windshield given by a quadratic Bézier curve. Red dots refer to control points. They are labeled
in red color as P3 , P4 and P5 . Dashed red line represents the control polygon. In blue geometry
restrictions of driver cabin size and driver table are given. Design variables involved in roof
parameterization (α1 , l2 , s2 and αw ) are written and depicted in black. It is also indicated the
position of the eyes of a ‘tall’ and ‘small’ driver according to TSI, []. Positions are defined respect
to the heal point and the floor of the cabin. Blue dashed line refers to the view line of both
cases. Blue stars indicate the minimum and maximum distance from the driver to the front cabin
window.
Hood shape
Train noses generally are streamlined, as ICE 2 or ICE 3, but there are also
designs where a discontinuous gradient point at the connection between windshield
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and hood is observed, see figure ??. To capture this feature, no tangency condition
is applied at P5 between both Bézier curves. The main restrictions of the hood
shape is the must of not intersecting the energy absorption box (crash structure)
and the front connection size (end coupler). A cubic Bézier curve has be chosen
because of its simplicity and flexibility to reproduce an inflection point in a curve.
Four control points are used to create the curve. P5 is already defined from
windshield shape. P7 and P8 are fixed to be at the same x−coordinate in order to
guarantee differentiability at the nosetip (i.e. avoid a cusp at the end of the nose).
As point P8 represents the nosetip, such x−coordinate is the nose length itself. Its
vertical position (of P8 ) is given by height h3 , from the ground. Vertical position
of P7 is given by an additional height h4 .
Apart from these two new design variables, two more parameters are introduced
to trace the cubic spline. These parameters help positioning point P6 . In order
not to intersect the curve with the end coupler, P6 is placed so that the curve
passes within a certain distance far from P 0 , which is the limiting condition. Thus,
a critical point in the Bézier curve lets defining the coordinates of P6 , particularly
the z−coordinate. The x−coordinate is given as k3 ∈ [0, 1] times the hood length
l3 , where l3 = L − (l0 + l1 + l2 ). The z−coordinate is such that the critical point is
over P 0 a distance given by parameter kh as z̃ = P 0 (z)+kh (P 0 (z)−h2 ), being z̃ and
P 0 (z) the height of the critical point and P’ respectively. From z̃, z−coordinate of
P6 is obtained as Bézier curve equation is known.
Control Point
P5
P6
P7
P8

x-coordinate
l1 + l2
l1 + l2 + k3 l3
L
L

z-coordinate
h2
h2 − k3 l3 tan αh
h3 + h4
h3

Table 4: Coordinates definition of hood control points. Variable kh is translated
into αh as it gives the slope of the hood.
Underbody shape
In order to guarantee both first order continuities at the connections with the
hood and the body of the train, underbody shape is described with a cubic Bézier
curve. Nor spoiler neither bogies are considered in the geometry definition, so
just the outlined curve is depicted. This curve is constructed with four control
points. P8 is already settle. P11 is fixed although it may be leave free if lSpoiler 3 is
not considered constant. If it is, coordinates of P11 are [L − lSpoiler , hc ], where hc
3

Though the spoiler is not exactly defined by this design variable, proximity of P11 and the
beginning of the spoiler allows this similarity.
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Figure 6: Windshield parameterization in symmetry (XZ) plane. Red line represents the
windshield given by a quadratic Bézier curve. Red dots refer to control points. They are labeled
in red color as P3 , P4 and P5 . Dashed red line represents the control polygon. In blue geometry
restrictions of driver cabin size and driver table are given. Design variables involved in roof
parameterization (α1 , l2 , s2 and αw ) are written and depicted in black. It is also indicated the
position of the eyes of a ‘tall’ and ‘small’ driver according to TSI, []. Positions are defined respect
to the heal point and the floor of the cabin. Blue dashed line refers to the view line of both
cases. Blue stars indicate the minimum and maximum distance from the driver to the front cabin
window.
is the clearance distance between the car and the top of the rail. Because of the
aforementioned first order continuities, P9 and P10 are already partially positioned.
The shape of the underbody is controlled by these two points. If length l4 , which
places P10 is larger, a bluffer underbody profile is traced. The closer P10 to P11 , the
more slender the shape is. In any case, a restriction is the curve not to intersect
with the end coupler (in the lower side). The same procedure as in the hood is
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applied in the underbody to estimate the z−coordinate of P9 , since the x−one is
fixed to L. Hence, a variable permits control such condition (ku ). This variable
can also be translated as the slope of the underbody shape (αu ), while l4 gives an
estimate of the actual dimension of the underbody. In table, coordinates of all the
control points are summarized.
Control Point
P8
P9
P10
P11

x-coordinate
L
L
L − lSpoiler + l4
L − lSpoiler

z-coordinate
h3
hc + (lSpoiler − l4 )tan αu
hc
hc

Table 5: Coordinates definition of underbody control points

End coupler
P ′′

P8

z

P9
Critical point
P11

l4

P10
lSpoiler

x
Figure 7: Windshield parameterization in symmetry (XZ) plane. Red line represents the
windshield given by a quadratic Bézier curve. Red dots refer to control points. They are labeled
in red color as P3 , P4 and P5 . Dashed red line represents the control polygon. In blue geometry
restrictions of driver cabin size and driver table are given. Design variables involved in roof
parameterization (α1 , l2 , s2 and αw ) are written and depicted in black. It is also indicated the
position of the eyes of a ‘tall’ and ‘small’ driver according to TSI, []. Positions are defined respect
to the heal point and the floor of the cabin. Blue dashed line refers to the view line of both
cases. Blue stars indicate the minimum and maximum distance from the driver to the front cabin
window.

0.14.3

Front view

The above parameterization is enough to draw a two-dimensional profile of the
nose of a train. When a three-dimensional construction is required, more base pro-
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files are necessary. If front view is considered, apart from the reference cross-section
given in section 0.14.1 two more frontal profiles are used. Each one is defined at
the beginning of the windshield and hood respectively (i.e. at x−coordinates l0 +l1
and l0 + l1 + l2 respectively). In this way, each section box represented in figure
3 (but the underbody one) is based on two frontal profiles. In figure 8 the three
frontal curves are depicted in red. To draw these curves, each profile is divided
into two parts, one referred to the upper side and one to the lower side, being the
point where the curve is divided the one for the maximum width in each profile.
Doing so it is possible to introduce different curvature at the upper and lower side
by just two cubic Bézier curves per profile. As these profiles initiate at the windshield and hood start respectively, control points P3 and P5 are included within the
fourteen control points required to trace the frontal profiles. Each part of a profile
consist of four control points. No first order continuity condition is imposed at
the connection between the two parts, as it happens in the reference cross-section.
However tangency is imposed at the symmetry plane connection to avoid cusps
when the whole train is represented. To enhance this condition an offset of yof f
the lateral-side profile is introduced when the CAD tool is used to build up the
geometry. This is represented as the vertical red line in figure 8. In this figure
ICE 2 windshield and hood frontal profiles are plotted in dot-dash black line. It
is stressed that width profile, A-pillar roundness and tumblehome can be altered
by moving the respective control points.
The same philosophy is followed in the construction of the frontal profiles.
Thus, here only the upper part of the hood frontal shape is explained. A cubic
Bézier curve is used for the upper part. Four control points are employed to draw
the spline, namely P5 , P18 , P19 and P20 . P5 is already defined from the lateral-side
view. P20 coordinates are [bh , hbH ], where bh and hbH are two new design variables
that determine the width of the frontal profile at the hood start and the height
related to this width, see figure 9. Points P18 and P19 are used to control the
curvature of the Bézier spline so that the A-pillar roundness can be changed. To
place these points two more design variables are introduced. These are lAH and
αAH 4 , where H denotes ‘hood’.

0.14.4

Top view

Frontal curves are not enough if a three-dimensional body construction is desired. To improve the surface control two extra curves are introduced. They are
englobed in the ‘top view’ group as they consist in a two-dimensional curve laying
4

Because of construction limitations in the CAD tool, tangency at the connection between
upper and lower part at the hood is imposed, reducing the total number of five in the windshield
to four design variables in the hood
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Figure 8: Windshield parameterization in symmetry (XZ) plane. Red line represents the
windshield given by a quadratic Bézier curve. Red dots refer to control points. They are labeled
in red color as P3 , P4 and P5 . Dashed red line represents the control polygon. In blue geometry
restrictions of driver cabin size and driver table are given. Design variables involved in roof
parameterization (α1 , l2 , s2 and αw ) are written and depicted in black. It is also indicated the
position of the eyes of a ‘tall’ and ‘small’ driver according to TSI, []. Positions are defined respect
to the heal point and the floor of the cabin. Blue dashed line refers to the view line of both
cases. Blue stars indicate the minimum and maximum distance from the driver to the front cabin
window.
in a XY -plane. At a height h3 from the ground, a plane is defined. In this plane
a curve resulting of the combination of a cubic Hermite interpolating polynomial
curve and a cubic Bézier curve is depicted. Using an Hermite interpolating polynomial, no extra points are introduced since the curve is based on already defined
points belonging to the frontal profiles. Nosetip roundness is controlled by the
cubic Bézier curve in order to have a more complete representation. Two design
variables are defined to fix the bluntness of the nose. bpeak and αpeak helps con-
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lAH

P18

P19
αAH

P5
P20
P21

hb
hbH

P23

P22
bh

Figure 9: Windshield parameterization in symmetry (XZ) plane. Red line represents the
windshield given by a quadratic Bézier curve. Red dots refer to control points. They are labeled
in red color as P3 , P4 and P5 . Dashed red line represents the control polygon. In blue geometry
restrictions of driver cabin size and driver table are given. Design variables involved in roof
parameterization (α1 , l2 , s2 and αw ) are written and depicted in black. It is also indicated the
position of the eyes of a ‘tall’ and ‘small’ driver according to TSI, []. Positions are defined respect
to the heal point and the floor of the cabin. Blue dashed line refers to the view line of both
cases. Blue stars indicate the minimum and maximum distance from the driver to the front cabin
window.
trolling the bluffness at the nose peak. Two of the four required control points
are defined a priori as one is P8 and the other results from hood frontal profile (at
height h3 ). P2 5 is restricted to be at x−coordinate equal to the nose length in order
to guarantee tangency as the nosetip. Peak width is given by the y−coordinate
of P2 5, so [L, bpeak ] are the coordinates of this control point. P2 4 is placed such
that tangency is observed between the Hermite interpolating polynomial and the
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Hermite polynomial

Point at hood frontal
profile and h3
x

P24
P25

b′ × αpeak
bpeak

P8

Figure 10: Windshield parameterization in symmetry (XZ) plane. Red line represents the
windshield given by a quadratic Bézier curve. Red dots refer to control points. They are labeled
in red color as P3 , P4 and P5 . Dashed red line represents the control polygon. In blue geometry
restrictions of driver cabin size and driver table are given. Design variables involved in roof
parameterization (α1 , l2 , s2 and αw ) are written and depicted in black. It is also indicated the
position of the eyes of a ‘tall’ and ‘small’ driver according to TSI, []. Positions are defined respect
to the heal point and the floor of the cabin. Blue dashed line refers to the view line of both
cases. Blue stars indicate the minimum and maximum distance from the driver to the front cabin
window.
Bézier curve (what gives b0 ) while at the same time satisfies chamfer given by angle
αpeak .
The second curve lays on a sloped plane to help the control of surface bumpiness
between the frontal profiles. This curve is also a cubic Hermite interpolating
polynomial, so no new design variables are demanded. In figure 8 this curve is
represented in solid black line.

0.14.5

Summary

Table summarizes the meaning and function of the design variables in the shape
parameterization,. Only design variables for one part of one of the frontal profiles
are included in the table. While the curve definition for each part is the same for
both the windshield and hood, in order to reduce the number of design variables
and taking advantage of the ICE 2 geometry, here lower part of the windshield is
simplified to a geometric transformation of the reference cross-section lower part.
It results in a complete three-dimensional shape representation based on 25 design
variables.
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Design variable
l1
h1
α1
l2
h2
k2
αw
h3
h4
k3
kh
l4
αu
bh
hbH
lAH
αAH
bpeak
αpeak

Physical meaning
dimension of the roof
height at which starts the windshield (i.e. window)
curvature at the connection between nose and car body
horizontal dimension of the windowpane
height at which starts the hood (i.e. end of window)
window curvature
slope of window
height of the nosetip
(vertical) bluntness of the nose
hood slope
gap between end coupler and hood surface
relative size of the spoiler
inclination of the underbody
width of the frontal profile defining the hood
height related to bh
controls where the A-pillar starts (front view)
roundness of the A-pillar at the hood frontal profile
(horizontal) bluntness of the nose
curvature of the nosetip (top view)

Table 6: Coordinates definition of underbody control points

0.14.6

Parameterization validation

Robustness and precision of the proposed parameterization are tested in this
section. Apart from the simplified ICE 2 train nose, two more commercial highspeed trains are considered to validate the parameterization robustness. These are
the Spanish high-speed train AVE, from Bombardier and Talgo, and the French
TGV, from Alstom. Only information of the lateral-side view are available, [] and
[], so validation is restricted to check if the set of Bézier curves can reproduce the
train profile satisfactorily. By changing the control points, and fixing the constants
to the train model in question, a very accurate representation can be obtained. In
figure 12 the results are plotted. The parameterization is flexible enough to fit the
geometry while keeping itself as simple as possible.
In order to validate the parameterization precision in this project, a comparison of the pressure flow field and velocity at the train surface is performed between
the original geometry of ICE 2 train and the one resulting by the parameterization
and Bézier curves aforementioned. Qualitative conclusions are accompanied by a
quantitative comparison, focusing on drag force and drag coefficient of the train.
Both the original and the generated geometries are meshed within the same resolution criteria. y + is set to 100, and standard wall functions are used to capture

Abstract

39

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Figure 11:

Examples of three-dimensional shape parameterization and nose construction.
Train bodies are constructed with CATIA® . Figure (a) corresponds to ICE 2.

the boundary layer close to the surfaces. k − ω SST turbulence model is used. A
second order upwind discretization is used for the momentum equation, turbulent
kinetic energy and specific dissipation rate. Simulations are run with ANSYSFLUENT® commercial code, version 14.5. Reynolds number based on the train
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Figure 12: Validation of the parameterization robustness by representing two commercial
high-speed trains and the generated Bézier curves. In (a) the Spanish high-speed train AVE is
depicted. In (b) the French TGV is represented. Red lines refer to the lateral-side profile. Red
dots are the control points used to draw the Bézier curves.
height is 2,4×106 .
In figure 13 in order to visualize the differences pressure field is represented.
No trace lines or velocity vectors are considered as no clear conclusions may be
extracted. Small differences are observed close to the top point of detachment
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and along the hood. Whilst they are small, they still have a light effect on the
quantitative comparison. In fact, drag force and coefficient are summarized in table
A. Drag coefficient is computed with a reference length of 10 m and a reference area
of 3 m2 . As viscous drag depends on the train surface and the mesh resolution, it
is concluded that such negligible differences result in a very good approximation
of the original one. Pressure drag presents a larger difference which is expected
once the pressure field is observed. Although the mesh resolution is the same in
both cases, nor the grid neither the cells distribution are exactly the same, what
may explain the discrepancies. Nevertheless, the generated geometry is accepted
as a very close representation of the original one.

Original
Generated

Pressure drag
[N ]
684.5
670.6

Viscous drag
[N ]
628.7
630.1

Total drag
[N ]
1313.2
1300.7

CD
0.086
0.083

Table 7: Resume table of drag force and coefficient of original ICE 2 train model and the
generated one. Only half (symmetry XZ) train is considered.

0.15

A three-parameters 3D geometry description

If a short-term shape optimization study is demanded, a simpler three-dimensional
parameterization may be proposed. As the number of design variables reduces, the
number of simulations required to achieve an optimal design is notably decreased.
This is even more critical when the optimization is driven to a very computationally expensive scenario as inside a tunnel. The optimization of the nose shape of
a high-speed train considering the train moving along a tunnel involves unsteady
compressible simulations. Therefore, avoiding a very high computational cost is a
crucial issue. To do it, a simplified three-dimensional geometry description of the
nose of a high-speed train is introduced.
This parameterization is based on just three-parameters, which also helps plotting the response (i.e. drag coefficient or pressure pulse, see chapter A) as function
of the design variables. These three design variables are selected in order to still
have a realistic representation of high-speed trains. From [?] it is observed that
train nose length is an important parameter. Cross section is also a vital factor
on the performance of the train. Thus, the design variables are related to the nose
length and the definition of the cross-section. In [] nose bluntness is remarked as
an notable, as . These ideas are assembled and implemented with lengths lshrink ,
rA and αblunt . Design variable lshrink is related to the nose shrinking, as a longer
nose results into a . rA refers to the A-pillar roundness and it helps defining the
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Figure 13: Qualitative comparison based on pressure field of original ICE 2 nose geometry and
the one generated by Bézier curves. Solid lines refer to the original one, while dash-dot line refer
to the generated one. Small differences are observed at the top detachment point.

cross-section area. Bluntness is represented by A-pillar roundness, as it is defined
at the nosetip and by the angle αblunt , that determines how bluff or blunt the nose
is.
Design variable
lshrink
rA
αblunt

Physical meaning
distance to maximal permissible nose length
A-pillar roundness (cross-section)
nose bluntness

Table 8: Coordinates definition of underbody control points
The nosetip height (previously h3 ) is fixed constant, as the roundness at the
connection between the nose and the car body. The lateral-side profile is limited
to a slender shape, so no duck-nose shapes are generated. Total nose length is L,
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and the train width is wt , so from [?] lshrink maximum value is four times wt . In
chapter A, a shape optimization of a high-speed train moving through a tunnel is
done, and the range of variation of each design variable is indicated. The sample
of trains considered for the shape optimization is represented in figure F.

0.16

Concluding remarks
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Metamodels and Design of
Experiments
0.17

Introduction

The expensive cost of running complex engineering simulations makes it impractical to rely exclusively on numerical codes for the purpose of aerodynamic
optimization, in particular when GA is applied. Although it is possible to perform all the evaluations on a processors cluster, [?], for a simplified geometry, it
still results in a too long process. By using approximation models, the expensive
simulation model is replaced and so the GA process is speed up. Moreover, not
only the introduction of metamodels helps the optimization procedure, but also
it avoids the trial-and-error approach to design, whereby the engineer may never
uncover the functional relationship y = f (x). Thus, metamodels also yield insight
into the relationship between inputs and output(s). Such optimization procedure
supported on an approximation model or metamodel is known as surrogate-based
optimization. Hence, a successful surrogate-based optimization process requires
of a metamodel that is capable of predicting accurately at sites other than these
included in the initial sampled plan (what this is for is explained in the following)
A variety of metamodelling techniques exist, and an excellent comparison and
review of these methods can be found in [19] or [20]. Jin, [20], points out that there
is no best one, though some do work better than others for a specific application.
In this chapter a brief description of two of them is provided. Polynomial Response
Surface model (RSM) and Radial Basis Functions (RBF) are depicted, as these
are applied in the following optimization problems. For a better understanding of
their basics, a general definition of a metamodel or surrogated-model is presented
below. An explanation of why these metamodels are taken into consideration is
included.
Metamodelling involves choosing the variables to be optimized and an experimental design for generating the initial data, choosing a model to represent the
data and fitting the model to the observed data, ending with a validation strategy
to assess the accuracy of a metamodel. From this structure, the chapter concludes
45
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with a short discussion of the basics of Design of Experiments (DoE) that determine which initial (observed) data points needs to be generated for an effective
approximation model utilization, and a brief introduction to the leave-one-out cross
validation strategy. Furthermore, depending on what type of metamodel construction is employed, two more steps may be added. Offline and online optimization
is presented at the end of the chapter.

0.18

Metamodel or Surrogated-model definition

In this section, the mathematical definition of a metamodel5 is presented. Let
the evaluation of a design be expressed as a function
y = f (ξ) + ,

f : Rk → Rm

(18)

where y is the performance vector, which depends on the controllable input
(natural) variables ξ = (ξ1 , ξ2 , . . . ξk ), and  is a term that represents the variability
not accounted for in f , including measurement (random) error, noise or lack of
convergence.  is treated as a statistical error, having a distribution with mean
zero and variance σ 2 , [?]. Thus,
E(y) ≡ η = E(f (ξ)) + E() = f (ξ)

(19)

y = η = f (ξ)

(20)

It is, in order to eliminate error , required replication to take the mean value of
repeated measurements for identical design variable values, E(y) = η. As in this
case deterministic computer experiments are considered, no random error is noted
(if the same convergence criteria is imposed), [?]. Consequently, we can directly
formulate

The variables (ξ1 , ξ2 , . . . ξk ) are usually called the natural variables, as they are
expressed in the natural units of measurements (meters or radians). Myers, [?],
recommends to transform the natural variables to coded variables (x1 , x2 , . . . xk ),
which are usually defined to be dimensionless with mean zero and the same standard deviation
y = η = f (x)

(21)

A metamodel is a function ϕ(x) : Rk → Rm involving a much lower computational cost than f (x), such that
5

The terms metamodels, approximation models or surrogated-models are used indistinctly
although some differences can be observed between them. Nevertheless, such assumption is
widely accepted.
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(22)

|ϕ(x) − f (x)| < e

being e sufficiently small. The different types of metamodels are based on the
assumptions of the mathematical form of ϕ. Each metamodel has some coefficients
in ϕ that need to be fitted so that ϕ can be used as a substitute for f . The
determination of the coefficients is done such that equation 22 is minimized for
the set of known (i.e. already evaluated) designs Γ containing N samples
Γ = (xi , yi = f (xi )) ∈ Rk+m ,

i = 1, . . . N

(23)

The ‘replacement’ of calls to an expensive computer code by taking values
from a cheap surrogate model of it is based on some assumptions to be made.
First assumption is that the function to be approximated is continuous, which
is valid in aerodynamics but some exceptions (e.g aerodynamic quantities in the
region of shock waves). A second assumption is that the function is smooth, (i.e
differentiable). This is usually a well founded assumption, according to Forrester,
[?]. Other assumptions can be made as to the actual shape of the function itself
(e.g. drag and velocity are related quadratically).
Definitively, assumptions about the shape of the function may be useful for selecting the correct metamodel, though little is yet known about what type accord
best with particular features of the ‘landscape’, [?]. Properties as nonlinearity
(multimodal design space) or dimensionality may help in the choice of an approximation model. In fact, as Knowles points out, [?],
The whole concept of using a metamodel to improve the performance
of an optimizer rests on the assumption that the metamodel will aid in
choosing worthy new points to sample, i.e. it will be predictive of the
real evaluations of those points, to some degree. This assumption will
hold only if the function being optimized is amenable to approximation
by the selected type of metamodel.
Other criteria to be considered when selecting a metamodel are as the data
sampling technique (and the cost of each evaluation in Γ), transparency, conceptual
simplicity or accuracy, [?].
There are two main subdivisions of regression problems, ‘parametric’ and ‘nonparametric’. In parametric regression, the form of the functional relationship f is
known but may contain parameters whose values are unknown. These parameters,
as the dependent and independent variables, have meaningful interpretations. In
nonparametric regression, there is no ‘a priori’ knowledge about the form of the
function to be estimated. Parameters have no physical meaning in relation to the
problem, [?]. Response surface models are an example of parametric regression
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models, while Radial Basis Functions are an example of nonparametric regression
models.

0.18.1

Polynomial Response Surface Model (RSM)

The classical polynomial Response Surface Model (RSM) is still probably the
most widely used form of surrogated model in engineering design because of its
madurity, simplicity and extended available support for its implementation. Examples of its application in aerodynamic problems are [?], [?], [?] or [?].
Given N + 1 data points, a degree n polynomial that interpolates the data can
be constructed. A second order model is very flexible, working satisfactorily in
real problems, and its parameters are easy to estimate. A second-order polynomial
model when k design variables are considered can be expressed as
y(x) = β0 +

k
X
i=1

β i xi +

k
X

βii x2i +

i=1

XX
i

βij xi xj + 

(24)

j

The coefficients β are determined by least squares regression analysis by fitting
the response surface approximations ϕ(~x) to already evaluated designs y(~x). As
the equation 24 is linear with respect to β, it can be expressed as
(25)

y = Xβ + 

where y = [y1 y2 . . . yn ] is a n × 1 vector of function evaluations, X is an n × p
matrix with
T

i
h
(j)
(j)
(j)
(j)
Xj = 1 x1 . . . xk x21 . . . x2k (x1 x2 )(j) . . . (xk−1 xk )(j) ,

j = 1...n

(26)

being p = k + 1. β is a p × 1 vector of coefficients and  is the random error
vector. The objective is to find the vector of least squares estimators, b, that
minimizes
E=

n
X
i=1

2i = T  = (y − Xβ)T (y − Xβ)

(27)

The solution is given by
β̂ = XT X

−1

XT y

(28)

The details of the deduction can be seen in Myers, [?].
The main drawback is that for a second-order polynomial, the number of unknowns (coefficients) is proportional to (k + 1)(k + 2)/2, so it is clear that it is
not the best method to apply when a high-dimensional design space is considered.
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Radial Basis Functions (RBF)

Let consider a set of N data points (xi , yi ), i = 1 . . . N , where xi denotes
an n−dimensional vector of independent variables, (x1i , x2i , . . . xni ), and yi is the
value of the function at that point. Radial basis function (RBF) method is an
interpolation technique based on the idea that every known point i ‘influences’ its
surroundings the same way in all directions according to some assumed functional
form φ(ri ), such that the radial distance ri is defined as ri = |x − xi | from (i.e.
centered at) the point xi . The norm |·| is the Euclidean distance. φ(ri ) is called
the radial basis function, and RBF method uses a linear combination of N radial
basis functions
ŷ(x) =

N
X
i=1

wi φ(|x − xi |)

(29)

to approximate the response y(x). wi is the weight of radial basis function i
in the linear combination aforementioned. While equation 29 is linear in terms of
the weights wi , the predictor ŷ can approximate highly non-linear responses.
The characteristic feature of radial basis functions is that their response decreases (or increases) monotonically with distance from the center. A typical radial
function is the Gaussian function




|x − xi |2
ri2
(30)
φ(ri ) = exp − 2 = exp −
2σi
2σi2
In equation 30, xi can be also denoted as ci (from center), and σi is a positive
scalar called width, amplitude or spread of the radial function. It controls the
smoothing properties of the radial function. Figure F shows the Gaussian function
for several values of σi . The closer the x is to the center xi , the higher the output
of the basis function is. Low values of σi restrict the non-zero output of the
function to x values close to the center, while higher values give rise to a non-zero
output in a larger neighborhood, [?]. The Gaussian function is an example of a
‘decreasing’, whereas multiquadric function is an ‘increasing’ radial function also
commonly applied in RBF6 . In figure F it is shown its behavior. The expression
of the multiquadric function is
s
|x − xi |2
+1
(31)
φ(r) =
σi2
The center, the spread and the radial function itself are parameters of the
model. They all together define a ‘hidden’ unit. Such unit is called a (hidden)
neuron, and the set of N hidden neurons forms the hidden layer.
6

There are other radial basis functions one can use. For a wider description, see Micchelli [?]
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The architecture of a RBF is based on three layers of neurons, the input layer,
one hidden layer and the output layer. The way each hidden neuron (i.e. radial
basis function) in the hidden layer is connected to the output layer y(x) is function
of the weight wi . The weights are determined by requiring that the interpolation
be exact at all known data points. That is equivalent to solving a set of N linear
equations in N unknowns for the wi
Y = ΦΩ

(32)

where ωi ∈ Ω, which is a N × 1 if a single output is considered, and Φ is called
the transfer matrix or Gram matrix, [17]
Φ = (φ(A))ji = (φ(Aji ))

(33)

and A a N × N matrix, so that the (j, i) entry of the matrix is Aji = |xj − xi |.
Equation 32 has a unique solution since Φ is nonsingular, [?]. The flexibility of
the model (i.e. its ability to fit many different functions) derives from the freedom
to choose.
Beyond determining Ω, there is the additional task of estimating any other
model parameters, as the function spread σ, usually taken to be the same for all
basis functions in all variables.
A set of data is used for computing the weights ωi (training set), and a different
one is used for testing the the performance of the metamodel (validation set). Thus,
the initial data set has to be subdivided into the indicated subsets to fit the RBF
model.
The guarantee of a positive finite Φ is one of the advantages of Gaussian radial
basis functions. Another desirable feature is the ability to estimate the prediction
error at any point x in the design space as
s2 (x) = 1 − ψ T Ψ−1 ψ

(34)

V

(35)

The prediction variance is the variance of the estimated model ŷ(x) plus the
error variance, and is given by

Ridge regression refers to the application of solutions to reduce the sensitivity of the (meta)model to the peculiarities such as noise or the choice of sample
points of each particular training set. An unbiased model may still have a large
mean-squared-error (i.e. a large prediction error) if it has a large variance. By
introducing a small amount of bias, the variance can be significantly reduced, as
[?] explains. Introducing bias is equivalent to restricting the remove degrees of
freedom. An example of it is lowering the order of a polynomial. Ridge regression
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does not explicitly remove degrees of freedom but instead reduces the flexibility of
the model, what makes it less sensitive. It augments the sum-squared-error with
a term that penalizes large weights,
Sc =

p
X
i=1

(ŷi − f (xi ))2 + λ

m
X

ωj2 .

(36)

j=1

Parameter λ is called regularization parameter, and controls the balance between fitting the data and avoiding the penalty.
Function newrb is used in MATLAB® to create and fit a radial basis network.
Radial basis networks are created iteratively one neuron at a time. Neurons are
added to the network until the sum-squared error falls beneath an error goal or a
maximum number of neurons has been reached. MATLAB® only uses a Gaussian
radial basis function. The spread or width σ (assumed to be the same for all the
points) of the Gaussian function is another parameter to be adjusted so that an
optimal performance of the RBF is observed. These two parameters, in addition
with the training set, are the inputs for the newrb function. However, no consideration of regularization is included in newrb but it can be included with function
msereg. In spite of it, here it is preferred to write an own code. In listing C a
detailed description of it is presented.
Before, a short deduction of network weights estimation is introduced. A complete formulation is given in [?] From equation X, if regularization is considered,
corrected sum-squared-error equation is obtained, 36. Minimizing it results in
p

X
∂f
∂Sc
=2
(xi ) + 2λwj
(f (xi ) − ŷi )
∂wj
∂wj
i=1

(37)

HT f + Λŵ = HT ŷ

(38)

that leads to

where Λ is a diagonal
 matrix such that
 Λjj = λj , j = 1 . . . m, and is a matrix
>
of vectors where h = h1 (xj ), . . . hm (xj )

0.18.3

Other models

From an optmization perspective, beyond good generalization, the metamodel
should permit relatively straightforward computation of an error measure, this is
another function of x that quantifies our confidence in the values predicted by ϕ,
[?]. Using RBF lets just a single parameter to be defined, σ.
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0.18.4

Why choosing RSM and RBF?

The linear7 character of RBF networks results in two main advantages, as
mathematics are kept simple (linear algebra) and the computations are relatively
cheap (there is no optimization of its parameters by general purpose gradient
descent algorithms or GA), [?]. Equations for the optimal weight values w are
solved based on least squares. The same does not apply for nonlinear models, such
as MLP, which require iterative numerical procedures for their optimization.
Neural networks or Gaussian processes, which have non-linear coefficients, may
be difficult to understand

0.19

Generating data to fit the metamodel

As it is indicated in the introduction, metamodelling involves choosing an experimental design for generating the initial data with which to fit the model parameters. A design of experiments (DoE) represents a set of computationally
expensive evaluations to be performed, expressed in terms of design variables set
at specified values.
Originally conceived for physical experiments, DoE

0.19.1

Classical vs modern DoE

In standard (classical) design of experiments (DoE) methods, it is assumed
that the data come from physical experiments where exist a random error. This is
the main difference when computer experiments are considered, as a deterministic
computer simulation (if the same criteria of convergence is imposed) has no random
error (see section 0.18). Much of the effort in classical DoE is on minimizing the
effect of uncontrolled factors by careful blocking and randomization of run order.
In [?] an illustrative explanation of why putting samples at the extremes of the
design space helps to minimize random error effect. Classical DoE approaches are
Central Composite Design, Box-Behnken design or full− and fractional−factorial
designs. An extense description of this methods may be looked up at [?].
In computer experiments (modern DoE), nevertheless, it is tended to place
samples on the interior of the design space in what is often called ‘space-filling’
designs. Orthogonal array sampling or Latin hypercube sampling (LHS) are examples of modern DoE techniques.
Generalization property of the metamodels leads to an initial sampling plan
that gives as uniform a coverage of the design space D as possible. The objective
7

A RBF network may be nonlinear if more than one hidden layer is considered, or if the basis
functions can move or change size, [?]
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of this initial data set is to vie a general idea of how does the ‘landscape’ look like,
i.e. multi-modality or general trends, and to determine which variable effects are
negligible in the response.
In this project LHS, which are actually proposed specifically for analysing the
output from deterministic computer simulations [?], are used to generate the initial
data base used for training the metamodels.

0.20

Prediction error assessment

Although metamodels enable faster analysis than the original complex computational models do, the metamodel approximation introduces a new element of
uncertainty that must be managed. Inadequate approximations may lead to bad
designs or inefficient search for an optimum, [?]. Consequently, there is a need to
develop efficient methods to evaluate metamodel fit. Residual analysis provides
inexpensive quantitative measures for assessing how well a model fits a set of data
by measuring the deviations of the sample points from the fitted curve. When
metamodels are based on interpolating functions, there are no deviations between
the sample points and the approximating function. Thus, an alternative is required. This is commonly achieved by comparing the true response values with
the values predicted using an additional set of new data (validation or test data
set). Another option less expensive is the leave-one-out (LOO) cross-validation
technique.
Using an extra data set at untried (i.e. different from initial data set) locations
is the most reliable way of validating the metamodel, but the involved computational cost of this approach is still high (even when an optimal selection of these
points is performed). In fact, one would prefer using the expensive validation
samples to build the metamodel instead of holding them back for validation purposes, [?]. LOO technique is based on using existing data without requiring extra
simulations.
Starting from an initial data set Γ defined as equation 23, with N different
initial data points,
the leave-k-out approach splits N into all the possible subsets

N
of size k, k , which are left out, and fitting the metamodel with each of the
remaining set. In particular, when k = 1, it is translated into dividing N into a
subset of N − 1 points (training set) to fit the metamodel, and a subset of size 1
which is left out to compute the cross-validation error measure. Cross-validation
error is the difference between the metamodel prediction (based on N − 1 points)
and the actual value at the omitted design point. Such procedure is repeated
N
= N times. This method is called leave-one-out.
1
For linear regression, the cross validation with k = 1 is known as the prediction
error sum of squares (PRESS). The main advantage of LOO for linear models such
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as RSM or RBF networks is that it can be calculated analytically as
PN
2
P RESS = σ̂LOO
=

i=1

yi − ϕ(xi )(LOO)
N

2

(39)

being ϕ(xi )(LOO) the prediction of the metamodel for the i-th point when it
has been trained on the N − 1 other initial points, and yi is the actual value at
the i-th point. From equation 39 a prediction R-squared coefficient (Rp2 ) may be
defined
Rp2 = 1 −

P RESS
SST

(40)

Equation 39 can be reformulated when RBF networks are considered, see [?]
2
σ̂LOO
=

0.21

ŷT P(diag(P)−2 Pŷ
N

(41)

Online optimization. Adaptive sampling design

As the initial metamodel may have some inaccuracies and it strictly depends
on the initial sampling plan, enhancement of the metamodel is needed to develop
the optimization procedure. The initial data sample, which is independent of the
design space dimensionality and of the nature of the selected metamodel, only gives
a poor description of the model response. Thus, the idea is to introduce more points
by incorporating function knowledge, increasing the sampling intensity where it
is required. Since the cost of an accurate evaluation (CFD simulation) is high,
interest of taking the most benefit of each data point is of maximum importance.
Therefore, the initial data sample usually is restricted to few points, while saving
the computational effort for adding sequentially new points.
Which new ‘infill’ points should be chosen is the question to be answered.
The simplest solution is to place the point(s) at the minimum of the metamodel.
However, in multi-modal landscapes this may well not be the global optimum. If
the current optimal point is the only point to be added, the estimated optimal tends
to converge to a local extreme point, [?]. So, a method to escape from this local
minimum and explore other areas of the landscape is demanded. Sampling needs to
be focused on regions of high potential for a single or multiple optima while, at the
same time, assigned to regions where the surrogate shows signs of poor accuracy.
This is closely related to areas where less points are included. It is important to
get well balanced samples providing both local and global information.
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Different strategies are available to carry out this task. Kleijen and Van Beers
[?] propose an algorithm that, after the first metamodel is fit, iterates by placing a
set of points using a space filling scheme and then choosing the one that maximizes
the variance of the predicted output. Variance is related to ‘bumpiness’ of the
response surface. Gutmann [?] points out that the new point has to be the one
that yields the least bumpy region of the response surface, because if the surface
is very bumpy, it is less probable that the global minimum is found there. A
good measure of the bumpiness of the response is the variance of it, so the new
point is chosen to minimize it. In [?] direct search of the optimal point is stressed
instead of improving the response where worse prediction is obtained. Jones et al.
[] introduce the efficient global optimization (EGO) algorithm in which the next
point to be sampled is the one that maximizes the expected improvement. Other
references a discussion about what strategy is adopted for this crucial optimization
step is included are [], [] or [].
Here, following [?] philosophy, two kinds of additional samples are taken at the
same time for retraining the metamodel. The algorithm is explained in 9. One of
them is selected from a neighborhood of the current optimal point in order to give
local information near the (estimated) optimal point. If not, the optimal point
itself is chosen. However, even when simpler the latter, it is considered better
to choose a different one to reduce the risk of being trapped in a local optimum.
The size of the neighborhood is controlled during the convergence process. It is
labeled as Si . The other one is selected where less information is at disposal of the
metamodel learning. This is related to where more prediction error is observed.
Prediction error is estimated by the leave-one-out technique, section 0.20.
The neighborhood of the current optimal point is defined by an hypersphere of
dimension k. The center of the hypersphere is the current optimal point, whilst the
radius is r. If S0 is an initial hypersphere, centered at the current optimal point,
Si is shrinked from S0 according to the number no of optimal points appeared in
S0 in the past. It is,
1
(42)
no + 1
where r0 is the radius of the initial hypersphere. The first additional data is selected inside the hypersphere Si randomly. Function randsphere in in MATLAB®
is used to generate a random sample of points in Si . As this function is defined
for an hypersphere centered at the origin, the source code needs to be rehashed.
A hypersphere centered at the origin is created and a random set of Ns points
inside it is generated. The distances from these points to the center are computed,
and these are used to determine the equivalent points around the current optimal
point. Function code is detailed in 1.
The second one is selected in an area in which maximum prediction error is
r = r0
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observed. First the point in the current sample for which maximum error exists
is selected. Around it a random set of points is generated, and the random poit
that implies the maximum minimal distance to any point in the current sample is
chosen as an additional data to reinforce global search. Function code is described
in 2.
Algorithm
1. Evaluate the initial sample {x1 , x2 , . . . xN } through computational simulation analysis
while (iPoint < nmax ) or (error of prediction > p )
extra2. Fit the metamodel (surrogate model)
extra3. Evaluate metamodel accuracy (error of prediction)
extra4. Estimate an optimal point by surrogate-based GA
extra5. Count the number of optimal points appeared in the past in Si (= no )
extraif (no < nomax )
extraextra6. Select an additional data near/or the current optimal value, inside Si
extraend
extraif (error of prediction > p )
extraextra7. Select another additional data where data density is low
extraend
extra8. Evaluate the new data points and add to the current sample
extra9. iPoint = iPoint + 1
else
extrabreak
end

Table 9: Pseudo-code of sequential metamodel construction

Listing 1: newPointLocal function implementation in MATLAB®
1
2
3
4
5
6

% Subroutine to select a point in a neighborhood of the current optimal
% point. Function is based on origin−centered randsphere and \cite{Nakayama}
% Inputs: currentOptimal, numberOptimals, nV
% Calls: −
% Outputs: pointLocal
function pointLocal = newPointLocal(currentOptimal, numberOptimals, nV)

7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

numberVariables = nV;
numberPoints = 50;
initialRadius = 0.1;
radius = initialRadius*(1/(numberOptimals + 1));
% Generate 'numberPoints' random samples. Each sample = [numberVariables]
crudeSample = randn(numberPoints,numberVariables);
% Compute distance
distance = sum(crudeSample.^2,2);
% Transform crudeSample into sample inside hypersphere of radius 'Radius'
auxVar = (gammainc(distance/2,numberVariables/2).^(1/numberVariables));
localSample = crudeSample.*repmat(radius*auxVar./sqrt(distance),1,numberVariables);
% Random selection of a point inside hypersphere
auxPointLocal = localSample(randi(numberPoints,1,1),:);
% Transform selected point into point around current optimal
pointLocal = currentOptimal + auxPointLocal;
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Listing 2: newPointGlobal function implementation in MATLAB®
1
2
3
4
5
6

% Subroutine to select a point in a neighborhood of the current optimal
% point. Function is based on origin−centered randsphere and \cite{Nakayama}
% Inputs: currentSample, predictionError, nV
% Calls: −
% Outputs: pointGlobal
function globalLocal = newPointGlobal(currentSample, predictionError)

7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39

numberPoints = 50;
radius = 0.1;
[sizeSample, numberVariables] = size(currentSample);
% Select the point in currentSample where maximum prediction error is observed
[¬, indices] = sort(predictionError);
indexMaximumPredictionError = indices(sizeSample);
maximumPredictionError = currentSample(indexMaximumPredictionError, :);
% Generate 'numberPoints' random samples. Each sample = [numberVariables]
crudeSample = randn(numberPoints,numberVariables);
% Compute distance
distance = sum(crudeSample.^2,2);
% Transform crudeSample into sample inside hypersphere of radius 'Radius'
auxVar = (gammainc(distance/2,numberVariables/2).^(1/numberVariables));
auxGlobalSample = ...
crudeSample.*repmat(radius*auxVar./sqrt(distance),1,numberVariables);
globalSample = maximumPredictionError + auxGlobalSample;
%
% Determine the point in globalSample with the maximum minimum distance to
% any point in currentSample
d = zeros(sizeSample);
minDistance = zeros(numberPoints);
for iPointInGlobalSample = 1:numberPoints
i = iPointInGlobalSample;
for iPointInCurrentSample = 1:sizeSample
j = iPointInCurrentSample;
d(j) = sum((currentSample(j) − globalSample(i)).^2,2);
distanceToCurrentSample = d;
end
minDistance(i) = min(distanceToCurrentSample);
end
[¬,indices] = sort(minDistance);
indexMaximinDistance = indices(numberPoints);
globalLocal = globalSample(indexMaximinDistance,:);

0.22

Global sensitivity analysis. ANOVA

It is observed that as the number of variables involved in the construction of
the metamodel increases, the number of simulations required for its training rises
exponentially. This effect is known as the ‘curse of dimensionality’. Such problem
can be overcome if the variables which effect is negligible on the response are
deleted. To evaluate the importance of the variables sensitivity computation is
proposed.
If a model is described by a function y = f (x), where x = (x1 , x2 , . . . xk ) refers
to the set of design variables defining a point in a k−dimensional design space, and
y is the model response, the sensitivity of a response y0 with respect to the design
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∂y
|x=x0 .
variable xi , i = 1 . . . k, is usually derived from the partial derivative ∂x
i
This is known as local sensitivity, opposite to global sensitivity approach, which
considers the model f (x) instead of an specific point x0 . In this way, it becomes
into a tool for studying the mathematical model rather than its given solution y0 .
The Analysis of Variance (ANOVA) is a global sensitivity analysis that quantify
the amount of variance each design variable (input factor) contributes with on the
unconditional variance of the output, V (y). Different methods can be considered
to perform the ANOVA test. Sobol’ indices is applied in [?] and [?]. This method
is implemented also in this project.
The objective is to reduce the amount of error observed in the response y
because of the error in the input variable xi , so comparing the variance of the
output with the ‘variance of expected value of y given xi ’ is used as an indicator
of the sensitivity of y to xi . The former is called total variance, while the latter is
known as partial variance

Si =

V (E[y|xi ])
V (y)

(43)

with Si named first order sensitivity index. It does only measure the main effect
contribution of each input variable on the output variance, but not the interactions
between input factors. Sobol, [?], introduced the first order sensitivity index by
decomposing the model function into summands of increasing dimensionality
f (x) = f0 +

k
X

fi (xi ) +

i=1

k
k
X
X
i=1 j=i+1

fij (xi , xj ) + · · · + f1...k (x)

From the terms of equation 44, the total variance is defined as
Z
f 2 (x)dx
V (y) =

(44)

(45)

Ωk

and the partial variances as
Z
V (E[y|xi ]) =

fi2 (xi )dxi

(46)

xi

where
Z
fi (xi ) =
Ωk−1

f (x1 . . . ...xk )dx1 . . . dxi−1 dxi+1 . . . dxk − f0

(47)

with Ωk the input space and f0 the expectation of the output, E[Y ]. It is
observed that sensitivity indices Si involve multidimensional integrals. The integrals in equations 45 and 46 can be computed with the Monte Carlo integration
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methods. In [?] an estimation of the total output variance V̂ (y) and each partial
first order variance V̂i are given as
∗

N
1 X 2
f (xm ) − fˆ02
V̂ (y) = ∗
N m=1

(48)

and
∗

N
1 X
(M 1)
(M 1)
(M 2)
(M 1)
V̂i = ∗
f (x∼im , xim )f (x∼im , xim ) − fˆ02
N m=1

(49)

with fˆ0
∗

N
1 X
ˆ
f0 = ∗
f (xm )
N m=1

(50)
(M 1)

Two sampling matrices X(M 1) and X(M 2) are required, both of size N ×k. X∼im
is the full set of samples from matrix X(M 1) but the i−one. Matrix X(M 1) is usually
called the data base matrix while X(M 2) is called the resampling matrix, [?]. Data
base matrix is also used for computing V̂ (y). Obtaining these expressions is out
of scope of this thesis. For a complete deduction of each term, see [?].
Sensitivity indices involve multivariate integrals so, as indicated in equation 48
to 50, they are estimated by the Monte Carlo integration equations. Parameter N ∗
needs to be set to compute this estimations. The right number of N is problem
dependent, and in [?] a value of N ∗ = 2000 is considered as adequate. Such
order of magnitude makes it impractical when time-consuming model evaluations
are observed. Here metamodels are used to replace computationally expensive
evaluations, hence this is not an inconvenient in the global sensitivity analysis.
A similar approach is presented in [?], where tensor product basis functions are
introduced to express any model function. Different strategies are available to
create the two necessary samples of size N ∗ . Data base matrix X(M 1) is created
here based on a Latin hypercube sampling plan. Matrix X(M 2) is generated as a
quasi-random design, using function sobolset from MATLAB® , which constructs
a Sobol quasi-random point set. Multiple run are recommended to be done, both
with the same and different value of N ∗ before conclusions about the indices are
achieved.
Listing 3: anovaTest function implementation in MATLAB® (Si )
1
2
3

% Subroutine to perform ANOVA test based on Sobol' indices estimation. See
% \ref{SaltelliMomma}.
% Inputs: metamodel, N_asterisco, numberVariables
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4
5
6
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% Calls: plotANOVA
% Outputs: resultsANOVA
function resultsANOVA = anovaTest(metamodel, N_asterisco, nV)

7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

sizeSample = N_asterisco;
numberVariables = nV;
% Generate Monte Carlo integration sampling matrices. M1 is the data base
% matrix. M2 is the resampling matrix. M1 is generated with a Latin
% hypercube sampling plan. M2 is a Sobol−quasi−random point set.
M1 = lhsdesign(sizeSample, numberVariables, 'iterations', 10000, 'criterion', ...
'maximin');
auxM2 = sobolset(numberVariables, 'Skip', 1000, 'Leap', 100);
M2 = net(auxM2, sizeSample);
% Evaluation of samples M1. Evaluation of M2 is not required
y1 = metamodel(M1);
% Monte Carlo estimation of f_0
f_0 = mean(y1);
% Monte Carlo estimation of output variance V(y)
v = var(y1,1);
% Monte Carlo estimation of first order partial variances V_i and first
% order sensitivity indices
vi = zeros(numberVariables,1);
Si = zeros(numberVariables,1);
for iVariable = 1:numberVariables
M2_i = M2;
M2_i(:,iVariable) = M1(:,iVariable);
y2_i = metamodel(M2_i);
vi(iVariable) = (1/sizeSample)*sum(y1.*y2_i) − f_0^2;
% Sensitivity indices
Si(iVariable) = vi(iVariable)/v;
end

The total sensitivity index STi is defined as the sum of all indices relating to
xi , so not only the first order but higher orders (i.e. two-factors interaction, threefactors interaction and so on) are included. To obtain the total sensitivity index
for variable xi , [?] proposed just to calculate its complementary index Sci based
on the subdivision of the set of input variables into two subsets, one containing
the variable xi and the other containing its complementary set

where Sci is defined as

Vci
.
V (y)

STi = 1 − Sci

(51)

An estimation of Vci is

∗

N
1 X
(M 1)
(M 1)
(M 2)
(M 1)
V̂ci = ∗
f (x∼im , xim )f (x∼im , xim ) − fˆ02
N m=1

This is attached to the source code of anovaTest function as
Listing 4: anovaTest function implementation in MATLAB® (STi )
38
39
40
41

% Total order sensitivity indices
vci = zeros(numberVariables,1);
Sti = zeros(numberVariables,1);
for iVariable = 1:numberVariables

(52)
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M1_i = M1;
M1_i(:,iVariable) = M2(:,iVariable);
y1_i = metamodel(M1_i);
vci(iVariable) = (1/sizeSample)*sum(y1.*y1_i) − f_0^2;
% Sensitivity indices
Sti(iVariable) = 1 − vci(iVariable)/v;

42
43
44
45
46
47
48

end
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Two-dimensional nose shape
optimization
0.23

Introduction

A two-dimensional...
When using polynomial response surface models, the ‘curse of dimensionality’
has to be faced. As the number of design variables become large, the number of
design points required to construct the metamodel greatly increases. Then it is
necessary to remove those parameters that are less significant in the output. In
section 0.22 ANOVA technique is introduced. Expressions to estimate the effect
of each design variable in the model response are given.

0.24

Optimization methods

As it has been indicated, the objective is to geometrically optimize the nose
of a high-speed train by minimizing its drag coefficient when it is exposed to a
frontal wind. This single-objective optimization problem can be defined by5
Minimize
subject to

f (~x)
gj (~x) ≤ 0
hl (~x) = 0
xli ≤ xi ≤ xui

j = 1...m
l = 1...n

(53)

i = 1...k

being ~x the vector of design variables and f (~x) the objective function. The
optimal design minimize this function. The inequality and equality constraints
represent respectively constraints to be satisfied by the optimal candidate and
relations between its design variables. In this case, f is the drag coefficient CD
and x is the nose geometry design defined as a set of design variables or parameters.
There is a large variety of optimization methods to solve this problem, which
can also be classified in terms of different conditions. A common way to categorize
65
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the optimization algorithms is depending on the order of derivatives of the objective function used. This is, depending if their search is based on on evaluations of
the objective function or gradient information. Zero-order methods, such as random search, simulated annealing and evolutionary algorithms (among which GA
are included) use only the function values in their search for the minimum, while
first and second order methods use respectively the first and second derivatives,
commonly known as gradient methods and Newton method. Although the latter
are more precise, they require some gradient information of the objective function, which can be a numerically intensive task, especially if the number of design
variables is large and if one single evaluation is numerically expensive5 . Moreover,
the reliability and success of gradient methods generally requires a smooth design
space and the existence of only a single global extremum, or an initial guess close
enough to the global extremum that will ensure proper convergence6 . Among the
former, GA have become most popular in aerodynamic optimization problems,
[?], [?]. However, as the number of design variables increase, the computational
cost involved in the search of the optimal design dramatically extends. A solution
to this problem is to consider first order methods in which sensitivities (gradient of the objective function) are evaluated with an adjoint approach instead of
computing it by finite differences. This alternative is known as Adjoint methods.

0.24.1

Genetic algorithms (GA)

Figure ?? shows schematically how the GA works. In order to stop the iterative
process, a convergence test according to a prefixed stopping criteria is done after
every new population is evaluated. If this is satisfied, it ends the cycle. Otherwise,
it continues until convergence is observed.
Each individual is defined as a codified structure. The most common way to
represent each one is by binary code, so an individual is a bit string. This string is
created by concatenating a number of genes, being each one the codification of each
design variable. Therefore, it is necessary to represent each possible optimal design
(i.e. a high-speed train nose shape) as a design vector. The design vector consists
out of parameters that define the shape of the geometry. These parameters, and
their respective range, must be chosen carefully so that any geometry candidate
to optimal is represented by them, while keeping its number as low as possible in
order to reduce the design space and help the optimal search.
The objective function evaluation is the most crucial task in a GA performance.
The time it takes to carry out all the evaluations the algorithm needs to reach an
optimal design will determine the efficiency of it. The total number of evaluations is
directly related to the population size and the number of generations. It is obvious
that the population size should be large enough to guarantee a satisfactory genetic
diversity, which is essential to the GA because it allows the algorithm to search
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a larger region of the design space10 . Thus, to cut down the time cost without
affecting significatively the population size, surrogate models (metamodels) are
constructed from and then used in place of the actual simulation models.
A schematical representation of the whole optimization scheme applied in this
paper is shown in figure 24. A more detailed analysis of it is presented in the results
section. Within the GA flow chart from figure ??, these two tasks (individual
codification and metamodel working) are included. In the following sections the
parametric design of each individual and a introduction about the metamodels
utilized in this study are introduced and developed deeply.

0.24.2
as

Adjoint methods

In most optimization methods, a new design is defined from the previous one

xi+1 = xi + αi · Si

(54)

where at the i−th iteration design xi+1 is a new optimal candidate based on
previous guess xi . Si is the search direction and αi is a scalar defining the amplitude
of change in the search direction, [?]. First order methods use the first derivative
of the objective function to lead the optimum search. Thus, the search direction
is defined as
Si = −∇f (x)

(55)

because the method proposes a new candidate in the direction where the objective function is decreasing the most. The evaluation of the gradient of the
objective function may be performed by evaluating the objective function with a
small perturbation of each design variable (finite differences) or with an adjoint
approach. The former involves a computational cost of n+1 numerical simulations
(i.e. calls to CFD software), where n is the number of design variables. However,
with adjoint methods, the cost of a sensitivity computation is independent of the
number of design variables. It avoids the aforementioned computational cost as it
requires only two simulations, one of the flow field and one of the adjoints. Another important characteristic of adjoint methods is that the derivatives (of the
objective function) with respect to the geometric shape of the system are found,
what clearly helps shape optimization.
Shape optimization techniques using the adjoint-based approach were significantly developed by Pironneau, [], and Jameson, [].
There are two different strategies to use the adjoints in CFD. These two approaches are the continuous or the discrete one. The continuous way formulates
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an adjoint partial differential equation system and the adjoint boundary conditions derivation. After that, both get discretized and numerically solved. The
discrete approach starts from the linearization of the discretized primal equations
and transforms them into the corresponding adjoint equations. Thus, this strategy
is not based on the form of the differential equations governing the flow but the
actual discretized form of the equations used in the flow solver, [?]. In [?], adjoint
methods based on continuous approach are considered, as Othmer proposes in [?]
for ducted flows. In the ANSYS FLUENT Adjoint Solver user guide, a clarifying
explanation of both methods is included. The continuous approach presents a potential flexibility of discritizing and solving the partial differential equations which
may become into a pitfall as inconsistencies in modelling, discretization and solution approaches can affect the sensitivity information. For this reason, the discrete
adjoint approach is applied in ANSYS FLUENT Adjoint Solver and in this project.
Othmer also uses discrete approach for automotive aerodynamic optimization, [?].
We may interpret R2 as the proportioinate reduction of total variation associated with the use of independent variation. The Ra2 adjusts R2 by dividing each
sum of squares by its associated degrees of freedom in order to account for the
number of independent variables in the model. The value is considered to be too
small to provide a confident prediction. Since an adequate expression function is
not available , the present study explores the use of RBF as an alternative.
The GA proposed by Holland is a meta-heuristic (a heuristic that uses another
heuristic) to solve an optimization problem. Gas cause the initial
Individuals from a (current) population are selected within a given probability.
This selection is based on their relative fitness, i.e. they compete and the better
the more probability to be selected. Selected individuals are subjected to crossover
and with a low probability, also to mutation.
The crossover rate is 0.9, meaning that the 90 % of the new generation is
formed by mixing two parents, and the rest 10% is copied from a single parent.
The mutation rate is 0.02, meaning that each variable has a 2% chance of mutation.

0.25

Analysis of sensitivities

Understanding these sensitivities can provide an extraordinary valuable engineering insight. A system that is highly sensitive may exhibit strong variability in
the performance due to small variations in manufacturing or variations in the environment in which it is operating. Alternatively, high-sensitivity may be leveraged
for fluid control, with a small actuator being able to induce strong variations in
behavior, [?]. Furthermore, regions of high sensitivity are indicative of areas in the
flow where discretization errors may have a potentially notable effect. Thus, it is
necessary to focus meshing efforts in these areas to improve flow solution precision.
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Once the adjoint solution is converged, the derivative of the objective function
with respect to the position of each and every point of the body surface is available.
From it, the sensitivity of the observation to the boundary is computed.
Once the adjoint is computed, it can be used to guide a smart geometry modification in order to optimize the design performance. The effect of changing the
geometry shape on the observation (i.e. objective function) is provided. The idea
is to introduce changes where the performance can be altered strongly by small
modifications. Thus, areas of high sensitivity are chosen as they are more effective.
This is related to the basic idea of gradient methods, where the search direction is
defined as those that introduces the most decreasing of the objective function.

0.26

Numerical set-up

The turbulence model selected is the k−ω SST model implemented in FLUENT. It is a variant of standard k−ω model, which is a two-transport-equations
model solving for k and ω, where k is the A, and ω the specific dissipation rate
(/k) based on Wilcox (1998). The modification from the original Wilcox model
is that the SST model combines the former for use near walls, and standard k−
model away from walls, using a blending function, [?]. This model is considered
to demonstrate superior performance for wall bounded and low-Re flows. It shows
potential for predicting transition. As the standard k−, it is suitable for complex
boundary layer flows under adverse pressure gradient and separation, as it is observed in external aerodynamics. Nevertheless, transition prediction is considered
to be excessive and early.
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Three-dimensional nose shape
optimization
0.27

Introduction

The values of the drag coefficient for the 80 geometries included in the initial
DoE are indicated in figure 14. The observed spread of the drag coefficient all along
the initial data set shows the diversity of the geometries englobed in the DoE. The
mean value is 0.161, while ICE 2 geometry presents a drag coefficient of 0.166,
what indicates that the reference geometry is very close to the mean performance
of the design space. This confirms the choice of the range of the design variables.
The best and worst design are represented in figure F.

0.28

Shape optimization using the adjoint method

One of the requirements when using GA for shape optimization is the parameterization of any optimal candidate by a set of design variables. The computational
cost of the complete optimization process directly depends on the number of design variables (or dimensionality of the design space), as it is observed in section
A and B. An adjoint approach is a good alternative method to reduce the computational cost of the shape optimization. In chapter C, it is explained that each
optimization step consists just on two solver calls, and the optimization method
is independent of the number of design variables. Such characteristic is clearly
a promising feature when dealing with complex geometries that would involve a
large number of design variables.
Here we consider the adjoint method for the shape optimization of the nose
of a high-speed train subjected to front wind. The objective is to compare the
capabilities and computational cost of this method with respect to the GA. The
numerical set-up and the work-flow are indicated in this section. The results and
the observed shape modification trend are explained as well. The description of
the basics of the method are already introduced in chapter C.
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Figure 14: Drag coefficient values for the 80 geometries included in the initial DoE.

0.28.1

Methodology

Geo(i)

Meshing

ANSYS−
r
FLUENT°

Primal simulation

+
Dual simulation
Sensitivities determination
i=i+1

=

Geometry
deformation

Geometry reconstruction
r
CATIA°

Figure 15: Work-flow for Adjoint solver. Outside the default ANSYS-FLUENT® work-flow,
we include the CAD software for the geometry reconstruction before re-meshing the deformed
geometry.

The methodology considered to optimize the high-speed nose using the adjoint
method is represented in figure 15. The optimization process consists on determining the sensitivity of the objective function with respect to the design variables
(geometry). This information permits obtaining a map across the train nose sur-
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face of the effect of modifying the surface. A gradient method uses this map to
determine where to modify the surface. Actually, if X is the vector of grid points
coordinates, which depends on x, the adaptation is introduced at the mesh X(x),
so that the nodes of the mesh are either stretched or contracted. The result is
a deformation of the geometry. The preprocessing and the operations aforementioned are run within ANSYS-FLUENT® . The mesh morpher implemented in the
software permits closing the loop and solve iteratively the optimization process.
However, we observed that the convergence of the simulations was influenced by
the quality of the deformed mesh, and after several iterations this quality had decreased considerably. In consequence, at each optimization iteration the deformed
geometry is exported and reconstructed in CATIA® before an accurate meshing
is performed. The meshing process does always follow the same methodology. In
this way we ensure the grid independence in the optimization process.

0.28.2

Numerical set-up

(a)

(b)

Figure 16:

(a) Computational domain and some of the most relevant boundary conditions.
The inlet, outlet, ground and control volume are labeled. The flow direction is given by the
arrow at the inlet. In (b) a detail of the control volume is given. The tangency between the
frontal face of the control volume and the nose tip is observed in this figure.

The computational domain is represented in figure 16. Some of the boundary
conditions are also indicated. The inlet is placed 11h upstream the train head,
where h is the train height, the outlet is 5h far from the nose tip and the lateral
walls are 7h far from the train longitudinal symmetry plane. The top is 9h from the
ground. The domain boundaries do not interfere with the flow around the vehicle
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(a)

(b)

Figure 17: Details of the mesh used for the numerical simulations.
and are in good agreement with the European normative, [1]. The flow direction
is indicated by an arrow in the figure 16. A constant velocity U∞ of 50 m s−1 is
used at the inlet of the computational domain. Uniform pressure is imposed at
the outlet, and symmetry condition is set at the sides and top of the domain. The
ground is moving with U∞ . The Reynolds number based on the inlet velocity and
the train height is ∼1.3×107 . An incompressible, steady, turbulent flow simulation
is considered. The k − ω SST turbulence model is used, with second order upwind
momentum discretization scheme. The standard wall functions implemented in
the CFD software are used at the ground and on the train surface. y + = uτ y/v,
where uτ is the wall friction velocity and v is the kinematic viscosity of air, is fixed
to 100. ∆x+ in terms of wall units y + is 25-250. A grid-independence analysis was
performed, and the resulting computational mesh is given in figure 17.
Related to the dual solver call, preconditioning is imposed. The Courant number is set to 0.1. The objective function with regard to the aerodynamic drag
was defined just for the nose of the train because this is the train zone subject to
modification. The scaling factor that controls the magnitude of the shape modification is 0.1. A rectangular control volume encloses the boundary whose shape
is to be modified. The dimensions of this box are 6×5×5 m. In order to keep
constant the nose length, the box is set tangent to the nose tip (see figure 16(b)).
Therefore, this point will be fixed. As the control volume intersects the car body,
the cross-sectional area of the train is also kept constant. In this way we ensure
neither nose enlargement nor reduction of the car body frontal area.
The initial geometry to be optimized is a smooth model of the leading control
unit of the ICE 2. This is known as the Aerodynamic Train Model (ATM) and is
widely accepted among the train aerodynamics community as a reference geometry,
[27] or [13]. Train elements like the pantograph, the bogies, the partial bogies
skirts, the plough underneath the front-end or the inter-car gap are not included
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in the ATM model. Only half a train is considered, and the tail of the train is not
simulated.

0.28.3

Results

The solver is run initially without sensitivity updates to obtain a steady solution for both the primal and dual simulations of the original ATM train model.
Then, the sensitivity information is used to introduce the first deformation of the
nose shape. Six successive optimization steps are considered. Each of the geometries created is simulated until convergence. The evolution and reduction of the
aerodynamic drag compared with the initial design are plotted in figure 18. A
reduction with respect to the ATM of 7.2% is achieved. A deeper convergence of
the objective function minimization could be observed; nevertheless a significant
aerodynamic drag reduction is achieved within the fourteen solver calls compared
to the computational cost of traditional optimization methods to achieve such improvement. It is important to remind that the main objective is to analyze the
capability of this tool for the aerodynamic shape optimization of a high-speed
train.
No convergence criteria as mesh quality degeneration is considered, because at
each optimization step, the mesh is generated from scratch (although the same
meshing strategy is adopted for all the cycles). The adjoint solver tool does not
contemplate the possibility of introducing a volume restriction in order to avoid
either unrealistic geometries. Therefore, even when reducing the aerodynamic
drag, we adopted as a stop criteria of the optimization process the point at which
successive nose changes would evolve into a geometry that could not respect the
volume required for the end coupler, the crash structure or the driver cabin, [63].
The values of the drag coefficient are given for just the nose. We extrude the
car body cross-section to the end of the computational domain, so that we remove
the need to treat the wake in the computation. Although a train operates with a
symmetry in head and tail (i.e. the shape of the nose and the tail is the same),
we focused on the nose for the optimization problem. In this way, we considered
the same reference tail and solved the optimization problem comparing just the
performance of the nose. A further study could be the optimal design of the nose
considering both the response of the train head and tail.
The evolution of the geometry of the train nose is represented in figure 28 and
21. The lateral view and the top view are given for the successive six optimization
steps. The two-dimensional comparison of the nose profile helps the analysis of
the nose profile evolution along the optimization process. It is observed that the
extreme point of the nose is kept fixed, letting on one side the roof, windshield
and hood, and on the other side the underbody shape to be modified. The control
volume limits the displacement of the car body transition point in order to keep
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Figure 18: Convergence history of the drag coefficient CD .
the nose length in the European standards of around 6 m length. In figure 21, the
color map of the static pressure distribution on the surface of the original ATM
geometry is given in figure 20, and in the figure 21 the pressure distribution on the
train surface for the six optimization steps is also plotted. The pressure range for
21 is the same as in 20. A large region of high positive pressure is observed at the
nose tip, where the stagnation point is easily recognized. On the other hand, low
negative pressure is visible at the transition between the nose and the car body,
where the flow is accelerated. No flow detachment is observed, as it was expected.
Nevertheless, this low negative pressure region is intended to be reduced. The
lateral air flow around the A-pillars is accelerated and a low negative pressure
distribution is observed in this region. Therefore, the geometry changes in the
first iterations should aim to reduce the high positive pressure area at the nose tip
while inducing a more uniform pressure distribution all along the nose front.
These indications are observed in the next two iterations. The nose has been
lengthened and the curvature of the roof has been modified so that the deflection
of the flow has been reduced. Simultaneously, the bluntness of the nose has been
decreased, shrinking the nose shape as it can be deduced from the top views
of geometries #1 and #2. The high positive pressure at the nose tip has not
been notably reduced because the shape of the nose tip remains constant. The
consequence is the introduction of two bumps close to the tip.
The evolution to a slenderer nose is evident in the next step (#3). However,
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the restrictions imposed by the control volume, which fixes the cross-sectional area
of the car body and the nose length, limit the changes. The tangency of the control
volume with the tip of the train nose provokes that any deformation of the shape
in the proximities of the tip is attenuated. Meanwhile, the intersection of the
control volume and the car body imposes the original cross-sectional area to be
kept constant and the result is a rough transition between the original car body
and the deformed nose. The flow is more deflected and a positive pressure zone in
the upper side of the train nose and a low pressure zone in the roof are observed.
Another consequence of these restrictions and the evolution of the nose geometry
is the introduction of a hump at the hood of the nose. Such hump is responsible of
the positive pressure zone aforementioned while, at the same time, slightly extends
the high pressure zone associated to the stagnation point and accelerates the flow
along the hood.
The intensity of the hump is successively (#4 to #6) slowed down until a
smooth nose profile is obtained. At the same time, the protuberances close to the
nose tip are attenuated and the car body transition is softened. The underbody
has also been modified during the last iterations, resulting into an increase of the
slope of the zone where the spoiler should be attached (in the following this region
is called spoiler).
In figure 22(a), the adjoint pressure or sensitivity to mass sources field for the
initial geometry is represented. This field can be interpreted as the sensitivity
of the observable with respect to mass sources or sinks in the domain, [3]. In
other words, this field indicates the effect of addition or removal of fluid from the
domain upon the aerodynamic drag. Thus, we can translate this situation into the
addition or removal of mass from the train and, therefore, the deformation of the
train surface. The evolution of the nose shape previously described is confirmed
by this sensitivity fields. If material were to systematically removed from the Apillar and the top side where the transition between nose and car body takes place,
then the drag will be reduced. In contrast, it is the addition of material to the
nose tip that will induce a reduction of the aerodynamic drag. The addition of
material to the nose tip can be expressed in terms of stretching the nose, so that
the nose length increases and a slender train is obtained. Meanwhile, the removal
of material at the train sides suggests to shrink the cross-sectional area along the
train head, resulting into a sharper nose. Both effects are in good agreement with
the basics of aerodynamics for bluff bodies, [36].
As it has been explained, the restriction that we impose makes impossible to
stretch the nose because the control volume that encloses the surface object to be
deformed is tangent to the nose tip. This point is then fixed, so no variation of
the nose length is expected and the surface deformation is limited to the car body
front transition zone and the A-pillar.
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In figure 22(b), the same sensitivity field is plotted, but the geometry considered
is #5. In this case, negative sensitivity regions at the nose tip bumps (labeled as
zone C) suggest that material needs to be removed from the train body to obtain
a smoother design. At the same time, the hump observed at the nose hood has
to be removed, so that the slope of the nose hood is reduced. The region between
the car body transition and the window pane is colored in green, what suggests an
addition of material. This region is located between two small bumps, (labeled as
zone B) thus the conclusion is the necessity of stretching the former and shrinking
the latter in order to obtain a smoother nose profile. The scaling factor is increased
to 0.5 at this iteration to make more evident the geometry changes.
The train underbody can be observed in figure 23(a) and 23(b) for both geometries. Figure 23(a) shows the necessity of removing material at the spoiler
location, where a region of negative sensitivity is plotted (zone A). In contrast, in
figure 23(b) it is not necessary anymore, but a deformation of the nose tip is still
demanded, in order to reduce the bluntness of the nose.

0.29

Conclusions

Even when the adjoint method has already been considered in many different applications, the complexity of the mathematical formulation of the adjoint
approach is one of the reasons why this optimization method has not reached a
further popularity in the aerodynamics. Their independence with respect to the
number of design variables makes them a very interesting option when dealing
with a very large number of design variables. The computational cost of each optimization iteration is of the order of O(2), since just two solver calls are required,
namely the primal and dual solver call. Therefore, the possibility of using this
method implemented in a commercial code is very valuable. The method has been
briefly introduced in this report, and the suitability of the adjoint method has
been analyzed for the problem considered.
A reduction of a 7.2% of the aerodynamic drag in fourteen simulations (including those corresponding to the original design) has been obtained, and the
evolution of the nose shape has been indicated in this paper. The high positive
pressure region associated to the stagnation point has been reduced by designing
a more slender nose. The nose length has been increased, and the slope of the
windshield and hood has been decreased to avoid a larger flow detachment.
The information given by the sensitivity fields permit determine the regions
of the geometry where a larger minimization of the aerodynamic drag can be
achieved. This information is in good agreement with the resulting evolution of
the nose shape all along the optimization process.
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(a)

(b)

Figure 20: Static pressure distribution on the surface of the ATM train model.
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(a) #1

(b) #2

(c) #3

(d) #4

(e) #5

(f) #6

Top view of the nose shape and color map of the static pressure distribution on
the train surface for the successive geometries obtained within the optimization process.
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(a) ATM

(b) #5

Figure 22: Adjoint pressure or sensitivity to mass sources field for the original design (ATM)
and the geometry #5, previous to the final optimal. Zones A and B in figure b) refer to the
regions more characteristic of the train nose subject to deformation that explain the evolution
to geometry #6.

(a) ATM

(b) #5

Figure 23: Detail of the adjoint pressure or sensitivity to mass sources field on the underbody
for both the original design (ATM) and the geometry #5, previous to the final optimal. Zone
C in figure a) refers to the spoiler position subject to deformation that explains the evolution of
the underbody all along the optimization process.

Shape optimization with crosswind
0.30

Introduction

When dealing with the design of a high-speed train, a multiobjective shape
optimization problem is formulated, as these vehicles are object of many aerodynamic problems which are known to be in conflict. More mobility involves an
increase in both the cruise speed and lightness, and these requirements directly
influence the stability and the ride comfort of the passengers when the train is
subjected to a side wind. Thus, cross-wind stability plays a more relevant role
among the aerodynamic objectives to be optimized. Over the past few years,
this has led to an extensive research in the analysis of the flow characteristics in
many different scenarios. [11, 13, 26, 47, ?] are only a short representation of
all the references focused on the description of the flow features and interactions
with the train. Once the flow structures are pictured, it is possible to propose a
geometric modification that can improve the aerodynamic performance of trains.
Dealing with these optimization problems has traditionally been done by a trialand-error procedure, which is very expensive in terms of computer and designer
time. Furthermore, this procedure strongly depends on the expertise of the engineer. Advanced optimization algorithms try to use the information extracted from
these previous analyses while at the same time present a new strategy to solve the
problem based in a more automated fashion. The application of these methods is
very popular in aircraft or vehicle aerodynamics, but is still in progress in train
aerodynamics. [44, 46, 59] resolve different single-objective optimization problems
in open air using genetic algorithms (GA) and a geometry parameterization of
two, five and ten design variables respectively. Orellano [65] considers the dragcrosswind multi-objective optimization problem for a sixty-design-variables nose
shape parameterization and GA. Jakubek [39] considers adjoint methods for the
minimization of the pressure pulse generated by passing the train head. In the
case of trains in tunnels, the optimization of the nose shape using new optimization methods is accomplished in [51] or [49], while [58] optimizes the nose shape
to reduce the maximum pressure gradient at the entry of the tunnel using GA.
Therefore, the interest of aerodynamic shape optimization for high-speed trains
83
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and the development and application of advanced optimization methods for train
aerodynamics is evident.
Different numerical methods are available to solve an optimization problem. A
classification based on the order of the derivatives of the objective function may be
proposed. Zero order methods use only the function values to determine which is
the optimal design, whilst first and second order methods use the first and second
order derivatives in each case. Genetic algorithms (GA) and adjoint methods are
examples of zero and first order methods respectively. GA [?] is a technique that
mimics the mechanics of the natural evolution. Once a population of potential
(optimal) solutions is defined, it combines survival-of-the-fittest concept to eliminate unfit characteristics and, after several iterations (generations), better results
are obtained until a solution closer to the globally optimal solution is reached. The
main drawback when using a GA is their need of a large number of evaluations of
the objective function. Furthermore, each optimal candidate needs to be defined
as a codified structure, and since a set of individuals is required at each generation,
an efficient representation of each possible optimal design (i.e. a high-speed nose
shape) is demanded. A design vector, consisting of design variables that define
the shape and their respective range, is used to parameterize the nose geometry.
The number of design variables is constrained, as increasing this number complicates convergence towards the optimal design. For a first order method, a single
computation of the gradient via finite differences involves a computational cost of
the same order of the GA. Adjoint methods, [70], instead, use the derivatives of
the objective function and of its constraints and compute the gradient based on
the concept of the Lagrangian multipliers. The sensitivity evaluation is performed
with an adjoint approach, which is independent of the number of design variables
as it does not need a shape parameterization of the geometry to run the optimization. Numerous publications on adjoint-based shape optimization referred to
external aerodynamics, [57, 86], stress the relevance of this technique.
A comparison of these two methods is proposed in this paper, where a minimization of the side force acting on the train in cross-wind conditions is aimed.
As we consider that the comparison of GA and the adjoint method is an objective
itself, a short description of these methods is given in section ??. The rest of
the paper is organized as follows. The methodology is presented in section 0.31.
The description of the geometry, the numerical set-up and the metamodel are introduced in this section. The two methods are compared in section 0.32, where
the evolution of the shape of the nose is shown for both the GA and the adjoint
method. Finally, section 0.33 is devoted to the summary and conclusions.
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Figure 24: Schematical representation of the whole optimization scheme for the
genetic algorithm

0.30.1

Genetic algorithm work-flow

Figure 24 represents the work-flow used for the GA procedure. As it has been
mentioned, it is required to parameterize any optimal candidate as a set of design
variables. This feature added to the drawback of the large number of evaluations
of the objective function lead to the definition of three blocks, as sketched in
figure 24. Geometries are parametrically defined in CATIA® based on previous
studies and design constraints (block 2). Once the dimensionality of the design
space is set and the surrogate model or metamodel is chosen, an exploration of
the design space is run using a design of experiments (DoE). The design points
selected in the sampling plan are simulated in ANSYS-FLUENT® and used to fit the
metamodel, which . Then, the metamodel is constructed (block 1) in MATLAB® ,
using the function rbf_rr_2, from [66]. Selection, crossover and mutation are the
operators that lead the search of the optimal design. These operators, within the
GA complete code, are implemented in the function ga, from MATLAB® , so that
the optimization process is run as well in this software, (block 3). The optimal
candidate obtained in the optimization process is accurately simulated again, and
can be added to the initial set of design points if it is not yet the optimal design. A
more detailed explanation of the numerical set-up, the geometry parameterization
and the metamodel construction is included afterwards.
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0.30.2

Adjoint method work-flow

Geo(i)

Meshing

ANSYS−
r
FLUENT°

Primal simulation

+
Dual simulation
Sensitivities determination
i=i+1

=

Geometry
deformation

Geometry reconstruction
r
CATIA°

Figure 25: Schematical representation of the whole optimization scheme for the
adjoint method
In figure 25 the work-flow of the adjoint method is presented. The optimization process consists on determining the sensitivity of the objective function with
respect to the design variables (geometry). This information permits obtaining
a map across the train nose surface of the effect of modifying the surface. The
deformation of the geometry is introduced so that the new design involves a minimization of the objective function. Iteratively new geometries are created till a
convergence criteria is achieved. We used the discrete approach of the adjoint
method, implemented in ANSYS-FLUENT® adjoint solver. The mesh morpher
implemented in the software permits closing the loop and solve iteratively the
optimization process.

0.31
0.31.1

Methodology
Numerical set-up

The computational domain is represented in figure 26. The domain is extended
29w in the streamwise direction, being w the train width (see section 0.31.2),
while the height and width are 9.8w and 14w respectively. These values were
chosen similar to [28] or [44]. Only half a train is considered, and the tail of
the train is not simulated. The train length is set to 10w, from the nose tip.
The model centerline position is 8w from the inlet and 21D from the outlet of
the computational domain. These lengths satisfy the recommendations of the
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European Normative for crosswind simulations [1], and were found sufficient in
previous flow simulations.
The flow direction is indicated by an arrow in the figure 26. A low-turbulence
block profile, with a constant velocity U∞ of 25 m s−1 is used at the inlet of
the computational domain. The turbulence intensity is set to I = 0.5%, while
the viscosity ratio is 1. Uniform pressure is imposed at the outlet, and symmetry
condition is set at the sides and top of the domain. The ground is moving with U∞ .
The Reynolds number based on the inlet velocity and the train height is ∼1.3×107 .
An incompressible, steady, turbulent flow simulation is considered. The realizable
k− turbulence model is used, with second order upwind momentum discretization
scheme. The standard wall functions implemented in the CFD software are used
at the ground and on the train surface. y + = uτ y/v, where uτ is the wall friction
velocity and v is the kinematic viscosity of air, is fixed to 100. ∆x+ in terms of wall
units y + is 25-250. A grid-independence analysis was performed, and the resulting
computational mesh is given in figure 26.
Related to the adjoint method, preconditioning is imposed for the dual solver
call. The Courant number is set to 0.1. The objective function with regard to the
aerodynamic drag was defined just for the nose of the train because this is the train
zone subject to modification. The scaling factor that controls the magnitude of
the shape modification is 0.1. A rectangular control volume encloses the boundary
whose shape is to be modified. The dimensions of this box are 15×4.5×3.3 m.
These dimensions are chosen to englobe the whole nose. In order to keep constant
the nose length, the box is set tangent to the nose tip (see figure 27). Therefore,
this point will be fixed. As the control volume intersects the car body, the crosssectional area of the train is also kept constant. In this way we ensure neither nose
enlargement nor reduction of the car body frontal area.

0.31.2

Geometric definition

The initial geometry for the adjoint method is based on this parameterization,
with l1 = 7.5 m, l2 = 0.75 m and R1 = 0.625 m as values for the three design
variables. This design corresponds to the geometry #8 in the initial DoE used for
the GA, see table 10.

0.31.3

Initial design of experiments

The metamodel is constructed with a sampling plan of the design space. This
sampling plan is called design of experiments (DoE) and will be used to fit the
parameters of the metamodel. A three-dimensional ‘maximin’ Latin Hypercube
design (LHD) of fifteen points (N = 5n, where n is the dimensionality of the
design space) is used to generate the DoE. A database of the best designs of LHD
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Figure 26: Illustration of the computational domain

Figure 27: Control volume where we permit deformations of the geometry. The
dimensions are 15 m in spanwise direction, 3.3 m in streamwise direction and the
height is 4.5 m.
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is included in [37], from where the design used here is obtained. The resulting
DoE is detailed afterwards.

0.31.4

Metamodel definition for GA

The metamodel technique chosen in this paper is the radial basis function
(RBF).
The rolling moment coefficient CM R is calculated with respect to a moment
center placed at x = 25000 mm, y = 717.5 mm and z = 0, which is the approximate
position of the contact of one wheel with the track, [63].

0.32
0.32.1

Discussion of results
GA

Analysis of the initial DoE
The first fifteen simulations run to train the metamodel yield insight into the
design variables effect on the side force coefficient Cs . Geometry #10 is not included as the results obtained are out of range. Information about the side force
coefficient and the main geometric characteristics of each design point are given in
table 10. Cs is calculated using the projected area in the y direction. Our results
are in good agreement with those presented in [28] for a generic train model and
a coarse mesh.
Geo # l1 [m] l2 [m]
1
3.000 0.679
2
3.643 0.929
3
4.286 0.643
4
4.929 0.893
5
5.571 0.536
6
6.214 0.786
7
6.857 0.500

R1 [m]
0.607
0.571
0.732
0.696
0.536
0.500
0.661

Cs
1.081
1.078
0.996
1.018
1.105
1.157
1.042

Geo #
8
9
11
12
13
14
15

l1 [m] l2 [m] R1 [m]
7.500 0.750
0.625
8.143 1.000
0.589
9.429 0.964
0.714
10.071 0.607
0.554
10.714 0.857
0.518
11.357 0.571
0.678
12.000 0.821
0.643

Cs
1.061
1.096
1.137
1.105
1.128
1.059
1.067

Table 10: Design variable values side force coefficient of the geometries included in the
initial design of space. Cs coefficient is calculated based on the projected area in the y
direction.

Not big differences among the fifteen cases are observed at first glance, but
an interesting correlation of the side force coefficient with respect to the design

90

Abstract
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Figure 28: Side force coefficient versus (a) nose length (l1 ) and (b) A-pillar roundness (R1 ).
variables can be determined in figure 28(a) and 28(b). In figure 28(a) the relation between Cs and the nose length is represented. The spread of the results
is consequence of the effect of the other two design variables on the side force.
Independently of the values of l2 and R1 , there is a slight tendency of lower side
forces for large nose designs, while it is larger for short noses. However, this situation is attenuated if the A-pillar roundness is notable. In fact, geometry #6 gives
the largest side force, and this geometry corresponds to the lowest value of R1 all
along the initial sampling set. Therefore we can conclude that lengthening the nose
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would reduce the side force, but this deformation cannot be introduced without
taking into account other geometrical factors. The influence of the nose length
on the side force acting on a train has already been studied in [27] and [28], and
our conclusions are in good agreement with those presented in the aforementioned
references. Nevertheless, in that cases the A-pillar roundness is kept constant, so
there is no estimation of the effect of this geometrical parameter on the side force.
In fact, as it can be observed in table 10, the effect of lengthening the nose might
be buffered if a blunter or not well rounded A-pillars are considered.
Figure 28(b) highlights the importance of the design variable R1 in the side
force coefficient. It is observed that, almost independently of l1 and l2 , there is a
very clear tendency in which a larger value of R1 leads to reduction of Cs . The
lowest value of Cs is achieved for geometry #6, which is not either the sharpest or
the largest nose but has the roundest A-pillar design. We conclude that the most
relevant design parameter to modify in order to reduce the side force is R1 . This
conclusion is confirmed when analyzing the metamodel.
The influence of l2 is not clear because conflicting conclusions may be drawn
from our results. The effect of l2 is attenuated by the other two design variables.
Thus, we estimate that the importance of this design variable compared to the
other two is negligible and it is not possible to identify any clear tendency for
minimizing the side force. For this reason we do not include any figure plotting
Cs versus l2 , but the influence might be analyzed from the results in table 10.
Shape optimization
A surrogate-based online optimization problem is considered, letting the GA to
use a metamodel to evaluate the fitness of the optimal candidates. The metamodel
is constructed using the initial sampling plan, where geometry #10 is not included
in the training set. There is no need to leave design points from the initial data
set to test the accuracy of the metamodel since ridge regression is considered.
The training is focused on the determination of the spread and the regularization
parameter. Since the effect of each design variable is not the same on the objective
function, the spread r was defined individually for each one. The resulting values
were ri = (2.6, 0.5, 0.5). The regularization parameter was set to λ = 4.4 ×
10−6 . An estimation of the prediction error is given by generalized cross-validation
(GCV), whose final value is 1.7×10−2 .
The GA parameters are set as follows. The cross-over probability is set to 0.74,
and the population size is set to 100. The mutation probability is 0.01 and the
mutation function is uniform. Tournament is chosen as the selection method, with
a size of 2, and ranking is the scaling function used. Elitism is enabled. More
information about these parameters can be found in [53]. The best combination
of the cross-over probability and the population size was selected regarding at the
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optimal design found by the algorithm within a parametric study to fit the GA
parameters.
The optimal design results in the following design variables #16 = (4.500, 1.000, 0.750).
This design point, and a second design point where more uncertainty is observed
in the region of interest, are added to the DoE used for fitting the metamodel. In
this way, the metamodel accuracy is improved in that regions where the optimal is
expected and the most error is observed. This results into a new metamodel which
is more accurate than the original one. Successive iterations let us increment the
quality of the metamodel and thus approximate to the actual optimal. The final
optimal is #18 = (3.000, 1.000, 0.750). This corresponds to the largest nose length,
the sharpest nose shape with the roundest A-pillar design. After including this
design point in the metamodel training, the next iteration converges to the same
optimal design, what let us confirm that this is the global optimum. The optimal
candidates obtained during the optimization process are summarized in table 3,
where also the reference geometry #8 is included.
Geo # l1 [m] l2 [m]
8
7.500 0.750
16
4.500 1.000

R1 [m]
0.625
0.750

Cs
1.061
1.125

Geo # l1 [m] l2 [m]
17
3.000 0.500
18
3.000 1.000

R1 [m]
0.750
0.750

Cs
0.974
0.966

Table 11: Design variable values and side force coefficient for the reference geometry
(#8) and the successive optimal candidates. Cs coefficient is calculated based on the
projected area in the y direction.

To complete these comments, the influence of the nose shape on the resulting
flow is analyzed by examining the velocity fields around the train body. In figure 29
the pressure field and the streamlines at two transversal planes (yz) are represented
for two different geometries. The worst geometry in the initial DoE (#6) and the
optimal design (#18) are considered, and the planes at x/w = 1 and x/w = 3
from the nose tip are selected to visualize the differences of the flow separation
in cross-wind conditions. The underlying physical mechanism behind the change
of the side force acting on the train can be found in the delay of the separation
of the flow, [46]. Indeed, we can see how geometry #6 induces a flow separation
slightly delayed compared to geometry #18. In particular, these differences are
stressed at plane x/w = 1, where the flow separation is stronger for the geometry
#6 than #17. The positive high pressure region at the windward side is quite
similar in both cases. However, in figures 29(b) and 29(d) it is observed that, as
the nose length of geometry #17 is larger than #6, the cross-sectional area is not
the same for the transversal plane x/w = 3 since in case 29(b) the cross-sectional
area corresponds to the train body while in 29(d) the intersection takes place at
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the train nose. The pathlines highlight the differences of flow separation due to
the different A-pillar roundness. The separation takes place at the top windward
corner in geometry #6, while it is delayed in #17. This behavior is more evident
in figure 29(c).

(a) x/w = 1

(b) x/w = 3

(c) x/w = 1

(d) x/w = 3

Figure 29: Pressure fields and streamlines at two transversal planes for two different geometries. (a) and (b) corresponds to geometry #6, while (c) and (d) is #18.

0.32.2

Adjoint method

Three optimization steps have been considered when using the adjoint methods
to minimize the side force coefficient. The initial geometry is the reference one
(geometry #8), and starting from this design, deformations of the nose shape
have been introduced so that a reduction of the side force is observed. These
deformations are shown in figure 30. Six transversal planes (yz) are presented.
These planes intersect with the train nose, so that the frontal profile is depicted.
The original one and the three successive deformations are presented. It is observed
that the top-windward corner is rounded, so that the flow separation is aimed to
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be avoided or delayed. This deformation is not observed at the top-leeward corner
since the flow separation takes place before it, so any geometrical change does not
dramatically affect the global performance. Meanwhile, the windward side of the
nose tends to expand itself. This evolution is more evident closer to the nose tip
(figure 30(a) and 30(b)). In figure 29, we observed that the differences between
the worst and the optimal design were more critical at the plane x/w = 1, which
is in good agreement with the conclusions aforementioned.
The sensitivity map permits to identify the regions of the train nose where
geometrical modifications shall introduce a larger reduction of the side force coefficient. The figure presents the sensitivity-to-mass-sources field on the train nose.
The information given by this field is very useful in terms of knowing where to
remove or add material, or in other words, where to introduce a geometry modification to minimize the side force. In particular, regions colored in blue suggest
that material needs to be removed from the train nose in order to avoid the flow
separation. Indeed, removing material corresponds to an increase of the A-pillar
roundness or R1 . This behavior is already observed in the optimal search of GA,
and here it is emphasized the relative importance of this design variable with respect to the other two (l1 , l2 ). The changes are suggested to be introduced at the
A-pillar rather than lengthening the nose or reducing the bluntness of the nose.
Nevertheless, we conclude that these changes might be introduced lately after the
increase of the A-pillar roundness. Since we have just performed three optimization steps, we estimate that the next steps might consider other geometrical effects
apart from the A-pillar roundness.

0.32.3

Comparison of GA and adjoint method

To conclude the comparison of the two methods, a summary of the main differences of their properties are presented in table 12. Othmer [68] indicates that
the most popular optimization method in industrial applications is the GA. Giles
and Pierce [19] point out that the complexity of the mathematical formulation
of the adjoint approach is one of the reasons why this optimization method has
not reached a further popularity in the aerodynamics. Furthermore, the lack of
implementation of the method in commercial code (to our knowledge only ANSYSFLUENT® and PAMFlow® include a module of adjoint method) complicates its
application. Nevertheless, the choice of one or other depends on which is the objective function or functions, the expected improvement and the corresponding
computational cost to be paid for, the complexity of the geometry and on the
application itself. In the table 12 some properties
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(a) x/w = 0.5

(b) x/w = 1

(c) x/w = 1.5

(d) x/w = 2

(e) x/w = 2.5

(f) x/w = 3

Figure 30: Details of the mesh used for the numerical simulations.
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Figure 31: Sensitivity-to-mass-sources field on the train nose for the geometry
#8. The regions colored in blue corresponds to zones where a removal of material
should be considered to reduce the side force.

Property
Search
Optimum
Geometrical constraints
Geometrical parameterization
Computational cost
Design variables sensitivity
Design space information
Software in work-flow
Optimization steps
# simulations
Cs reduction

Genetic algorithm
Stochastic
Global
Yes
Required
Design variables
From metamodel
Yes
3
3 + 15
19
9%

Adjoint method
Deterministic
Local
No
No
Independent
Map
No
2
3
8
4%

Table 12: Design variable values and side force coefficient for the reference geometry
(#8) and the successive optimal candidates. Cs coefficient is calculated based on the
projected area in the y direction.
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Conclusions

The importance of minimizing the side force when a high-speed train is subjected to a cross-wind has led to numerous studies in the last decade. Once the
flow structures are pictured, it is possible to propose a geometric modification that
can improve the aerodynamic performance of trains. Here we have presented two
different advanced methods to determine the optimal design in a more automated
fashion. Genetic algorithms (GA) and adjoint methods are considered as the two
most popular optimization methods in industrial applications, and these methods
have been applied to optimize the nose shape of a high-speed train in cross-wind
situation.
The methodology of both methods has been presented, as well the basics in
which these methods are built. Different requirements are demanded in each case.
GA requires a geometric parameterization to define any optimal candidate as a
set of design variables. The parameterization is a critical task, since the computational cost and the design space where the optimal design will be searched
directly depends on the number of design variables. To speed up the optimization
process, a metamodel may be constructed. The data necessary to fit the coefficients of the metamodel results into a very valuable information of the design
space. The adjoint method does not require any geometric parameterization, and
the computational cost is independent of the number of design variables. These
characteristics are extremely interesting when the geometry is too complex to define it by a short number of design variables or when the computational cost of
a simple numerical simulation is very high (compressible, unsteady simulations).
Nevertheless, it is not possible (at least in commercial codes to date) to face up
multi-objective problems or introduce geometrical constraints that somehow limit
the deformations of the geometry. It is also recognized that the numerical set-up
of the dual simulation is quite delicate, since the convergence is not as clean as
the primal simulation. A reduction of a 9% of the side force coefficient in eighteen
simulations has been obtained for the GA case, while a reduction of a 3% is observed using the adjoint method with just eight simulations. Three optimization
steps have been performed in both cases, but the former demands the construction
of the metamodel, so fifteen extra simulations are required. We have used three
different programs to complete the GA work-flow, while the adjoint method workflow is implemented in only one. The GA permits finding the global optimum, and
this can be found without starting from an initial guest, while the adjoint method
leads to a (probably) local optimum and the final result depends on which is the
initial guest (reference geometry or original design). It has been observed that the
GA moves all along the design space and explores it in a faster way, while the
adjoint method needs very small geometry deformations to not disturb the mesh,
and this small changes involves an small step in the optimum search.
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We conclude that the use of one or other depends on the application itself.
If the geometrical parameterization is simple enough, GA can be used in a very
straightforward way. The simplicity of the theoretical concept and implementation
of the code suggests its use when the construction of the metamodel is not very
computational demanding. Meanwhile, the adjoint method is considered as the
best option when the parameterization is very complex or when the initial guest
is quite close to the global optimum. Indeed, we think that the best is to combine
both methods, using the GA to determine the region where the optimal design is,
and the adjoint method to perform a more precise search.

Shape optimization in tunnel
0.34

Introduction

In chapter A and B, the aerodynamic optimization of the nose of a high-speed
train was performed to reduce the aerodynamic drag and the side force in crosswind
situations respectively. Such aerodynamic problems, as it was explained, have
arisen in relevance as faster and lighter trains has been designed. When a train
travels at high speed through a gallery like a tunnel, these problems are even more
intense, [34]. Therefore, we estimate opportune to extend the shape optimization
to this scenario.
The presence of tunnels is unavoidable in railways, and actually many reasons
let us conclude that there will be even more, [25]. Consequently, the aerodynamic
optimization involving high-speed trains running through a tunnel is of major
interest.
The aerodynamic consequences of high-speed trains running in a tunnel are
basically resumed in two correlated phenomena, the generation of pressure waves
and an increase in aerodynamic drag, [82]. The most relevant factors affecting
the pressure waves nature and the aerodynamic drag are the train geometry, the
operating conditions and the tunnel design. The latter has been the subject of numerous investigations, considering the entrance and exit [6], [34], [101], or airshaft
apertures on the tunnel surface, [32], [97] or [101]. The influence of the tunnel
design on the aerodynamic drag is considered in [9] or [18]. The effect of the nose
length has been studied by [7], [8], [10], [55] or [96], while an analysis of the influence of the nose shape is presented in [38], [48] or [49] . Other factors, as the
train position with respect to the tunnel axis, the track form and the train speed
are analyzed in [64], [62] or [8].

0.35

Pressure gradient in the compression wave

This impulse wave is called the booming noise. The booming noise is audible
as a low frequency sound that is powerful enough to provoke the vibration of
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window panes. The amplitude of this pulse-like wave is proportional to the pressure
gradient on the oncoming compression wave. Raghunathan, [?], gives an expression
of the peak pressure of the impulse wave as a function of the maximum pressure
gradient in the compression wave front


∂∆p
At
(56)
∆ppulse,max =
πra0
∂t comp,max
being At the cross-section area of the tunnel, r a given distance away from the
sound source, and a0 the sound speed at atmospheric conditions.
Howe, [?], gives an expression for the maximum pressure gradient for a snubnosed train entring an unflanged circular cylindrical tunnel of radius R along the
axis of symmetry,




ρ0 v 3 A 0.64 + 1.3M 6
∂∆p
=
(57)
∂t comp,max
R At
1 − M2

being A the train cross-sectional area and v the train speed. Nonetheless, this
expression is independent of nose shape, whereas Matsuo, [?], proposes a formula
to determine the peak pressure gradient as


∂∆p
v
=
∆p
(58)
∂t comp,max πkdt
with dt the train hydraulic diameter and ∆p the pressure rise due to the train
entry in the tunnel. A modified equation of Ozawa approach is also included in
[?] to determine ∆p
(
)
2
1
1
−
φ
∆p = γρM 2
(59)
2
2
φ2 + (1 − φ2 )M − γM 2 (1 − φ )
2

where φ is defined as

φ=1−

A
At

(60)

. The coefficient k in equation 63 is a correction factor which considers the nosegeometry effect on pressure gradient. The longer the train nose is, the lower value
this constant takes. Matsuo gives a value of 0.33 for a train nose length of 6.75
m, while in [?] k is 0.37 for a ETR-500/92 train nose (4 m length). Nevertheless,
as Bellenoue points out, a deeper investigation has to be carried out to study
dependence of this constant upon train geometry.
From the previous formulae description, booming noise problem can be attenuated by decreasing the pressure gradient of the compression wave generated
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when entering a tunnel. As the pressure gradient is also responsible of aural discomfort of train passengers, it is obvious the necessity to reduce the amplitude of
it. Dependence of pressure gradient on train cross-sectional area and train nose
shape drives to a shape optimization study of the nose geometry to minimize the
maximum peak of the pressure gradient.

0.36

Geometry description

[?] confirms that simplifying the train geometry affects the pressure increase
of the fully developed compression wave more than it affects the wavefront of the
compression wave itself. Consequently, the simplifications does not introduce a
significant deviation from the real one.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

(m)

(n)

(o)

Abstract

0.37
0.37.1

103

Numerical set-up
Computational domain

Pressure histories on the tunnel wall and the train surface when the train enters
the tunnel at 300 km h−1 (Mach number 0.221). Reynolds number, based on train
speed and train height, is 107 .
Figure A shows the flow field used for the computation. The computational
domain is composed of the tunnel and the tunnel entrance. As the purpose of this
study is to analyze the unsteady flow field at the tunnel entrance to determine the
pressure gradient when the train enters the tunnel, outside region of the tunnel
end is not included in the computation. This situation is also known as infinite
length tunnel. The tunnel is 40.0 (310.2 m) long, which is long enough to permit
an investigation of the transient flow field at the tunnel entry, [?]. The railway
is simple-tracked, so the train body is placed at the center of the tunnel section.
[?] indicates that
 train position does affect the maximum pressure gradient. In
∂∆p
particular, ∂t comp,max can be reduced by about 30% when the train runs on
the center track compared to left side in a double-tracked one. Although center
track is not the most demanding situation, it is still considered in the numerical
simulation. [?] explains that most of the new tunnels are planned to be doubletube tunnels with one rail per tube, so that the cross-sectional area At of the tunnel
will decrease and, therefore, pressure gradient will be significantly large even with
center track. Figure B presents a front view of the train and the tunnel. The
cross-sectional area of the tunnel is 1.048. Minimum and maximum cross-sectional
are of the train in the initial database are 0 and 1, respectively. Then, blockage
ratio varies between B1 and B2.
The boundary layer on the ground and the tunnel wall is not taken into account,
because viscous effect on the compression wave formation is negligible, [?]. Total
number of cells is C, and y + is restricted to 100.

0.37.2

Initial and boundary conditions

The simulation of a train moving in a gallery involves the relative motion
of the train with respect to the tunnel walls. This motion gives rise to unsteady
interactions (flow unsteadiness due to pressure waves which propagate downstream
or wake interactions) thatcan be computed when using sliding mesh models. In
particular, translating sliding mesh zones have to be defined, [?].
In the sliding mesh technique, two cell zones are used, the train zone and the
tunnel walls zone. Each cell zone is limited by an interface, where it meets the
opposing zone. The interface zone is associated with one another to conform the
grid interface. During the simulation, the train zone slides (translates) relative to
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the tunnel walls one along the grid interface in discrete steps. The grid interface
must be positioned so that it has fluid cells on both sides, [?]. Figure B depicts
the grid interface by a red dashed line. More information about the sliding mesh
concept is included in Appendix C.
As the translation takes place, node alignment along the grid interface is not
required. Since the flow is inherently unsteady, a time-dependent approach is
required. A time step has to be defined for that discrete steps. Here the time step
∆t is 0.0005. This time step is sufficiently small to resolve unsteadiness in the flow
field. [?] indicates that the time scale of the wavefront of the compression wave is
of the order of unity.
Since the tunnel in the simulation is infinite (i.e. no reflection phenomenon at
the exit of the tunnel is considered), the numerical tunnel end has to allow the
pressure wave to propagate without generating non-physical reflected waves.
At the beginning of the computation, the train should ideally be far from the
tunnel. However, this requires a great deal of computational time cost. Then, the
steady flow around the train in the open air before entering the tunnel is computed.
This flow field is used latterly as the initial condition. Slip condition is imposed
on the tunnel wall and the ground surface, [?]. The non-slip condition is imposed
on the train body surface.

0.38
0.38.1

Discussion of the results
Initial design of experiments

The first fifteen simulations run to train the metamodel yield insight into design
variables effect on both the drag coefficient and the maximum pressure gradient.
Information about these magnitudes, and also the pressure rise and the main
geometric characteristics of each design point are given in table 1. Graphics of
the pressure rise and the corresponding pressure gradient are not included in this
section but the most representative cases are plotted in the section 0.38.2, including
the optimum solutions. Our results are in good agreement with those presented
in [83] for a generic train model. The pressure rise can be calculated using the
equation given in [54], and our values differ from these in less than a 4%, what
validates our computations.
(
)
2
1
−
φ
1
(61)
∆p = γρM 2
2
2
φ2 + (1 − φ2 )M − γM 2 (1 − φ )
2

where φ = 1 − β = 1 − Ac /AT , being Ac the cross-sectional area of the train.
It is observed that the nose length has a critical impact on the maximum pressure
gradient, while the pressure rise and the drag coefficient are more related to the
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Geo #
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
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l1 [m] l2 [m]
3.000 0.679
3.643 0.929
4.286 0.643
4.929 0.893
5.571 0.536
6.214 0.786
6.857 0.500
7.500 0.750
8.143 1.000
8.786 0.714
9.429 0.964
10.071 0.607
10.714 0.857
11.357 0.571
12.000 0.821

R1 [m]
0.607
0.571
0.732
0.696
0.536
0.500
0.661
0.625
0.589
0.750
0.714
0.554
0.518
0.678
0.643

Ac [m2 ]
11.195
11.270
11.090
11.134
11.304
11.335
11.175
11.215
11.252
11.067
11.112
11.287
11.320
11.155
11.195

β
0.178
0.179
0.176
0.177
0.179
0.180
0.177
0.178
0.179
0.176
0.176
0.179
0.180
0.177
0.178

CD
0.127
0.133
0.125
0.119
0.141
0.133
0.148
0.138
0.137
0.145
0.157
0.165
0.182
0.170
0.184

∂p
∂t

[Pa s−1 ]
5502.0
5931.7
5767.8
6143.2
6249.7
6483.6
6642.2
6698.6
6905.0
7130.8
7502.0
7252.6
7905.2
7471.8
7599.4

∆p [Pa]
1347.7
1360.8
1329.3
1332.0
1372.4
1370.9
1357.7
1334.2
1313.1
1340.6
1358.3
1333.8
1408.1
1349.9
1337.5

Table 13: Design variable values and geometrical characteristics of the geometries included in the initial design of space. Ac refers to the train cross-sectional area, while β
is the blockage ratio. The coefficient k is defined in section 0.38.6

cross-sectional area and the bluntness of the nose. A larger nose (lower value of l1 )
gives a lower maximum ∂p
. However, there are cases where shorter noses present
∂t
a lower maximum peak if a proper combination of the other two design variables
is given. This is put in evidence when comparing geometries #2 and #3. The
latter is shorter, but is blunter, with a lower value of l2 . The cross-sectional area
is also lower (larger R1 ). Which of the two geometrical conditions affects more is
not clear, but if geometries #11 and #12 are also analyzed, it is pointed out that
the effect of a lower cross-sectional area is less important than the bluntness of the
nose. However, these last two geometries have a very short nose length, with an
slenderness ratio s = 2(L − l1 )/w lower than 2. [49] or [89] indicate that the effects
of the shape optimization vanish for a slenderness ratio lower than this value, so
it is not evident which effect is more important. The reason for this might be the
fact that the flow is detached strongly in the case of a short nose, whereas it does
not happen when the nose length is large. A strong flow detachment increases the
blockage ratio so it might buffer the influence of the cross-sectional area.
Differences in the cross-sectional area of the train are evidenced in the different
pressure rises, but these differences are negligible as it was expected from the
blockage ratio range. Equation 61 directly relates the pressure rise ∆p caused

k
0.586
0.548
0.552
0.521
0.522
0.505
0.484
0.482
0.470
0.445
0.425
0.449
0.413
0.429
0.424
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by the compression wave at the entry of the train and the train cross-sectional
area. However, from the results included in table 1, it is observed that they do not
exactly follow the tendency imposed in the equation 61, as the smallest area (i.e.
smallest blockage ratio) does not correspond to the smallest pressure rise. Our
∆p was obtained by the difference of the mean values of the pressure between the
intervals ∆t1 = (−0.4, −0.2) s and ∆t2 = (0.4, 0.6) s, where t = 0.0 s refers to
the instant at which the nose tip enters the tunnel. Data is collected at x = 50
m inside the tunnel, where x = 0 m is the tunnel entry. It is concluded that the
blockage ratio is not the only geometrical parameter to affect the pressure rise,
but the nose shape, in particular the bluntness.
Drag coefficient is related both with the cross-sectional area and the bluntness
of the nose. It is obvious that a larger cross-sectional area provokes a larger drag
force, but also the shape of the nose does have a crucial impact on the aerodynamic
drag. As it was expected, a larger value of l2 , which is translated into a sharper
nose, leads to a reduction of the drag coefficient. The influence of the nose length
on the drag coefficient is not so relevant as it was for the maximum pressure
gradient.
The conclusions about the bluntness effect on the ∂p/∂tmax and the aerodynamic drag are also in good agreement with [38], [51] or [48]. They reported that
the micro-pressure wave at the tunnel exit (in other words, ∂p/∂tmax ) was weakened and the aerodynamic drag was increased as the front nose shape became
blunt as it has been presented.

0.38.2

Minimization of the maximum pressure gradient

Before dealing with the multi-objective problem, a single-objective optimization problem is defined in first term. The minimization of the maximum pressure
gradient is the objective function and, as it was indicated, a GA is used as the
optimization method. The optimization process is run in MATLAB® , using the
toolbox globalOptimization, included in the software. A surrogate-based online
optimization problem is considered, letting the GA to use a metamodel to evaluate
the fitness of the optimal candidates. The previous results are used to fit the metamodel. One of the advantages of using a RBF as the metamodel technique is that
it is trained independently of the number of design variables and so the size of the
initial design of experiments. Therefore, the fifteen cases were considered enough
to construct the first metamodel. The training consists on determining the value of
the spread and the regularization parameter, as it was indicated in section 0.31.4.
The spread r was defined individually for each design variable, because the effect
of each one on the objective function is not the same. The resulting values where
ri = (3.6, 1.0, 0.6). The regularization parameter was set to λ = 6.7 × 10−5 . An
estimation of the prediction error is given by generalized cross-validation (GCV),
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whose final value is 3.1×10−3 .
After constructing the metamodel, a parametric study is required to fit the GA
parameters. These parameters are the cross-over probability, the mutation probability, the population size, the selection function or the elitism size among others.
In particular, two parameters were varied to determine the best performance of the
GA. The best combination of the cross-over probability and the population size is
selected regarding at the optimal design found by the algorithm. The cross-over
probability was finally set to 0.8, and the population size was set to 75. The other
parameters were fixed. The corresponding values are summarized in table 2.
Population size
Elitism
# elite individuals
Selection function
Scaling function
Crossover function
Pc
Mutation function
Pm
# max generations

75
Yes
2
Tournament (2)
Ranking
Two-points
0.8
Uniform
0.01
300

Table 14: GA parameters values.
The optimal design results in the following design variables o1 = (3.000, 0.500, 0.500).
This design point, and a second design point where more uncertainty is observed
in the region of interest, are added to the DoE used for fitting the metamodel. In
this way, the metamodel accuracy is improved in that regions where the optimal is
expected and the most error is observed. This results into a new metamodel which
is more accurate than the original one. Successive iterations let us increment the
quality of the metamodel and thus approximate to the actual optimal. The final
optimal is optimal = (3.000, 0.500, 0.750). This corresponds to the largest nose
length, the bluntest nose shape and the minimum cross-sectional area. After including this design point in the metamodel training, the next iteration converges
to the same optimal design, what let us confirm that this is the global optimum.
The extra points apart from the ones included in the initial DoE are summarized
in table 3. The best design from the initial data set is also included in the table.
The tendency in the successive iterations shows that the optimal candidates
present the largest nose length, as this is the most important parameter in the
maximum pressure gradient. The first optimal candidate o1 introduces the maximum bluntness, but the effect of the radius R1 is still not clear. Therefore, the
design o2 is included in the data set to increase the information about both effects.
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Geo #
1
o1
o2
o3
optimal

l1 [m] l2 [m]
3.000 0.679
3.000 0.500
3.000 1.000
3.000 0.660
3.000 0.500

R1 [m]
0.607
0.500
0.750
0.750
0.750

Ac [m2 ]
11.195
11.335
11.067
11.067
11.067

β
0.178
0.180
0.176
0.176
0.176

CD
0.127
0.154
0.116
0.135
0.144

∂p
∂t

[Pa s−1 ]
5502.0
5572.0
5653.9
5449.7
5276.9

∆p [Pa]
1360.8
1412.7
1290.3
1341.4
1343.1

Table 15: Design variable values and geometrical characteristics of the geometries obtained during the optimization process. Ac refers to the train cross-sectional area, while
β is the blockage ratio. The coefficient k is defined in section 0.38.6
The following points show that the optimal candidate converges to the bluntest
design and the smallest cross-sectional area. It is interesting to point out that the
optimal design for reducing the aerodynamic drag was also obtained during the
optimization process. This case corresponds to design o2, which is the largest and
sharpest nose.
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Figure 33: Cross-sectional area distribution for some representative geometries included
in the initial DoE and obtained during the optimization process.

A comparison of the geometrical characteristics of these designs is presented in
figure 33, where the cross-sectional distribution is plotted for some representative
geometries. Each geometry is normalized by its respective coach cross-sectional

k
0.586
0.587
0.602
0.562
0.583
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area Ac , i.e. the area of the train body, and by its nose length L. To complete
it, distributions of an ellipsoid, a paraboloid and a conic nose are also plotted.
The paraboloid of revolution is considered as the optimal geometry, as it involves
a constant rate of change of cross-sectional area. However, Iida [38] proposes an
optimal nose shape which has a blunter front end and a slower increase of the crosssectional area in the middle section of the nose. [48] confirms this conclusion, and
here it is also observed the same behavior. This figure is used to compare the
optimal candidates with the geometries from the initial DoE. All the geometries
are blunter than the paraboloid of revolution. A zoom of the rate of change at the
nose tip is used to stress these differences.
We use the term ’calm’ as Torii refers to a nose shape whose cross-sectional
area increases slowly. In the figure 33 it is observed that all the geometries have the
same behavior in the middle section, but the differences are observed at the nose tip
area distribution. Nevertheless, the optimal design obtained in the optimization
has a slightly calmer profile at the middle section, becoming the rate of change of
cross-sectional area constant. This policy is effective for not only the reduction of
micro-pressure wave at the tunnel, but also the reduction of noise, [90]. At the
nose tip, the optimal nose and noses corresponding to geometry #01 and o1 are
the bluntest. The different response of each design is due to the cross-sectional
area, being the smallest cross-sectional area the relative to the optimal one. This
figure is very useful to compare geometries #02 and #03. It is indicated in table 1
that geometry #03 is shorter than #02. However, this geometry is better in terms
of maximum pressure gradient. Comparing the area distribution of each design,
the former is blunter than the latter. Effectively, the value of l2 is lower for #03,
as it can be seen in table 1.
The design o2 is the one that introduces a minimum aerodynamic drag. This
design is compared with the optimum in terms of maximum pressure gradient
(called optimal) in the figure 33. The difference of the cross-sectional area distribution is evident, showing that o2 has a stronger slope at the middle and last
section of the nose.
The pressure rise observed at the compression wave generated at the entry of
the train and the pressure gradient are plotted in figure 34 and 35 respectively. As
it was explained before, the pressure rise is almost the same for all the cases, as
the blockage ratio varies within a small range of variation. The slope of this curve
increases as the length of the train nose is larger. It is observed that the pressure
starts increasing before for the blunter noses, but the slope is kept lower than for
sharper noses. If the geometries called optimal and o2 respectively are compared,
the former is the bluntest and the corresponding curve starts before than the curve
of o2 does. However, at the middle section of the pressure rise, the slope is slightly
lower than the one belonging to o2. This situation is evidenced in figure 35, where
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the gradient of the pressure curve is plotted.
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Figure 34: Compression wave pressure profile (in kPa) for some representative geometries
included in the initial DoE and obtained during the optimization process.

0.38.3

Aerodynamic aspects

The pressure distribution at the train surface and all along the tunnel walls
are represented in figure ??. Figure ??a) and ??b) correspond to the best and the
worst nose of the initial DoE in terms of maximum pressure gradient. It is well
known that the peak of the pressure gradient increases with the design variable
l1 (reduction of the slenderness ratio or reduction of the nose length). When the
slenderness ratio is decreased, a stronger recirculation region is generated, which
increases the effective blockage ratio. This is put in evidence in the case of geometry
#13. This geometry is one of the shortest noses and present a large cross-sectional
area. Furthermore, the design variable l2 is 0.857 m, which is among the highest
in our designs. Thus, the flow detachment is observed at the end of the train
head, what is presented in figure ??. Figure ??c) and ??d) compare the optimal
geometry for each objective function. c) corresponds to the minimum aerodynamic
drag, while ??d) is the geometry with the minimum pressure gradient. Differences
of the pressure distribution are observed at the nose tip, where a blunter nose
(??d)) provokes a large area of high pressure, and so a large aerodynamic drag.
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Figure 35: Compression wave pressure gradient ∂p/∂t (in kPa s−1 ) for some representative geometries included in the initial DoE and obtained during the optimization process.

However, the pressure distribution at the side face of the train nose is more uniform
for ??d) than ??c), what might explain the lower maximum pressure gradient.
The compression wave and the pressure gradient generated by this pressure
wave are represented in figure ?? for the same four cases. This figures permit
observe the intensity of the pressure gradient for the geometry #13 and the shortest
noses. The formation of the pressure wave is indicated in figure ??. Three instants
of time are considered, and the evolution in time of the compression wave generated
at the entry of the tunnel is compared for geometry #13 and the geometry called
optimal, see table 3.

0.38.4

Metamodel and global sensitivity analysis

The fact that we are using a surrogate model of the more accurate CFD simulations let us obtain a good approximation of the global behavior of the design
space. A three-dimensional representation of the design space is included in figure
36. The design points of the initial DoE and the extra points are plotted as well.
The colorbar refers to the maximum pressure gradient. A good accuracy of the
metamodel is observed in the training points. It is important to remark that the
RBF metamodel does not interpolate but approximate so that the numerical error
or noise is not captured or, at least, limited.
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As the most important design variable is the nose length, six two-dimensional
slices are represented in figure 37. In this slices, we can see that for a constant
nose length, the influence of the design variable l2 is more relevant than R1 one.
However, as the slenderness ratio decreases, R1 gets a more representative influence.

7.8
7.6
7.4
7.2

1.0
0.8
0.6

7.0
6.8

R1

6.6

0.4

6.4
6.2

0.2
0.0
1.0

0.8
0.6

l2

0.4

0.4
0.2
0.2
0.0 0.0

0.6

l1

0.8
∂p
∂t

1.0

6.0
5.8
5.6
5.4

(kPa s−1 )

5.2

Figure 36: Three-dimensional representation of the response of the metamodel used for
running the single-objective optimization problem. The values of the maximum pressure
gradient all over the design space are indicated in color, according to the values of the
colorbar.

When the number of design variables involved in the construction of the metamodel increases, the number of simulations required for its training rises exponentially. To evaluate the importance of the variables, sensitivity computation is
commonly used. The ANOVA test [16] is used for this purpose, and Sobol indices
are the method selected to perform the ANOVA test. This technique is used here
not to reduce the curse of dimensionality but to compute which is the effect of
each variable. First order sensitivity measures the main effect contribution of each
input variable on the output variance, and so on the output response. The sensitivity indices confirm that the main effect corresponds to the design variable l1 ,
with a 90%, while the effects of l2 and R1 are about a 7% and a 3% respectively.
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These values are obtained after several runs, using a sample size of 2000 points for
the Montecarlo integration. More information about the estimation of the Sobol
indices is given in [16]
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Figure 37: Two-dimensional visualization of the response of the metamodel used for running
the single-objective optimization problem. The slices correspond to constant values of l1 .
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Parametrical analysis of the design variables

Effect of the nose length
Figure 38 represents the drag coefficient as a function of the nose length (l1 ).
All the geometrical information about each design was included in table 1. As
l1 increases, the length of the nose decreases and the drag coefficient in general
terms increases. The slenderness ratio decreases because the train width is kept
constant. The shape of the nose, in particular the bluntness but also the front
area of the nose, do also affect the drag force. Geometry #4 has the minimal CD
among the first fifteen geometries. Squared dots refer to the extra points added
during the online optimization. The variation between the optimal CD case (the
largest and sharpest nose) and the optimal ∂p/∂tmax is about a 24% of the former.
0.19
initial DoE
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Figure 38: Effect of the nose length in the aerodynamic drag. Circular dots refer to the
geometries of the initial DoE. Squareddots correspond to the extra points indicated in
table 3.
The tendency observed for the maximum pressure gradient is more evident than
for the drag coefficient, figure 39. The effect of the nose length is more relevant
in this case, and it is clear that an increase in the nose length (lower l1 ) means a
decrease of ∂p/∂tmax . This behavior vanishes for very short nose lengths. When
the slenderness ratio is around 2 (for a train width of 3 m, the nose length is
about 6 m, so l1 is 9 m), the influence of the nose length is buffered by the nose
shape. When the maximum nose length is considered, there are not big differences
between the geometries, and the effect of the bluntness and the blockage ratio is
not so evident. Nevertheless, in this figure are compared geometries with very large
differences of the nose length, so the maximum pressure gradient is very different
as well. Therefore, the possible differences between geometries of the same nose
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length are attenuated within this range.
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Figure 39: Effect of the nose length in the maximum pressure gradient. Circular dots
refer to the geometries of the initial DoE. Squared-dots correspond to the extra points
indicated in table 3.

Effect of the bluntness of the nose
To visualize the effect of the bluntness of the nose in figure 40, only the geometries with the l1 = 3.000 m are considered. As it was indicated previously, a
larger value of l2 produces a lower drag coefficient, as the nose is sharper and more
aerodynamic. For the same l2 , a reduction in the cross-sectional area obviously
induces a lower drag force. The effect of reducing the cross-sectional area to minimize the drag coefficient is higher than the effect of reducing the bluntness of the
nose. If a slenderness angle θ is defined as
l2
(62)
L − l1
where L is the total length of the train head (15 m) (see figure ??), a reduction
of the 50% of l2 is translated into a reduction of the 50% of θ but just an absolute
reduction of 0.04 rad, and the decrease in the drag coefficient is about a 19%.
Meanwhile, just a reduction of the 3% of the cross-sectional area leads to a decrease
of the 6% of the drag coefficient. These conclusions need to be taken with caution,
as the values of the θ are very small. For this, if the nose length is very large,
the bluntness effect on the drag coefficient is balanced to the cross-sectional area
reduction.
In the same figure 40, the effect of l2 on the maximum pressure gradient is also
represented. Again there are not big differences between changing the bluntness of
tan θ =
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Figure 40: Effect of the nose bluntness or l2 in the aerodynamic drag an the maximum
pressure gradient.

the nose and reducing the frontal area, but in percentage, it results more efficient to
reduce slightly the cross-sectional area than designing a blunter nose. A reduction
of 50% of θ gives almost the same decrease of the maximum pressure gradient than
a reduction of 3% of the cross-sectional area. Nevertheless, again it is important
to keep in mind that the absolute value of θ is very low for large nose lengths,
what provokes a large relative change for small absolute modifications.
Effect of the blockage ratio
The effect of the blockage ratio is directly related to the effect of the crosssectional area. In figure 40 it is observed that, for the same l1 and l2 , a reduction
of the train section leads to a decrease of both the drag and the maximum pressure
gradient. The influence of the cross-sectional area is more important for the drag
than for the maximum pressure gradient, where the nose length clearly plays the
key role.

0.38.6

Estimation of coefficient k

In [55] a formula of the maximum pressure gradient as a function of the pressure
rise and the nose shape is proposed. This equation is


v
∂∆p
=
∆p
(63)
∂t comp,max πkdt

Abstract

117

where v is the train velocity, dt the equivalent diameter of the tunnel, ∆p the
pressure rise and k a coefficient that partially includes the nose geometry effect,
as it is indicated in [10]. The influence of the nose shape has been evidenced
in our results, where the nose length is pointed out as the most critical design
variable for the reduction of the maximum pressure gradient, but not the only
one. As ∆p is function of the blockage ratio (equation 61), we assume that the
effect of R1 is already included in this term. For this, the objective here is to
give an estimation of this coefficient as a function of l1 and l2 . Since lengthening
the train nose decreases the amplitude of the pressure gradient, k will increase as
we consider larger nose lengths. The values of k for our geometries are presented
in the table 1 and table 2. Our equivalent diameter dt is 8.956 m, and the train
velocity is 69.44 m s−1 (250 km h−1 ). In [10] and [55], ∆p is defined by the pressure
at the end of the rapid increase phase, excluding the slow pressure increase due to
viscous effects between train and tunnel walls. In our case, ∆p is computed using
an interval of time ∆t2 at which the viscous-effects pressure increase is partially
observed. The reason of doing so is that we are performing a turbulent unsteady
simulation and we need this interval to give a good estimation of the pressure
amplitude. The consequence is that our pressure amplitude ∆p is slightly larger
than the corresponding pressure rise introduced by Matsuo although, as it can be
seen in figure 34, the difference cannot be so relevant.
Our results confirm the tendency aforementioned, with an increase of k as the
nose is larger. Our values are slightly larger than the given by Matsuo or Bellenoue
(0.33 for a 4 m nose length and 0.37 for 6.75 m). One reason might be the different
nose shapes considered in each case. The influence of the bluntness on the maximum pressure gradient provokes that if the nose is sharper, the maximum pressure
gradient will be larger and so k will be lower. Moreover, the small differences between the pressure rise calculation would lead to a lower value of k if the pressure
rise is slightly lower for the same maximum pressure gradient. Nevertheless, we
consider that these explanations do not totally explain such discrepancies.
To approximate the actual value of k as a function of l1 and l2 we use a RBF
network. The fifteen cases of the initial DoE are used to fit the metamodel coefficients. The other four points are used to check the accuracy of the model. The
spread is (1.4, 1.8) and the centers coincide with the data points. λ is set to 1.7×
10−5 . GCV is used to determine the weights of the RBF network. The final value
of GCV is 2.7× 10−4 .
The metamodel is plotted in figure 41. The dots refer to the data points used
for fitting the metamodel. A good approximation of the data points is observed
in the figure. The prediction error computed from the testing points is 3%. The
figure shows that the main effect is the nose length, and that the design variable
l2 effect is not so critical. This confirms what is presented in [10]. Nevertheless,
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Figure 41: Values of the coefficient k, from equation 63, obtained by the metamodel are
represented in the design space. A two-dimensional (l1 , l2 ) visualization of the design
space is considered.

if a most accurate prediction is expected, it is necessary to consider the bluntness
as well. Our results indicate that the difference is about a 7% for noses of the
same nose length and different nose shapes. The influence of R1 is negligible in
the range of values that we imposed. This conclusion is in good agreement with
our first assumption, as the blockage ratio is included in the pressure rise in the
equation 63.

0.39

Multi-objective optimization

It has been indicated that a blunter nose results into a lower maximum pressure
gradient, while this geometrical characteristic becomes a drawback when the aerodynamic drag is the objective function to be minimized. Therefore, it is observed
that there are objectives in conflict in the multi-objective optimization problem
of designing a high-speed train nose. The metamodel presented in section 0.38.2
refers to the first objective function. If a second metamodel is constructed to approximate the drag coefficient of the previous geometries, it is possible to run a
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surrogate-based multi-objective optimization process. The purpose is to obtain a
Pareto front that contains a set of optima regarding to this two objectives. This
problem is solved using MATLAB® function gamultiobj. The Pareto front population fraction is 0.35 and the distance measure fraction is distancecrowding,
implemented in MATLAB® . The population size is increased to 100, so that we
can avoid a disconnected Pareto front. The rest of the parameters are set equal to
the single-objective optimization.
The optimization is stopped when the average change in the spread of the
Pareto front is less than 10−4 . The number of generations is 130 and the number
of points in the Pareto front is 32. The resulting Pareto front is given in figure
42. The average Pareto distance is 0.567 and the average Pareto spread is 0.34. A
more complete description of the meaning of these parameters is included in [53]
It is clearly observed that the two objectives are in conflict. A reduction of the
drag coefficient leads to a higher maximum pressure gradient, while geometries
that minimize the maximum pressure gradient are blunter and introduce a larger
drag. The endpoints of the Pareto front corresponds to the two optimal points
obtained in the single-objective optimization.
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Figure 42: Pareto front resulting of the multi-objective optimization problem, minimizing the maximum pressure gradient and the drag coefficient.
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Summary

We have presented in this paper a large set of three-dimensional, turbulent,
compressible, unsteady simulations of realistic train models. The baseline of all
the train models is known as ‘generic train’, but we introduced an extra design
variable to obtain a more complete design space. The resulting geometry parameterization let us to study the main parameters affecting both the compression wave
generated at the entry of the train an the aerodynamic drag on the train. These
parameters are the nose length, the nose shape (bluntness, A-pillar roundness...)
and the blockage ratio. Our simulations are in good agreement with the results
and conclusions of different references. These results confirm the key role of the
nose length as the most representative geometrical parameter for the reduction of
the maximum pressure gradient of the nose of a high-speed train. Nevertheless,
the influence of other design variables, as l2 , has been studied.
These previous analysis are used to outline a single-objective optimization problem, where the objective function is the minimization of the maximum pressure
gradient of the compression wave. Among the different optimization methods
available to solve this problem, we have chosen the genetic algorithms (GA). The
necessity of a large number of evaluations of the objective function to determine
which is the optimal design drives to the construction of a metamodel. This metamodel or surrogate model substitutes the more accurate numerical simulation, but
reduces dramatically the computational cost of the optimization process. A RBF
network has been considered in this case, and its accuracy and prediction capability
have been indicated. The resulting optimal design confirms the tendency indicated
in different references, where a large and blunt nose reduces the maximum pressure
gradient.
However, this geometrical design provokes an increase of the aerodynamic drag,
which needs to be considered as the train will also travel in open air. For this, a
multi-objective optimization problem has been proposed, and a Pareto front has
been obtained as the solution. This Pareto front contains a set of optimal solutions, whose endpoints correspond to the optimal design for each single objective
function.
To complete the study, a new metamodel has been constructed to approximate the relationship of the pressure rise of the compression wave, the maximum
pressure gradient and the nose shape.

Concluding remarks
0.41

Conclusions and discussion

Even when the adjoint method has already been considered in many different applications, the complexity of the mathematical formulation of the adjoint
approach is one of the reasons why this optimization method has not reached a
further popularity in the aerodynamics. Their independence with respect to the
number of design variables makes them a very interesting option when dealing
with a very large number of design variables. The computational cost of each optimization iteration is of the order of O(2), since just two solver calls are required,
namely the primal and dual solver call. Therefore, the possibility of using this
method implemented in a commercial code is very valuable. The method has been
briefly introduced in this report, and the suitability of the adjoint method has
been analyzed for the problem considered.
A reduction of a 7.2% of the aerodynamic drag in fourteen simulations (including those corresponding to the original design) has been obtained, and the
evolution of the nose shape has been indicated in this paper. The high positive
pressure region associated to the stagnation point has been reduced by designing
a more slender nose. The nose length has been increased, and the slope of the
windshield and hood has been decreased to avoid a larger flow detachment.
The information given by the sensitivity fields permit determine the regions
of the geometry where a larger minimization of the aerodynamic drag can be
achieved. This information is in good agreement with the resulting evolution of
the nose shape all along the optimization process.
The importance of minimizing the side force when a high-speed train is subjected to a cross-wind has led to numerous studies in the last decade. Once the
flow structures are pictured, it is possible to propose a geometric modification that
can improve the aerodynamic performance of trains. Here we have presented two
different advanced methods to determine the optimal design in a more automated
fashion. Genetic algorithms (GA) and adjoint methods are considered as the two
most popular optimization methods in industrial applications, and these methods
have been applied to optimize the nose shape of a high-speed train in cross-wind
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situation.
The methodology of both methods has been presented, as well the basics in
which these methods are built. Different requirements are demanded in each case.
GA requires a geometric parameterization to define any optimal candidate as a
set of design variables. The parameterization is a critical task, since the computational cost and the design space where the optimal design will be searched
directly depends on the number of design variables. To speed up the optimization
process, a metamodel may be constructed. The data necessary to fit the coefficients of the metamodel results into a very valuable information of the design
space. The adjoint method does not require any geometric parameterization, and
the computational cost is independent of the number of design variables. These
characteristics are extremely interesting when the geometry is too complex to define it by a short number of design variables or when the computational cost of
a simple numerical simulation is very high (compressible, unsteady simulations).
Nevertheless, it is not possible (at least in commercial codes to date) to face up
multi-objective problems or introduce geometrical constraints that somehow limit
the deformations of the geometry. It is also recognized that the numerical set-up
of the dual simulation is quite delicate, since the convergence is not as clean as
the primal simulation. A reduction of a 9% of the side force coefficient in eighteen
simulations has been obtained for the GA case, while a reduction of a 3% is observed using the adjoint method with just eight simulations. Three optimization
steps have been performed in both cases, but the former demands the construction
of the metamodel, so fifteen extra simulations are required. We have used three
different programs to complete the GA work-flow, while the adjoint method workflow is implemented in only one. The GA permits finding the global optimum, and
this can be found without starting from an initial guest, while the adjoint method
leads to a (probably) local optimum and the final result depends on which is the
initial guest (reference geometry or original design). It has been observed that the
GA moves all along the design space and explores it in a faster way, while the
adjoint method needs very small geometry deformations to not disturb the mesh,
and this small changes involves an small step in the optimum search.
We conclude that the use of one or other depends on the application itself.
If the geometrical parameterization is simple enough, GA can be used in a very
straightforward way. The simplicity of the theoretical concept and implementation
of the code suggests its use when the construction of the metamodel is not very
computational demanding. Meanwhile, the adjoint method is considered as the
best option when the parameterization is very complex or when the initial guest
is quite close to the global optimum. Indeed, we think that the best is to combine
both methods, using the GA to determine the region where the optimal design is,
and the adjoint method to perform a more precise search.
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It has been presented in this thesis a large set of three-dimensional, turbulent,
compressible, unsteady simulations of realistic train models. The baseline of all
the train models is known as ‘generic train’, but we introduced an extra design
variable to obtain a more complete design space. The resulting geometry parameterization let us to study the main parameters affecting both the compression wave
generated at the entry of the train an the aerodynamic drag on the train. These
parameters are the nose length, the nose shape (bluntness, A-pillar roundness...)
and the blockage ratio. Our simulations are in good agreement with the results
and conclusions of different references. These results confirm the key role of the
nose length as the most representative geometrical parameter for the reduction of
the maximum pressure gradient of the nose of a high-speed train. Nevertheless,
the influence of other design variables, as l2 , has been studied.
These previous analysis are used to outline a single-objective optimization problem, where the objective function is the minimization of the maximum pressure
gradient of the compression wave. Among the different optimization methods
available to solve this problem, we have chosen the genetic algorithms (GA). The
necessity of a large number of evaluations of the objective function to determine
which is the optimal design drives to the construction of a metamodel. This metamodel or surrogate model substitutes the more accurate numerical simulation, but
reduces dramatically the computational cost of the optimization process. A RBF
network has been considered in this case, and its accuracy and prediction capability
have been indicated. The resulting optimal design confirms the tendency indicated
in different references, where a large and blunt nose reduces the maximum pressure
gradient.
However, this geometrical design provokes an increase of the aerodynamic drag,
which needs to be considered as the train will also travel in open air. For this, a
multi-objective optimization problem has been proposed, and a Pareto front has
been obtained as the solution. This Pareto front contains a set of optimal solutions, whose endpoints correspond to the optimal design for each single objective
function.
To complete the study, a new metamodel has been constructed to approximate the relationship of the pressure rise of the compression wave, the maximum
pressure gradient and the nose shape.

0.42

Future work

It is believed that further studies and optimization would make it possible
to improve the aerodynamic performance of high-speed trains in other different
scenarios and combined situations. The validation of the methodology presented
in this thesis, including both the genetic algorithms (GA) and the adjoint method,
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assures a promising activity in this field. The minimization of the aerodynamic
drag and the side force, and the reduction of the maximum pressure gradient
when the train enters a tunnel are only some of the aerodynamic problems to be
considered in the circulation of high-speed trains. Nevertheless, other problems
remain unsolved or not yet optimized. These are the pressure pulse observed when
two trains pass by each other in many different configurations, the micro-pressure
wave observed at the exit of the tunnel or the cross-wind stability in different yaw
angles and different ground scenarios (flat ground embankment or over a bridge)
among others. Aerodynamic noise or ballast uprise are other problems that might
be object of study. The shape optimization is not restricted only to the train nose
but also could be extended to other significant elements in terms of aerodynamic
drag. These are the spoiler, the bogies or the bogies-fairing, and the inter-car gap.
Active flow control is another field in which apply aerodynamic shape optimization.
Related to the optimization methodology itself, further improving the workflow and the metamodel construction is possible with respect to several aspects. It
might be considered the option to implement all the work-flow in open source programs to avoid the dependence of the optimization process on commercial codes.
Also the reduction of the number of programs to be called should be taken into
account. The complexity of the mathematical formulation of the adjoint approach
is one of the reasons why this optimization method has not reached a further popularity in the aerodynamics. In this situation, the dependence of commercial code
results more desirable at this moment, but a future project would be the total
implementation of the adjoint method for external aerodynamics in open source
code. Another possible improvement is focused to the pre-processing. The chance
of using automatized meshing tools or mesh morphers allow to think in the independency of the user experience in pre-processing. However, the importance of a
very accurate flow domain discretization dissuades of this target.
Finally, to the author’s opinion, shape optimization should not be limited to
the aerodynamics of high-speed trains but to other ground vehicles. Automobile
and aircraft aerodynamics have been focus of shape optimization and it is available a considerable research activity in this field, but a not great deal of attention
has been concentrated on the aerodynamic optimization of freight trains, trucks
or buses, mainly because of a not so demanding aerodynamic performance. Thus,
a relatively new research field is open for the application of these advanced optimization methods.
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