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Abstract


Context:
In aeronautical industry, iterations between design department and simulation department named "trial-and-error process" - are time and money consuming. Design and modelling of a
fastened junction is a design problem often encountered, with a high complexity level.
Modelling:
The junction problem is formalized through a software called STREAMEÓ. It uses loads from
a finite element model to simulate the stress in each fastener of the junction. Several criterion
are calculated. Actually, the software cannot perform any optimization process. Design
variables of this problem are numerous.
Optimization:
In order to solve the trial-and-error process and decrease the number of iterations, it is
proposed to use a global optimization algorithm. Four stochastic algorithms inspired by nature
are investigated: genetic algorithms, particle swarms, artificial immune systems and ant
systems. Confronted to six benchmarks, an algorithm is selected and applied to the junction
problem through three design scenarios, which illustrate the formalization of designer
preferences.

1 Introduction
This paper presents a part of the work realized in the
AXSPAD project. Initiated by the AXS design engineering
society, the aim of this project is to improve an existing
software : STREAMEÓ. Several partners are involved in
this project:
AIRCELLE (SAFRAN group), project partner and
AIRBUS subcontractor, identified several problems
to solve and supplied several industrial data;
I2M (Mechanics and Engineering Institute of
Bordeaux University) develops research works
related to design science;
AXS and ALTEP societies, develop the STREAMEÓ
software.
STREAMEÓ [1] is a post-processing toolbox used in
aeronautics. Grouping several data like finite element
models results (FEM), dimensional parameters, and
materials databases, STREAMEÓ can simulate the local
behaviour of several aeronautical structures. It is used by
simulation departments to validate, or not, candidate
solutions proposed by design departments. Simulations
performed by this software produce numerous
observation variables. This multi-objective design process
is performed by the designer.
In industrial processes, iterations are numerous
between design departments proposing design solutions,
and simulation departments analysing these solutions.
"Trial-and-error process" [2,3] are money and time
consuming. Updating the STREAMEÓ software, AXSPAD
project aims at reducing these iterations.
A way to improve the software is to include an
optimization algorithm inside the STREAMEÓ software.

These algorithm will be able to run a global optimization
process to propose an optimized solution. In this paper,
the design problem considered is a fastened junction; a
reference solution is given by the AIRCELLE society. This
solution is disabled and has to be improved. The junction
model is representative of the complexity of aeronautic
junction problems, with numerous design variables. In this
paper, the selection of global optimization algorithms are
investigated.
First, it is proposed to explain the junction model used
in the STREAMEÓ software. This modelling uses
geometrical relations between fasteners positions and
finite element models results. Then, the OIA method
(Observation, Interpretation, Aggregation) is detailed to
formalize designer's preferences and to solve multiobjective design problems. Next, several optimization
algorithms are presented, and compared to six
benchmarks. The most suitable algorithm is selected to be
applied to the junction problem. Finally, the optimization is
realized, and results are discussed.

2 Junction modelling
In this part, modelling of the junction mechanical
behaviour is detailed. In a design problem, two types of
variables are employed and linked by a model of the
product behaviour. This part doesn't detail the model, but
explain the principles of the junction design problem.

2.1

Design variables

First type of variables are inputs of the model: they are
called design variables and written X vector. Design
variables represent the product to design. A set of
instantiated design variables represents a candidate
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solution to the design problem. An interval, called
"domain of values", is associated to every design
variable: values of these variables are taken in the
corresponding domain of values. All these domains bound
the design space: in this space, each point is a candidate
solution.
The junction to design is a problem proposed by the
AIRCELLE society. This aeronautical company uses the
STREAMEÓ software [1] to formalize the fastened
junction model: two aluminium sheets linked through a
line of rivets. The software inputs are :
A global finite element model (FEM);
A junction local description.
This description takes into account positions and
number of rivets, type of rivets, position of the line of
rivets, and sheet thickness.
Design variables are described in Table 1. The
concept of repartition curves is used in the model, but is
not detailed in this paper. In few words, it allows to reduce
and fix the number of design variables if the product is
constituted by numerous similar elements: the rivets, in
this paper. A curve is used for the positions of rivets, and
another for the types of rivets. Design variables are the
ordinates of the control points of the curves.
X

Details

nriv
e1;e2
bl1;bl2
c_posi;
iÎ[1;16]
c_typei;
iÎ[1;6]

Number of rivets
Thickness of the sheets
Distance between the
line of rivets and the
sheet's edge
Ordinate for positioning
control points.
Ordinate for types
control points.

m

Value
dom ain
[xk-;xk+]]
[20;70]
[0.001;0.010]

1
0.001

m

[0.005;0.025]

0.005

Unit

-

[0.01;0.99]

0.01

-

[0.01;0.99]

0.01

In Table 1, steps are used to segment value domains
in discrete domains. This discretization is necessary to
obtain candidate solutions which are different from the
designer point of view.
The number of candidate solutions in a design space
can be calculated using relation 1: it defines the size of
the design space.
Where:

ష
୶శ
ౡ ି୶ౡ

ୱౡ

 ͳቁ

(1)

N is the number of candidate solution,
Nx is the number of design variables,
+
st
xk ; xk are bounds of the k value domain,
st
sk is the k step
The number of different candidate solutions is about
35
N≈10 . The number of design variables is Nx=27 (see
Table 1).

2.2

Behaviour model

The product behaviour is simulated through the
STREAMEÓ software. Several scripts (named "cards")
can be used for several types of design problems. The
card corresponding to the junction problem is called
"AXS_GPFB". This card executes the process bellow :
1) Selection of FEM's nodes which correspond to the
localization of the junction,
2) Extraction of the nodes loads,
3) Positioning of the fasteners in the FEM 3D space,
4) Projection of the loads from FEM nodes to fasteners
(for each fastener, several nodes can contribute),
5) For each rivet, projection of the loads in a local
bench mark,
6) For each rivet, calculation of nine aeronautical
criteria.
June 15th – 17th, 2011, Venice, Italy

2.3

Observation variables

Second type of variables are outputs of the behaviour
model, called observations variables Y. These variables
are used by the designer to qualify the corresponding
candidate solution. Nine margins are calculated for each
rivet. The distance between fasteners is also calculated,
and nondimensionized. This distance is used to valid the
respect of know-how rules. Last observation variables are
the mass of rivets and the total surface density of sheets.
Observation variables are described in Table 2.
Consequently, the presented behaviour model has
(10.nriv+2) observation variables.
Y
MSFt-i
MSFs-i
MSFI
MSSb-ij
MSSs-ij
MSSt-ij

Step
sk

Table 1 : Design variables

 ൌ ς୶
୩ୀଵ ቀ

These criteria are called "margins" and are calculated
as indicated in relation 2.
୪୪
 ൌ
െͳ
(2)
ୗ୲୰
Where:
MS is a margin,
All is the allowable strain,
Str is the simulated strain.
Lightness of the product is also studied, through rivets
mass and sheets surface density.

pti
Mr
DS

Details
Tension margin in the ist fastener
st
Shear margin in the i fastener
Combined criterion
Bearing margin in the jst sheet for the ist fastener
Shear margin in the jst sheet for the ist fastener
st
st
Tension margin in the j sheet for the i fastener
Ratio between: distance between the i st fastener
and the closest one, and mean of their diameters
Total mass of fasteners
Sheets surface density

Unit
kg
kg/m²

Table 2: Observation variables

3 Performance modelling through OIA
method
The OIA method (Observation, Interpretation,
Aggregation) is a modelling process aiming to formalize
the product performance [3-5]. It is constituted by three
successive models :
1) Observation model: this stage corresponds to the
behaviour model, described in paragraph 2. Inputs
are design variables X; outputs are observation
variables Y.
2) Interpretation model: each observation variable is
interpreted through functions which formalize the
designer preferences. Outputs variables are called
interpretation variables Z.
3) Aggregation model: this model traduces the multiobjective problem to a mono-objective problem.
Interpretation variables are filtered because of their
high number. Then, design objective indexes are
formalized to formalize the satisfaction levels of the
product's functions. Finally, the single output variable
is the performance GDI (global desirability index),
which is used to qualify the candidate solution.

3.1

Interpretation model

Designer has several preferences about observation
variables. Margins has to be as high as possible. Mass
and surface density have to be as low as possible. And
the dimensionless distance between rivets is constrained
by a know-how rule: distance between rivets has to be
between 4 times the diameter and 8 times the diameter.
To traduce these preferences, it is proposed to use
desirability functions, introduced by Harrington [6].
Interpretations variables Z are dimensionless values
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between 0 and 1. The most an interpretation variable is
close to 1, the most the corresponding observation
variable is appreciated by the designer.

3.2

Aggregation model

The aggregation modelling stage is necessary to
obtain a single performance value. It is divided in three
steps:
1) Filtering step,
2) Design objective indexes,
3) Performance.

3.2.1

Filtering step

Since the number of interpretation variables Z is high,
this first step of aggregation is necessary to reduce their
number. Using the minimum function proposed by Kim &
Lin [7], the lowest interpretation variable for each type of
margin is selected to constitute nine filtered interpretation
variables.

3.2.2

Design objective indexes

The second step of the aggregation model is the
formalization of the design objective indexes (DOI). DOIs
are linked to the product's functions; these functions can
be identified through functional analysis of the product, for
example. DOIs formalize the design objectives.
In the junction problem, three DOI are:
DOI1: the mechanical strength, which is the essential
design objective. It aggregates the nine filtered
interpretation variables,
DOI2: the respect of the know-how rule. It
aggregates
the
interpretation
variables
corresponding to the distances between rivets,
DOI3: the lightness. It aggregates the two
interpretation variables linked to the total mass and
the surface density.
DOI1 and DOI2 use the Derringer aggregation method
[5,8] through a product without weight. DOI3 also uses the
Derringer aggregation method with weights 0.65 and 0.35
respectively associated to the surface density and the
mass. This two weights are justified by the high impact of
the surface density on the real mass (on the contrary to
fasteners masses).

3.2.3

Two categories of optimization methods can be
identified. First, determinist methods use mathematical
properties of the objective function, but are not adapted to
global optimization of non-derivative, discontinuous and
multimodal objective functions. Other methods use
stochastic algorithms, imitating the nature, to converge
towards solutions.

4.1

Inspired by nature algorithms

It is proposed to study and compare four stochastic
algorithms based on iterative principles. For each
algorithm, important parameters are indicated in the
nomenclature.

4.1.1

Genetic algorithm (GA)

Genetic algorithms (GA) were proposed by Goldberg in
the eighties [9]. It reproduces natural selection and
genetics principles: candidate solutions are regarded as
“individuals”, and design variables correspond to the
“genes” of these individuals. A genetic algorithm searches
an optimum through several iterations, named
“generations”, and composed to individuals. Using genetic
operators, population of individuals evolves and
converges to an optimal one.
Steps of the genetic algorithm method are indicated in
Figure 1:
1) An initial population of individuals is randomly
created,
2) Every individual is evaluated (the objective function
give a value for every individual),
3) Individuals are selected to constitute the next
generation, with preference for best individuals,
4) Crossover operator is used,
5) Mutation operator is used,
6) Return to step 2.

Performance

The performance GDI (global desirability index) is
obtained aggregating the three DOIs with the Derringer
function. Weighting parameters are used in this
aggregation and are noted wi (relation 3). These weights
are priorities that the designer associates to each DOI.
 ൌ ςଷ୧ୀଵሺ ୧ ሻw w୧ ÎሾͲǢ ͳሿ
(3)
It is proposed to modify these weights and to observe
their influence in the paragraph 5, as proposed by
Quirante [5].
Finally, the OIA method allows to associate a single
value (the performance) to every candidate design
solution to optimize them, formalizing a design objective
function.

4 Optimization algorithms
Optimization algorithms aims to explore the design
space to find suitable solutions for satisfying design
requirements. These solutions are identified through the
objective function.

June 15th – 17th, 2011, Venice, Italy

Figure 1 : Genetic algorithm
The crossover operator (step 4) is used to create new
individuals with two individuals. This operator selects
randomly a first individual, and a second (called
“parents”), in the new generation. Then, a sequence of
genes is randomly selected. The new individual (called
“child”) contains the genes of the first individual and the
selected sequence of genes coming from the second
individual. This process is repeated to have a second
“child” with the same “parents” and the two new
individuals replace their “parents” in the new generation.

620

Proceedings of the IMProVe 2011

A. Collignan et al.

Management of large solution spaces and optimization algorithm selection

This operator simulates the natural crossover. It is applied
on each individual with a certain probability.
For an individual, the mutation operator (step 5)
modifies a random gene. The new value is chosen
randomly in the corresponding domain of values. This
operator is also applied with a probability.

cont, c2 and c3 are partially random weights of the
tendencies of the particle.
Finally, the position of the particle is updated through
relation 5.
୬ୣ୵ ൌ   ୬ୣ୵
(5)
Where Pnew is the new position of the particle.

4.1.2

4.1.3

Particles swarm optimization (PSO)

Particle swarm optimization (PSO) is a method
proposed by Kennedy and Eberhart. [10] This
optimization process simulates a swarm behaviour,
similar to birds formations or insects swarms. Each
potential solution is considered as a “particle” which can
move into the design space, and communicate with other
particles. The algorithm uses iterations as “time steps”
and particles displacement is a composition of three
behavioural tendencies: individuality, nostalgia and
sociality.
Every particle is divided in three sections:
Current position in the design space (every
coordinate is a design variable):  ൌ  ൌ ሺଵ Ǣ  ڮǢ ୬ ሻ;
Current velocity: V;
Best past position in the design space (particle
memory):  ୠୣୱ୲ ൌ ൫ଵୠୣୱ୲ Ǣ  ڮǢ ୬ୠୣୱ୲ ൯.

Artificial immune system (AIS)

Artificial immune systems were initially proposed by
Watkins [11]. This algorithm aims at simulate the
biological immune system. If antigens (microbes, for
example) are detected in an organism, immune system
uses antibodies, which are immune cells, to suppress
them. Several antibodies are used, and the most efficient
(affinity between antigens and antibodies) are cloned and
mutated [12] in order to eliminate the antigens.
In artificial immune systems, candidate solutions are
considered as “antibodies”, design variables are “genes”
and problems to solve are "antigens".

Figure 3 : Artificial immune system

Figure 2 : Particle swarm optimization
As shown in Figure 2, a first population of random
particles is created with a random velocity. Then, every
particle is evaluated regarding to the objective function. If
the current position is better than the memorized one, the
particle memory is updated. Then, for every time step, the
velocity of every particle is updated through a composition
of velocities (relation 4). Let us consider a particle, its new
velocity, and therefore its new position, is determined by:
its current velocity (individuality), a velocity due to its best
past position (nostalgia) and a velocity due to the closest
particles, called “informants” (sociality). The number of
informants is a parameter of the algorithm.
୬ୣ୵ ൌ  ή ൣ  ଶ ή ൫ ୠୣୱ୲ െ ൯  ଷ ή ൫ ′ െ ൯൧ (4)
ଶ ൌ  ή ୫ୟ୶
ଷ ൌ  ή ୫ୟ୶
 ൞
ሺ  െ ͳሻଶ
୫ୟ୶ ൌ
ʹ
Where :
Vnew is the new velocity of the particle ;
P’ is the best informant particle position;
rand is a random number between 0 and 1;
cont is a parameter called “constriction”.

June 15th – 17th, 2011, Venice, Italy

In this paper, antigens are not used and efficiency of
antibodies is calculated as the objective function.
Principles of the algorithm used in this paper are
presented in Figure 3:
1) Initialization of a population of antibodies,
2) The efficiency (or affinity) is calculated and
antibodies are rated,
3) The most efficient antibodies are cloned
(multiplication of their numbers);
4) Then, a proportion of the total population of cells is
maturated (mutation),
5) Several of these “cells” are conserved as memory,
and new antibodies are generated in order to
conserve the same number of antibodies.
This algorithm uses iterations between steps 2 and 5
as “generations” of cells.
The maturation operator is similar to the genetic
algorithm mutation operator, but a sequence of genes is
randomly selected instead of a single gene.

4.1.4

Ant system (AS)

Ant system is an algorithm which imitates the
behaviour of ant colonies, initially proposed by Dorigo
[13]. In nature, ants have to find the shortest way between
a food source and the ant hill. These insects use
pheromones that they put along the path they are using.
These pheromones disappear if the path is too long (and
621
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not used by other ants), or are reinforced if the path is
often used. Finally, the best path is the one with the
highest pheromones density.
Using this analogy, an algorithm is proposed to solve
design problems (Figure 4). Each ant covers a path
constituted to values for each design variable. The length
of the path is evaluated through the objective function. A
pheromone matrix is used to associate a pheromone
density to every value of every design variable (relation
6).
ଵଵ  ڮଵ୶
 ڮ
 ൌ ቈ  ڮ୧୨
(6)
ڮ ڮ
ڮ
st
Where pij is the pheromones density for the i value of
st
the j design variable.

3)

Evaporation of pheromones (reduction of the
density);
4) Update of the pheromones with the ways covered by
ants during this iteration;
6) Creation of new ants associated to ways weighted
by the densities of the pheromones matrix.
Steps 2 to 5 are repeated until a stopping criterion is
reached.

4.2

Benchmarks

To compare these different optimization strategies, it is
proposed to evaluate them through six different problems
from the literature, related to design problems or used as
classical benchmark optimization problems. In all of these
benchmarks, it is expected to find the global minimum,
close to 0. For every problem, the domains of values are
discretized. Figure 5 shows a representation of every
function for its two first design variables.
These benchmarks are supposed to be representative
of several difficulties of design optimization problems:
local optima, size of the design space (N), discontinuities,
numerous dimensions (Nx), etc.
f1
f2
f3
f4

2
2
30
2

10
1012
10180
1010

Domain
of values
[-6;6]
[0;1]
[0:1]
[0;1]

f5

3

1010

[-1.633;1.633]

10-3

f6

8

1011

[0;1]

-

Nx

N
8

Step
-3

10
10-6
10-6
10-3

Optimum
ଵ כൌ ͵ ; ଶ כൌ ʹ
ଵ כൌ ଶ כൌ ͲǤͷ
כ
ଵ כൌ ଶ כൌ  ڮൌ ଷ
ൌͲ
ଵ כൌ ଶ כൌ p
ଵ כൌ െͲǤͳ͵ ; ଶ כൌ ͲǤͷͻͲ
ଷ כൌ െͲǤͶͶ
ଵ כൌ ͲǤͳͲ ; ଶ כൌ ͲǤͲͲͲ
ଷ כൌ ͳǤͲͲͲ ; ସ כൌ ͲǤʹʹʹ
ହ כൌ ͲǤͲͲͲ ;  כൌ ͲǤͲͲͲ
 כൌ ͲǤʹͷͲ ; ଼ כൌ ͳǤͲͲͲ

Table 3: Benchmarks descriptions

Figure 4 : Ant system
The ant system method is an iterative process
described below (derived from [14]) :
1)
2)

Initialization of ants and pheromones matrix;
Calculation of the path's length for every ant
(evaluation through the objective function);

1. Himmelblau function shape (Nx=2)

4. Easom function shape (Nx=2)

For every benchmark, Table 3 indicates the number of
design variables, the approximate size of the design
space, the domain of values of every design variable, the
discretization step and the optimum design variables
values.

4.2.1

Himmelblau function

Himmelblau function is a classical function used to test

2. Laptorn function shape (Nx=2)

3. Hyper-ellipsoide function shape (Nx=30)

5. Derringer problem shape (Nx=3)

6. Collignan problem shape (Nx=8)

Figure 5 : Benchmarks representations
June 15th – 17th, 2011, Venice, Italy
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optimization algorithms. It is expressed in relation 7.
ଵ ሺଵ Ǣ ଶ ሻ ൌ  ሺଵଶ  ଶ െ ͳͳሻଶ
ሺଵ  ଶଶ െ ሻଶ
(7)
ͲǤͳ ή  ሺሺଵ െ ͵ሻଶ   ሺଶ െ ʹሻଶ ሻ
Himmelblau function is interesting because it has three
large local optima which “look like” the global optimum
(Figure 5-1): algorithms can be trapped in these optima
and the ability of the algorithm to get away from it is
interesting to observe.

4.2.2

4.2.6

Laptorn function

Contrary to the Himmelblau function, the Laptorn
function has a lot of little local optima (Figure 5-2). The
original Laptorn function is modified to have its global
optimum close to 0 (relation 8).
ଶ ሺଵ ǡ ଶ ሻ ൌ ͲǤͺͺͻ
െሾͳͷ ή ଵ ή ଶ ή ሺͳ െ ଵ ሻ ή ሺͳ െ ଶ ሻ
(8)
ή ሺͻ ή π ή ଵ ሻ ή ሺͻ ή π ή ଶ ሻሿଶ

4.2.3

4.3

Hyper-ellipsoïd function

Easom function

The Easom function (Figure 5-4) is constituted by a
single optimum and a large area without any information
to find this optimum. This function, described in relation
10, allows to test the ability of algorithms to converge with
few information.
ସ ሺଵ ǡ ଶ ሻ ൌ െ ሺଵ ሻ ή ሺଶ ሻ
(10)
ή ሺെሺଵ െ pሻଶ െ ሺଶ െ pሻଶ ሻ  ͳ

4.2.5

100.000,00

Derringer's problem

GA

PSO

AIS

AS

Himmelblau
Laptorn

10.000,00
Means of numbers of
evaluations

This problem (Figure 5-5 is representative of the three
variables), proposed by Derringer [16], is a design
optimization problem. The aim is to choose hydrated silica
levels (x1), silicane coupling agents (x2) and sulfur levels
(x3) in order to develop a tire tread compound. Desirability
functions are used [6] to solve a multi-objective
optimization problem. In order to have a minimization
problem, the relation 11 is proposed.
 െ ሺଵ Ǣ ଶ Ǣ ଷ ሻ
(11)
ହ ሺଵ Ǣ ଶ Ǣ ଷ ሻ ൌ 
Where D(x1;x2;x3) is the Derringer’s composite
desirability to maximize, which value ranges between 0
 is the optimal value [16].
and 1. 
f1:Him m elblau
Nind = 100
probaC = 0.15
probaM = 0.75
Npart = 20
Ninf = 5
cont = 0.55
Nanti = 40
percC = 0.75
percM = 0.5
Nant = 170
evaP = 0.5
phero = 3

Comparison and choice

A "run" is defined by the execution of an algorithm until
a stopping criterion. To compare these algorithms, two
criteria are used :
The number of evaluations, corresponding to the
number of execution of the objective function during
a run (several times in each iteration). It is observed
as it is significant of the CPU time required to
converge to a solution,
The convergence rate, which is the proportion of
succeeded runs (optimal solution found) for ten runs.
In order to compare optimization algorithms, a
scanning of algorithms parameters (see Nomenclature), is
realized for every problem. Let us consider a problem and
an algorithm: for every set of parameters, three runs were
realized and a mean of the number of evaluations is
calculated. Then, the smallest number of evaluations is
retained to identify the most relevant set of parameters of
the algorithm. This process was repeated for every
combination of problem/algorithm. Table 4 shows sets of
parameters obtained.
For every couple of algorithm/benchmark, ten runs
were executed. Stopping criteria were:
The objective function value, which has to be lower
-3
than 10 ,
The number of iteration, which has to be inferior or
equal to 1000.

A hyper-ellipsoïd function (used by Storn [15] in its
study of a differential algorithm, see Figure 5-3) is a
function with only one optimum. But, its interest is that the
number of design variables (Nx) can be chosen, and so
can be very high (relation 9).
ଶ
ଶ
(9)
ଷ ሺଵ ǡ  ڮǡ ୶ ሻ ൌ  σ୶
୧ୀଵ൫ ή ୧ ൯
In this paper, we have fixed the number of design
variables to Nx=30. This function is used to observe the
ability of the algorithm to converge with a large number of
design variables.

4.2.4

Riveted assembly (Collignan's problem)

This design problem is proposed by Collignan [3]. It
aims designing a simplified riveted assembly. Using
desirability functions and Derringer’s aggregation [10], the
objective function f6 is a value between 0 and 1. Relation
11 is also used, to get a minimization problem.
This design problem takes into account design
variables related to discrete (on x1, x7 and x8) and
continuous (on other design variables) value domains.
Discretization steps are different for each of them, to
respect the discretization proposed in [10]. Figure 5-6 is
an illustration for the two first design variables, it is
representative of the area of the global optimum.

Hyper-ellipsoïd

1.000,00

Derringer

100,00
Collignan

10,00

Easom

1,00
GA

PSO

AIS

AS

Figure 6 : Numbers of evaluations
Figure 6 shows the mean of the numbers of
evaluations for each couple of algorithm/benchmark. It
can be seen that the PSO is the fastest and the most

f2:Laptorn
Nind = 150
probaC = 0.75
probaM = 0.5
Npart = 20
Ninf = 19
cont = 0.55
Nanti = 80
percC = 0.75
percM = 0.75

f3:Hyper-ellipsoïd

Nanti = 20
percC = 0.75
percM = 0.75

f4:Easom
Nind = 150
probaC = 0.15
probaM = 0.75
Npart = 70
Ninf = 69
cont = 0.70
Nanti = 60
percC = 0.75
percM = 0.75

No convergence

No convergence

No convergence

No convergence

No convergence

f5:Derringer
Nind = 100
probaC = 0.15
probaM = 0.5
Npart = 20
Ninf = 10
cont = 0.55
Nanti = 60
percC = 0.75
percM = 0.5
Nant = 50
evaP = 0.8
phero = 1

f6:Collignan
Nind = 50
probaC = 0.5
probaM = 0.75
Npart = 20
Ninf = 10
cont = 70
Nanti = 40
percC = 0.75
percM = 0.5
Nant = 50
evaP = 0.1
phero = 1

Table 4 : Problems and algorithms
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efficient algorithm, whereas it didn't converge for the
hyper-ellipsoïd function. Ant system is the less efficient,
with only three success for six problems.
For the ten runs of every couple algorithm/benchmark,
the convergence rate is presented in Figure 7. It can be
seen that the PSO is quite instable, contrary to the AIS or
the GA.
120,00%
Himmelblau
100,00%
Convergence rate

Laptorn
80,00%
Hyper-ellipsoïd
60,00%
Derringer
40,00%
Collignan
Easom
GA

PSO

AIS

AS

Figure 7 : Convergence rate
To solve the design problem presented in paragraphs
2 and 3, an optimization algorithm has to be chosen. The
study presented in this part cannot identify precisely the
algorithm to use, but can identify algorithms to not use.
The AS is time consuming and has a bad convergence
rate: it is eliminated. The PSO is the faster, but its
convergence rate is quite bad: it is also eliminated. The
numbers of evaluations of GA and AIS for every
benchmark are similar. However, the AIS is able to find
the optimum of f3 function, and has a better convergence
rate: this algorithm is also chosen.
More generally, this study:
Helps to identify the characteristics of optimization
algorithms from literature,
Proposes two criteria to compare them,
Is a support to select an algorithm adapted to a
design problem taking into account their
convergence speed (numbers of evaluations) and
their convergence rate.

5 Complex riveted junction
optimization
In this paragraph, it is proposed to study three
optimization scenarios, as realized by Sebastian [4].
Every scenario corresponds to a combination of design
objectives, weighted according to different design
scenarios (relation 3).
Values of parameters of the AIS algorithm are
indicated in the Table 6 (see nomenclature). The
maximum number of iterations has been limited to 100 to
bound the number of evaluations of 4000; this limit is

KH

Iso

nriv

e1

bl1

0.007

0.025

min(MSFt-i) = -0.35
min(MSFs-i) = 0.22
min(MSFI-i) = 0.58
42

0.009

0.02

min(MSFt-i) = -0.43
min(MSFs-i) = 0.12
min(MSFI-i) = 0.51
0,009

0.015

ref

S

54

Table 5 shows the optimal design solution found for
every scenario. It is proposed to observe the minimum
value of every type of margin, the arithmetical mean and
the standard deviation of the distance between rivets, the
total mass and the surface density, for each solution. The
"ref" line corresponds to the results of the reference
solution given by the AIRCELLE society: most of its
margins are negative, and this solutions has to be
improved.

20,00%
0,00%

46

necessary to not have high CPU time.
Nanti percC percM
40
0.75
0.75
Table 6 : AIS parameters

min(MSFt-i) = 0.01
min(MSFs-i) = 0.83
min(MSFI-i) = 0.94
min(MSFt-i) = -0.40
min(MSFs-i) = 0.38
min(MSFI-i) = 0.54

e2

bl2

0.007

0.025

5.1

Iso-scenario

The iso-scenario takes into account the three design
objectives with the same importance (relation 12).
ωଵ ൌ ͲǤ͵͵
൝ωଶ ൌ ͲǤ͵͵
(12)
ωଷ ൌ ͲǤ͵Ͷ
It can be seen, in Table 5, that three minimum margins
are negatives. This type of solution is unacceptable in
aeronautics; but the optimal design solution of the isoscenario is still better than the reference solution.

5.2

KH-scenario

In the KH-scenario, the design of the fastened junction
is based on the know-how rule. The priority is given to the
know-how design objective, and the lightness is ignored
(relation 13). This scenario is based on the observation
that to find suitable solution with a good mechanical
strength seems impossible with a high lightness.
ωଵ ൌ ͲǤ͵͵
൝ωଶ ൌ ͲǤ
(13)
ωଷ ൌ Ͳ
With the KH-scenario, 8 minimum margins are
positives. However, the negative one is worse than in the
iso-scenario (Table 5). This is due to the thickness ei of
the sheets that is no longer limited by the lightness of the
mechanism.
It is very interesting to notice that the know-how rule is
paradoxically not respected in the optimal solution for the
KH-scenario ! This singularity can be explained by the fact
that this rule is not compatible with the data (FEM loads
and fasteners database): the problem is too contrained
and no suitable solution can be found.

5.3

S-scenario

c_posi
0.54 0.37 0.55 0.55 0.54 0.48 0.37 0.58
0.46 0.51 0.47 0.58 0.39 0.52 0.57 0.43
min(MSSb-i1) = 0.50
min(MSSb-i2) = 0.50
തതതത
 న = 0.024m
min(MSSs-i1) = 3.03
min(MSSs-i2) = 3.03
s(pti) = 0.004m
min(MSSt-i1) = -0.09
min(MSSt-i2) = -0.09
0.43 0.44 0.55 0.53 0.59 0.35 0.52 0.50
0.009
0.025
0.37 0.71 0.32 0.61 0.56 0.45 0.52 0.47
min(MSSb-i1) = 0.69
min(MSSb-i2) = 0.69
തതതത
 న = 0.020m
min(MSSs-i1) = 2.58
min(MSSs-i2) = 3.55
s(pti) =0.005m
min(MSSt-i1) = 0.21
min(MSSt-i2) = 0.21
0,25 0,49 0,59 0,68 0,63 0,37 0,51 0,38
0,009
0.02
0,40 0,65 0,24 0,66 0,69 0,28 0,77 0,38
min(MSSb-i1) = 1.07
min(MSSb-i2) = 1.07
തതതത
 న = 0.020m
min(MSSs-i1) = 1.09
min(MSSs-i2) = 1.92
s(pti) = 0.008m
min(MSSt-i1) = 0.01
min(MSSt-i2) = 0.01
min(MSSb-i1) = -0.73
min(MSSb-i2) = -0.73
തതതത
 న = 0.037m
min(MSSs-i1) = -0.72
min(MSSs-i2) = -0.72
s(pti) = 0.008m
min(MSSt-i1) = -0.63
min(MSSt-i2) = -0.63

c_typei
0.70 0.27 0.37
0.38 0.34 0.36
Mr = 0.35kg
SD =37.78kg/m2

GDI = 5.47 . 10-39

0.55 0.42 0.57
0.60 0.40 0.38
Mr = 0.32kg
2
SD = 48.58kg/m

GDI = 1.58 . 10-41

0,72 0,74 0,55
0,71 0,68 0,65
Mr = 0.87kg
SD = 48.58kg/m2

GDI = 2.75 . 10-6

Mr = 0.69kg
SD = 10.80kg/m2

-

Table 5 : Scenarios and design solutions
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Finally, the S-scenario considers a single design
objective : the mechanical strength (relation 14). Then,
the performance GDI is directly equal to DOI1 (relation 3).
ωଵ ൌ ͳ
൝ω ଶ ൌ Ͳ
(14)
ωଷ ൌ Ͳ
The S-scenario provide a very interesting solution: this
design solution has acceptable mechanical strength,
since all the margins are positives (Table 5). This
scenario allows to find a high-performance solution.
However, this solution is heavier than the reference one
and the solutions found in the previous scenarios. This is
explained by the number of riveted, which is no longer
limited by the know-how rule. Figure 8 shows the optimal
junction found by the AIS and the corresponding
repartition curves.

Figure 8 : Optimal solution
These three scenarios provide interesting informations
about the junction problem and its solutions:
It seems impossible to find suitable solution
regarding to the three design objectives;
This difficulty to find suitable solutions is due to the
data used in the model (sheets materials not
adapted to the loads, fastener database not enough
resistant);
The AIS success to find a suitable solution regarding
to the single mechanical strength objective.
In industry, the weights are very difficult to fix. Their
values are consequences of deals and trade-off between
several experts (simulation, design, CAD, materials,
production, marketing, etc): each of them want to
prioritize its own objectives. Several tools can be used to
define these priority like Analytical Hierarchy Process
(AHP).
Moreover, the choice of the aggregation method
(weighted product, minimum aggregation, etc.) is
conditioning by designer preferences. For example, in
industry, the qualification of a candidate solution is
realized through the interpretation of the lower margins.
That is why, in the filtering stage, minimum aggregation is
adapted. Consequently, the realization of the aggregation
model is lead by the designer's preferences and the
problem to solve.

6 Conclusion
In this paper, a method is proposed to replace
industrial "trial-and-error loops" by an optimization
process:
1.
Identification/formalization of the observation model,
2.
Management of the multi-objective characteristic of
the design problem, formalizing the designers
preferences through the OIA method,
3.
Study of several optimization algorithms with six
benchmark and selection of one of them,

June 15th – 17th, 2011, Venice, Italy

4.

Optimization of the product to design, illustrating the
possibilities of the OIA method to formalize several
trade-off between design objectives.
This methodology is applied to the design of an
aeronautical junction, which is representative of the
complexity of industrial design problems. Three design
objective are identified and an artificial immune system is
used to find high-performance solutions in the design
space. The data used to define candidate solutions
appear to be too constrained: the optimal solution found
cannot satisfy the lightness and know-how objectives.
Moreover, an optimal solution with a suitable mechanical
strength is found. This solution appear to be strongly more
efficient than the initial one.
In our current works, several other stochastics
algorithms are compared to the four algorithms presented
in this paper.
Moreover, the OIA method is used to formalize other
variables like the confidence about a candidate solution,
and the robustness of a solution.

Design space:
N
Number of candidate solutions
Nx
Number of design variables
Design variables:
nriv
Number or rivets
ei
Thickness of the sheet i
bli
Distance between the line of rivets and the
sheet's edge
c_posi Proportions for positioning control points
c_typei Proportions for types control points.
Observation variables:
st
MSFt-i Tension margin in the i fastener
st
MSFs-i Shear margin in the i fastener
MSFI
Combined criterion
st
st
MSSb-ij Bearing margin in the j sheet for the i fastener
st
st
MSSs-ij Shear margin in the j sheet for the i fastener
st
st
MSSt-ij Tension margin in the j sheet for the i fastener
st
pti
Ratio between: distance between the i fastener
and the closest one, and mean of their diameters
Mr
Total mass of fasteners
DS
Sheets surface density
Design objective indexes:
DOI1
Mechanical strength design objective
DOI2
Respect of know-how rule objective
DOI3
Lightness design objective
Algorithms parameters:
Nind
Number of individuals (GA)
probaC Crossover probability (GA)
probaM Mutation probability (GA)
Npart Number of particles (PSO)
Ninf
Number of informants (PSO)
cont
Contriction parameter (PSO)
Nanti
Number of antibodies (AIS)
percC Percentage of cloned cells (AIS)
percM Percentage of maturated cells (AIS)
Nant
Number of ants (AS)
evaP
Proportion of evaporating pheromones (AS)
phero Parameter of pheromones density variation (AS)
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