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Abstract
This paper deals with multiple constraints for dimension and stacking-sequence
optimization of a blade-stiffened composite panel. In a previous study, a multiple
objective genetic algorithm using a Kriging response surface with a buckling load
constraint was the target. The present study focuses on dimension and
stacking-sequence optimization with both a buckling load constraint and a fracture
constraint. Multiple constraints complicate the process of selecting sampling
analyses to improve the Kriging response surface. The proposed method resolves
this problem using the most-critical-constraint approach. The new approach is
applied to a blade stiffened composite panel and the approach is shown to be
efficient.
Key words: Optimization, Composites, Buckling, Fracture, Stacking Sequence, GA

1. Introduction
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Composites are widely used for aerospace and automobile structures. Usually,
laminated composites made by stacking unidirectional plies in multiple orientations are
used for the structures because of the superior material properties of the laminated
composites. It is crucial to optimize stacking sequences to take advantage of the laminated
composites. Several researchers have proposed stacking sequence optimization methods
(1)-(8)
. In addition, a Fractal Branch and Bound (FBB) method optimizes the stacking
sequence in a very short time (9), (10). This method uses a quadratic polynomial to
approximate the objective function such as the buckling load of a target structure, and then
adopts lamination parameters as variables for the approximation of the response surface of
the quadratic polynomial. Although the first FBB method was limited to an optimization of
a single laminate, the method was modified to optimize multiple laminates such as panels
and stiffeners (11), (12). The FBB method has also been extended to a non-symmetrical
laminate (13).
To minimize the structural weight, the dimensions of the composite structures including
height and width of the stiffeners, spacing between the stiffeners and thickness, must be
optimized with constraints such as buckling load and/or fracture load. To minimize the
structural weight under certain constraints, the stacking sequences are also required to
calculate the constraints such as buckling load. Authors have applied a Particle Swarm
Optimization (PSO) method with a Kriging Response Surface (RS) and the FBB method to
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minimize the weight of a hat-stiffened composite panel with a buckling load constraint (14).
The PSO method successfully optimizes a practical composite structure. It is, however,
difficult to find a feasible result that satisfies a buckling load constraint with the progress of
the optimization process in cyclic computations in PSO. A modified method that uses a
Multi-Objective Genetic Algorithm (MOGA) with a Kriging RS and the FBB method has
been successfully applied to the rocket interstage composite structure (15). The MOGA
method succeeds in obtaining the practical optimal result with low computational cost.
In the present study, the MOGA method with a Kriging RS is modified to optimize
multiple constraints: buckling load and fracture load. Tsai-Wu’s fracture rule is adopted here
to calculate the safety factor of each ply, while the Kriging RS is used to obtain the
approximated response of the constraints to reduce the computational cost. Improvements to
the Kriging RS are performed at the end of each cycle of the MOGA by adding new
sampling points. However, when two constraints are approximated using two Kriging RS’s,
the process of selecting new sampling points that can improve the fitness of the Kriging RS,
is complicated. This paper deals with a single Kriging RS making the selection process
simpler, which in turn means that the proposed method obtains the optimal practical result
at lower cost. This method is applied to a weight minimization problem of a blade-stiffened
composite panel.

2. Optimization problem
A composite panel with two blade-type stiffeners as shown in Fig. 1, is adopted as the
target structure for optimization. The length of the panel is a=0.25m and the width is b=0.16
m. The width and length dimensions of the panel are fixed in the present study. The design
variables of the blade-stiffened panel are the height of the blade (h), width of the flange (b2),
spacing from the edge to the blade (s), half number of plies of the panel (Np) and the half
number of plies of the stiffener (Ns). Both blades are placed symmetrically. The minimum
and maximum limits of these design variables are listed in Table 1.
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Fig.1 Blade-stiffened composite panel for optimization

Table.1 Design variables.
Design
variable

h
b2
s
Np
Ns

Min.

Max.

0.01
0.02
0.03
4
4

0.05
0.04
0.05
16
16
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The stiffened panel is subjected to the compression loading (Nx) as shown in Fig.1. The
load is used as a reference load. The buckling load ratio (λb) is defined as a proportionality
constant against this reference load when buckling occurs: λb>1 means the structure is safe
from buckling. Fracture of each ply is judged by means of Tsai-Wu’s fracture criterion, and
the safety of each evaluation point is defined as a fracture factor (λs) against the reference
load when the fracture occurs: λs>1 means the point is safe from fracture. In this study, the
reference compression load is Nx=2.0MN/m. Under this load, both compression fracture as
well as buckling is significant. Tsai-Wu’s fracture criterion is given as:
(1)
F11σ 12 + 2 F12σ 1σ 2 + F22σ 22 + F66σ 62 + F1σ 1 + F2σ 2 = 1
where F11, F12, F22, F66, F1 and F2 are defined as follows.

F11 =

1
1
1
1
1
1 1
, F22 =
, F66 = 2 , F1 =
−
, F2 = − , F12 = F12* F12 F22
XX '
YY '
X X'
Y Y'
S

(2)

The material used here is T300/5208, all properties of the strength of which are shown
in Table 2. For each stress element i (i=1,2,6), the fracture factor λs is defined as:
(3)
σ i fracture = λ sσ iapplied
fracture
where σ
denotes the stress that satisfies Tsai-Wu’s criterion and σapplied the applied
stress.
The fracture factor can be calculated for every integral point in each element. Since a
first ply failure criterion is adopted in the present study, the minimum value of the fracture
factor is adopted for the composite structure.
Table 2 Material properties of T300/5208

EL
ET
GLT
νLT
ρ
X
X’
Y
Y’
S
F’12

181GPa
10.3GPa
7.17GPa
0.28
1.6x103 kgf/m3
1.5GPa
1.5GPa
40MPa
246MPa
68MPa
-0.5

In the present study, ply thickness is tply=0.125mm. Since the panel and the stiffener are
both symmetric laminates, the total thickness of the panel (tp) and the stiffener (ts) can easily
be calculated as tp=2Nptply and ts=2Nstply. Total weight of the structure is calculated by
means of the assumption of a thin-wall structure as follows:

W = {bt p + 2(b2 + h )t s }ρ a = {bN p + 2(b2 + h )N s }2 ρ a t ply

(4)

To analyze the buckling load and fracture of the composite structure, we use
commercially available FEM code, ANSYS. For the FEM analyses, an eight-node linear
laminated shell element (SHELL99) is adopted here. The precise number of nodes and
elements is different for each analysis because of the difference in dimensions. A rough
estimate of the total number of nodes is 3000, and of the total number of elements 10000.
Since a building block approach is usually adopted for the design of CFRP structures
and with the lack of experimental data for various stacking sequences, the available fiber
angles are limited to 0º, 90º, 45º and -45º in this study. Stacking sequences of the panel and
stiffeners are symmetric, and the balance of the number of angle plies and the
four-contiguous ply rule are adopted here; in other words, the same ply angle must not
exceed four plies to prevent large matrix cracking.
The objective function of the optimization problem is to minimize the weight of the
blade-stiffened composite panel under buckling load and fracture constraints. The problem
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can be written as follows:
Minimize W

(5)

subject to λb≥1
λs≥1

(6)
(7)

3. Previous MOGA method with Kriging and FBB
3.1 Approximation with a Kriging RS
The objective function of the optimization problem is very simple, and it is easily
calculated when all the dimensions of the blade-stiffened panel are fixed. The buckling load
and fracture constraints, however, add a large computational cost because an FEM analysis
is needed for each evaluation. In the present study, we use the objective function in Eq. (5)
directly. On the other hand, the constraints of buckling load ratio (λb) and fracture factor
(λs) are approximated using a Kriging RS to reduce the computational cost. The process of
dealing with the multiple constraints is described later. All dimensions of the blade-stiffened
panel and the lamination parameters of both panel and stiffener are used as variables for the
response surface. Since the automatic process of constructing a Kriging RS is very useful,
the DACE model is employed (14) - (16).
A Kriging RS based on the DACE model that comprises a response y and variable
vector xi (i=1,….,k) can be expressed as
(8)
yˆ (x ) = µ + Z (x )
where all variables are normalized between –1 and +1, for n sets of analyses, n sets of
responses yj (j=1,…,n) and variables xij (i=1,…,k and j=1,…,n). µ is a constant calculated
as the average value of the global design space, and Z(x) is the variable of the average value
at the point x.
Z(x) is expressed as a realization of a stochastic process of the normal distribution of
the mean value of zero. A response value y at the point x is calculated as a correlation
between the n sets of analytical results. The covariance matrix is given by
(9)
Cov [Z (x i ), Z (x j )] = σ 2 R [R (x i , x j )]
where R is the correlation matrix, and the element R(xi,xj) is the value of a Gaussian
correlation function between the points xi and xj. In the present study, the distance between
two points of each variable may not be expressed on an identical scale. This means using
scaled distances by multiplexing a constant to a distance, and the Gaussian correlation
function can be written as
2
 k
(10)
R(xi , x j ) = exp− ∑ηm xmi − xmj 
 m=1

where the ηm (ηm ≥0, m=1,...,k) are unknown correlation parameters, which are required for
the DACE model. In Eq. (10), xmi and xmj are the mth elements of position vector xi and xj,
respectively. The value of the correlation function is the degree of influence between two
points against the response. A smaller value of η denotes influence from a greater distance;
that is, the point is affected by the surrounding points. Since each design variable has a
different scale for the correlation parameter, the strength of the effect of the correlation
parameter can be controlled by means of the unknown value of ηm.
The expected response at a point x can be calculated as
yˆ (x ) = µˆ + r T R − 1 (y − 1 µˆ )
(11)
where µ̂ is an estimator of µ, y is a column vector that has n elements of response at the n
sample points, 1 is a column vector whose elements are all 1 ([1,...,1]T), and r is a column
vector that has values of the correlation function between the target point and the other
sample points.
T
r (x ) = R x, x1 , R x, x 2 ," , R x, x n
(12)
Assume that the values of η, a parameter of the DACE mode, are given, then µ̂ and

[(

) (

)

(

)]
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the variance of µ̂ ( σ̂ 2 ) can be calculated as
1T R −1y
µˆ = T −1
1 R 1

σˆ 2 =

(13)

(y − 1µˆ )T R −1 (y − 1µˆ )

(14)
n
The only remaining problem is how to obtain the parameter η. To estimate the values
of η, we adopt a log likelihood function.
Ln (η ) = − [n ln (σˆ 2 ) + ln R ] 2
(15)
where σˆ 2 and R are functions only of η. The correlation parameter for η is obtained by
maximizing the log likelihood function. In this problem, the number of unknown values is
k. In the present study, the Particle Swarm Optimization method (14) is used to maximize the
log likelihood function with the initial values proposed by Welch et al. (17). After obtaining
the correlation parameter η, the estimator of Eq. (11) can be calculated and the variance of
the estimator obtained from

(1 − 1T R −1r )2 
(16)
s 2 (x ) = σˆ 2 1 − rT R −1r +
1T R −11 

The estimator of the standard deviation is calculated as s = s 2 (x ) , and the value is
defined as an estimation error. The DACE model definitely passes all sampling points. The
estimation errors at the sampling points are therefore, clearly zero, and the estimation error
increases when the estimation point is located far from the adjacent sampling points.
When the estimation error is subjected to a normal distribution of N(y,s2), the
probability that the response y =f(x) exceeds a value of 1 is calculated as
(17)
 f (x ) − 1 
Pr ( f (x ) ≥ 1) = Φ

s


where Φ( ) is the cumulative distribution function, f(x) is a response y of the Kriging
(DACE) model at position x and s is the estimator of the standard deviation obtained from
Eq. (16).
3.2 Design of Experiment
We have adopted Latin Hypercube Sampling (LHS) experiments (17), as LHS gives
uniformly distributed sampling over the entire design space. The sample size required by
the DACE model (18) is usually 10 times greater than the number of variables.
LHS is, however, not simple for composite structures, because lamination parameters
are not independent variables. To solve this problem, all feasible symmetric laminates of 16
plies (with a half ply being eight) were prepared. The total number of feasible plies that
satisfy the balanced rule of angle plies is 3281. From this set of feasible laminates, a set of
ns laminates is selected randomly with the constraints described below.
For the laminates of 16 plies, 25 sets of in-plane lamination parameters are feasible. As
discussed before, the available fiber angles are limited to 0°, 45°, -45° and 90°. For the
feasible laminates comprising these fiber angles, lamination parameters exist inside and on
the boundary of the triangle (1,1), (-1,1), (0,-1). To obtain an equal distribution of the
sampling for the in-plane lamination parameters, the three apices of the triangle are
definitely selected at least once and another 22 points are selected at least twice. The
selected laminates are feasible even when the total number of plies is changed by changing
the ply thickness.
To select candidate points as variables of the dimensions, all variables are divided into
ns segments. For variables of the dimensions of structural components such as a
blade-stiffener configuration, feasible design scopes of the variable are normalized between
-1 and +1, and equal segmentations are adopted here. For the number of plies N, the
numbers must be positive integers, which is achieved by rounding. From these segmented
variables, a table is constructed of all segments and equally distributed sampling points are
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obtained.
After obtaining the sampling points, an FEM analysis is performed at each sampling
point. Using the FEM analyses results, a Kriging model of the buckling load ratio is
constructed. We use ns=251 in this research.
3.3 MOGA with Kriging and FBB
The algorithm for MOGA has already been published in a well-known textbook (19).
Since the MOGA process is similar to that of the simple GA, a detailed explanation is
omitted. There are however, two points that differ from the simple GA: there are multiple
objective functions which are not transformed into a single objective function, and the
population of the MOGA is scattered over a wide range to obtain non-dominated solutions
(Pareto solutions) distributed over the entire design region (the population must be rich in
diversity). These differences are clearly defined in a reference (19). The diversity of
population is attained by means of the fitness shearing method (19).
In the present study, the structural weight of the blade-stiffened panel and the
probability of satisfaction of the constraints are the target objectives of the MOGA. The
structural weight is simply transformed into the reduction in weight from the provisional
optimal result that is obtained in the previous computation. This transforms the problem into
a maximization of the multiple objectives, namely the reduction in weight from the
provisional optimal and the probability of satisfaction of the constraints. Recalling that the
constraints are approximated here and that the Kriging RS is a simple approximated value,
the probability of satisfaction is used rather than the direct response of the Kriging RS.
The present study employs a two-layer optimization process. In the upper layer,
optimization of structural dimensions is performed by means of the MOGA. Chromosomes
of each individual correspond to structural dimensions such as height or width of the
stiffener, and these dimensions offer sufficient information to evaluate the structural weight.
To evaluate the buckling load and fracture of the structure, however, stacking sequences of
composite laminates must be known. The upper layer optimization process activates a lower
layer optimization of the stacking sequences for this process. The stacking sequences of the
stiffener and panel are optimized by the modified FBB method; this is a modified version of
the FBB method to optimize more than two laminates simultaneously.
The flow of this optimization process is shown in Fig. 2 and can be summarized as
follows .
(1) First, the design of experiments is performed using LHS to select ns points. FEM
analyses of buckling load are conducted at the selected ns points. The Kriging RS is
produced from the results of the ns points. The value of ns should be more than 10 times the
number of design variables. From the ns selected points, the minimum weight structure
satisfying the buckling load constraint is selected as the provisional optimal structure
(Wmin).
(2) Initial individuals of the MOGA (total size of population is 100) are selected
randomly.
(3) Upper layer optimization is performed using the MOGA.
(a) The fitness of each individual is evaluated; lower layer optimization is performed
to optimize stacking sequences of the stiffener and panel using the extended FBB method
to maximize the probability of the satisfaction of the constraint factor. This process is
described later.
(b) Non-dominated individuals are searched for using the two objective functions,
weight reduction from the provisional structure and the probability of satisfaction of the
constraint factor.
(c) The diversity of population is evaluated for each individual, and the fitness value
of each individual is calculated.

239

Journal of Computational
Science and Technology

Vol. 2, No. 1, 2008

(d) Selection is performed using a Pareto ranking method, and a mutation is
conducted after a crossover of the selected individuals.
(4) The MOGA is terminated at the 300th generation.
(5) The top ten individuals of the probability of satisfaction of the buckling load are
calculated by means of FEM analyses while considering the diversity of the population in
the 100 Pareto solutions.
The ten new FEM results are added to the Kriging RS data set. The process is then repeated
from step (2).
Construct the Kriging model
with ns sample points
Initialize all variables of GA
population randomly

Input: dimensions
Calculate the objective values
using the Kriging model

Evaluate the fitness

No

Stacking sequence-level
optimization

Construct the quadratic RS
using the data

Update population
(GA operation)

Optimize two stacking
sequences by extended FBBM

Converge?

Output: optimum

Yes

Select & evaluate additional
analysis points
Add the results to data
ns=ns +10

Fig. 2 Flowchart of multi-objective dimensions and stacking sequence optimization.

4. Improvement of the MOGA with Kriging and FBB
The previously mentioned MOGA method with a Kriging RS and FBB has been
adopted in the optimization of composite interstage structures (15). In the previous study, the
only constraint was the buckling load ratio, whereas in this study there are two constraints:
the buckling load ratio and the fracture factor. Both constraints must be greater than 1. The
simplest method to deal with the multiple constraints is to make a Kriging RS for each
constraint. This method, however, requires complicated procedures to select candidates to
improve the approximation of the Kriging RS, and also adds computational cost in
calculating the Kriging RS when the number of constraints is increased. Moreover, the
increase in the objective functions of the MOGA makes obtaining the optimal Pareto results
for the MOGA difficult.
In the present study, therefore, a modified approach is adopted. Only a single Kriging
RS is used to approximate the most critical constraint. The definition of the most critical
constraint λmin is given by:
(18)
λ min = min[ λ b , λ s ]
When λmin>1, both λb and λs are larger than 1. This modification simplifies the
optimization process of the MOGA, but may result in a non-smooth response surface for the
constraint. The drawback is compensated by the fitness improvement process: with the
selected candidates from the structures located close by, the probability of satisfaction of the
constraint is equal to 1. This means the fitness of the Kriging RS is improved near the
structures that satisfy both the constraints as the optimization progresses.
For the stacking sequence optimization, the probability of satisfaction of the most
critical constraint λmin is maximized using the FBB method. Since the probability of
satisfaction shows rapid change around the sampling points, the variable {(λmin-1)/s} of Eq.
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(17) is used as an objective function in the FBB method. At the sampling point, a smaller
value of s is used instead of s=0. First, the design of the experiment is performed for the
lamination parameters (9),(10),(11), and the value of λmin and the variance of the estimation are
obtained from the Kriging RS at each selected laminate. A quadratic polynomial response
surface is constructed from the values of {(λmin-1)/s} using the least squares error method.
The FBB simply searches the laminate that maximizes the probability of satisfaction of
λmin>1 because the cumulative distribution function of Eq. (17) is a simple monotonically
increasing function.
To terminate the MOGA, the maximum number of MOGA cycles is set to 10 in the
present study.

5. Results and discussion

Estimated response, kg-1

Using LHS, the experiment was performed and 251 sampling points were selected.
After concluding the FEM analyses at each sampling point, the first Kriging model was
constructed using the FEM results. Figure 3 shows the cross validation estimation results of
the first Kriging model. Since the cross validation process is usually to estimate a response
of the sampling point after eliminating the target sampling point, the evaluated responses
show the responses of the new data using the Kriging model. The abscissa is the actual
value of λmin and the ordinate the estimated values thereof. Figure 3 shows that the first
Kriging RS has good estimations over the entire region.
6

4

2

0
0

2

4

6

Actual response, kg-1
Fig. 3 Results of cross-validation of initial Kriging response surface.

∆W=Wmin-W, kg

0.2
Wmin 0.267kg
0.15

Palate solutions
Selected for FEM

0.1
0.05
0
0

0.2

0.4

0.6

0.8

1

1.2

Prob {Min(λ,λ)>1}
Fig. 4 Optimal Pareto solutions of the first MOGA cycle.

Figure 4 shows the provisional Pareto optimal results after the first cycle of the MOGA.
The ordinate is the weight reduction and the abscissa the probability of satisfaction of λmin.
The plots are the results obtained after the first MOGA cycle, and the open triangle symbols
are the selected individuals for the FEM analyses to improve the Kriging RS. Since the
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constraint must be satisfied, the individuals with a higher probability of satisfaction of the
constraint are selected to improve the Kriging RS near the optimal point. Wmin represents the
minimum weight of the initial 251 FEM analyses. The weight of each individual of the
MOGA can be easily calculated from Eq. (4). This means that the ordinate is the exact value
in Fig. 4.

Weight, kg

0.3
Minimum weight
Feasible
Infeasible

0.25

0.2

0.15
0

2

4
6
Iteration Number

8

10

Fig. 5 Iteration history of the minimum weight of the MOGA.

Figure 5 shows the results of the history of the minimum weight of the MOGA. The
abscissa is the iteration cycle number of the MOGA, and the ordinate the weight of the
optimal Pareto results at each iteration cycle. The large open circles represent the minimum
weight structures that satisfy the constraint, whereas the large solid circles represent the
structures that satisfy the constraint but which are not the minimum weight structures. The
cross-shape symbols represent the structures that do not satisfy the constraint. Figure 5
shows that it is difficult to obtain a better result with more optimization cycles.
Table 3 Optimal result.

W, kg
λb
λs
h
b2
s
Np
Ns

0.209
1.05
1.51
0.0119
0.0362
0.0361
4
15
Panel
[45/-45/90 2]S
Stiffener [04/45/04/- 45/04/90]S

Fig. 6 Buckling mode of the optimal structure

Table 3 shows the optimal result obtained after the 10th iteration of the MOGA. The
total number of FEM analyses is 251+100=351. Since the MOGA requires tens of
thousands of FEM analyses without the Kriging model, the present MOGA with Kriging
method is a very effective method of reducing the computational cost. For comparison, a
dimension optimization was performed using material properties of a quasi-isotropic
laminate. The weight of the optimal result using the quasi-isotropic laminate was 0.270kg.
This means that the present optimization of dimensions and stacking sequences enables us

242

Journal of Computational
Science and Technology

Vol. 2, No. 1, 2008

to obtain a 23 % lighter weight structure. Since the fracture point is at the point under the
blade stiffener, the thick blade stiffeners seem to prevent fracture due to compression load.
The buckling mode is illustrated in Fig. 6, where the panel part shows buckling first due to
the thick blade stiffeners.
To investigate the modification of the DACE Kriging RS by adding extra FEM
analyses, a cross validation of the 10th Kriging RS is performed as shown in Fig.7. The
abscissa is the actual λmin and the ordinate the estimated λmin. Compared with the initial
Kriging RS of Fig. 3, an extra 100 FEM analytical results are added to the data to make the
Kriging RS in Fig. 7. The solid symbols represent the initial 251 data samples, while the
open symbols are the extra 100 FEM analytical results added later. As shown in Fig.7,
almost all the initial points give poor estimates for the average value and the Kriging RS
gives good estimates only for the added new sampling data. This means that adding extra
FEM data clearly improves the fitness around the optimal point, but makes the fitness of
other areas worse.

Estimated response, kg-1

6

Newly added sampled points
Original sampled points

4

2

0
0

2

4

6

Actual response, kg-1
Fig. 7 Result of cross-validation of the 10th renewed Kriging model

Figure 8 represents the schema of the worsening mechanism for the initial sampling
points of the DACE Kriging RS. The abscissa is a variable and the ordinate the response.
The solid circle symbols are the initial sampling points and the open circle symbols the
newly added points. The dash-dotted curve represents the initial response surface and the
solid curve represents the renewed Kriging estimation curve.
With the increase in MOGA cycles, the number of added FEM analyses increases. This
means many points around the optimal result are added to the Kriging RS. With the increase
of concentrated sampling around the optimal points (x=0.62), the curve gives better
estimates around the optimal point. The estimates far from the optimal point, however, are
worse.
This concentrated sampling around the optimal result causes an increase in the Kriging
correlation parameters η decided in Eq. (15). The increase in η means that the sampling
points just near the target point affect the response. This, therefore, causes poor estimation
for the area located far from the concentrated sampling point: the response far from the
concentrated sampling point becomes the average value except for the points near the
sampling points. Table 4 shows the correlation parameters for the first and 10th Kriging RS.
As shown in Table 4, the correlation parameter values increase for many of the parameters.
Table 4 Comparison of correlation parameters of two Kriging RS

1
10

V1p*

V2p*

0.567
1.994

0.587
1.777

W1p*
0.016
9.538

W2p*
0.031
1.108

V1s*

V2s*

W1s*

W2s*

0.425
9.295

0.037
0.017

0.036
0.000

0.067
0.001

h
0.914
72.64

b2
0.048
7.357

s
0.160
0.978

Np

Ns

0.520
13.13

0.415
1.200
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When the estimation of the DACE Kriging RS is used directly, this worsening of fitting
in the sparse sampling area definitely results in a fatal error for the optimization process. In
the present study, however, the probability of satisfaction of the constraint is used for the
optimizations of the stacking sequences. In the calculation of the probability, not only the
response but also the variance (s) in Eq. (16) is used. The variance increases with the
increase in distance from the sampling point. In this study, the poor fitness of the response
does not affect the optimizations of the stacking sequences directly. This problem of
exceedingly concentrated sampling must be checked when the response of the Kriging is
used directly in the optimization process. Moreover, it is clearly not true that the addition of
sampling points does not affect the fitting of response values in the data sparse region for
the DACE Kriging RS. Even with the DACE Kriging RS, we have to be as careful as when
using a polynomial response surface if we use the response value directly in the
optimization process. Resolving this problem is our future work.
1.5

Initial sampling point
Added sampling point
Initial Kriging Model
Modified Kriging Model

f (x)

1

0.5

0

Average value

0

0.2

0.4

0.6

0.8

1

x
Fig. 8 Typical DACE Kriging RS with concentrated sampling

6. Concluding remarks
The present study deals with the simultaneous optimization of dimensions and stacking
sequences using the MOGA with multiple constraints. The new method is applied to a
blade-stiffened composite panel. The most critical constraint is selected at each sampling
point and the Kriging RS is made to estimate the probability of satisfaction of the
constraints. This method successfully obtained the optimal practical result with only a small
number of FEM analyses. Although the addition of sampling around the optimal point
provides better fitness around the optimal point, the concentrated sampling results in poor
estimations for the points far from the optimal point. The present method is not affected by
this poor fitness because the probability of satisfaction of the constraint is used for the
objective function in the stacking sequence optimization. This check of the fitness reveals
that the concentrated sampling may give poor fitness in the relatively sparse sampling areas
even for a Kriging RS constructed using the DACE model.
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