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Abstract. This paper presents evolutionary-based least-weight topology and size optimization
procedure for designing offshore wind turbine supporting structures. A modified version of
Genetic Algorithms is presented herein. The GA technique is used for solving the nonlinear
constrained optimization problem of 3D quatropod jacket offshore support structure. In this
optimum design formulation, the objective function is the material weight of the supporting
truss; the design variables are the locations of the ends of the truss members as well as the
cross-sectional areas of the truss members. The constraints are the stresses in members and
the displacements of the joints. The constraints are handled using non-stationary (dynamical-
ly modified) penalty functions. The quatropod jacket, one of the most commonly used design
alternatives for offshore supporting structures is presented as demonstration to the efficiency
of the presented GA algorithm. The quatropod jacket test problem is subjected to gravity,
wind, wave and earthquake loading conditions. The results show that the GA method is effi-
cient in finding the best discovered optimal solution [structural topology and weight].
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1 INTRODUCTION AND BACKGROUND

Often times, the individual design solutions (typically, a range of possible feasible design
solutions exist for a given engineering problem) significantly influence the structural response
to the environmental loads and thus impose additional constraints to the design. For example,
the type, configuration, and structural member sizes of the supporting offshore structure,
could potentially have a dramatic impact on marine growth size which greatly impacts the hy-
drodynamic drag forces. As a result, the nonlinearities associated with fluid-structure interac-
tion may be substantial and no longer be admissible to dismiss during the design stage [1].

In the presence of multiple optima and non-smooth constraints in the design variable space,
it is difficult to obtain a set of optimum values using member-level optimization formulations.
This shortcoming inspired researchers to explore using the relatively new and innovative evo-
lutionary-based optimization techniques. For example, the following methods have been used
recently to address structural engineering optimization problems: Shuffled Complex Evolu-
tion Optimizer (SCEO), Ant Colony Optimization (ACO), the Genetic Algorithms (GA), and
Particle Swarm Optimizer (PSO) (e.g. [2]-[12]).

Many structural optimization problems involve problem-specific constraints applicable to
the solutions limiting the feasible search space. In these types of problems, it is challenging to
adapt traditional optimization techniques to handle constraints. One of the most popular con-
straint handling methods is through penalty functions due to the relative simplicity and ease of
implementation. Topology optimization was used by many researchers to generate alternative
structural design concepts for benchmark wind turbine blades. In these studies, the focus is
alternative structural layout for wind turbine blades with the aim of improving its design, min-
imizing weight and ultimately, wind energy cost reduction (e.g. [13]-[23]).

This study presents an efficient Genetic Algorithm with Domain Trimming (GADT) opti-
mization technique to achieve superior optimization. The GADT scheme is used to solve a
typical least-weight design for offshore wind turbine supporting structures through topology
and member size optimization. The algorithm is coded using the MATLAB commercial soft-
ware package [24] and its built-in GA libraries; while the structural analysis and design for
the different topology and loading configurations is performed using the SAP2000 commer-
cial software package [25]. The linkage and automation of the structural analysis and design
tasks are initiated from within the MATLAB code and established through the Open Applica-
tion Programming Interface (OAPI) capabilities of the SAP2000 software.

2 GENETIC ALGORITHM WITH DOMAIN TRIMMING (GADT)

To begin GA optimization, a population of N, (population size) solution alternatives are
generated randomly using a uniform probability distribution; each solution of the GA consists
of a combination of variables (x;, X2, X3, ..., X5) Which has its own fitness value. In cases
where the optimization is performed to find the minimum of a given problem, lower fitness is
preferable. Solutions that yield low objective values would have better fitness as long as they
are not penalized for violating the constraints which would result in increasing the fitness val-
ue. Populations of solutions are represented by chromosomes or variable strings. In this re-
search, a variable string is used instead of a binary string because the design variables are
discrete. Once the fitness for every solution in the current population is calculated using the
fitness function Fj(X), unfit solutions are eliminated. Any solution whose fitness is greater
than the average, Faye, of the population is reassigned a fitness of zero:
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F(X)  for Fi(X) < Faye
for F](X) 2 Fave
where (X) is the vector of the design variables.

F(x) = { ave = j=12,..,N, (1)

The three basic operations of a GA, reproduction, crossover, and mutation, are used to im-
prove the fitness of each population from one generation (iteration) to the next (

Figure ). The reproduction operation selects the better fit designs, copies them and places
them into a mating pool allowing each to mate and reproduce. Different selection methods are
available in the literature. The roulette wheel selection method is used in this study for its
simplicity and popularity. The uniform crossover operation is used to combine genetic infor-
mation between two parent solutions. Uniform crossover selects two parent solutions at a time
from the mating pool and swaps variables corresponding to zeros in a binary string known as
a mask.
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Figure 1: Flow chart of general GADT optimization [26]

g Sokition 1

A major shortcoming of GA optimization is that while it is good in global search of the op-
timum solutions, it is weak in local search; meaning that it will converge to the optimum solu-
tion but will not locate it with high precision especially if the population size is small. The
reason is that initially, the solution variables are selected randomly from a pre-specified range
(domain), those variables do not change but relocate from one solution to another, with the
exception when mutation occurs which introduces new variables from the specified domain.
However, the probability of mutation is generally kept low (2%-5%) in order to increase the
solution stability. Another shortcoming of the GA approach is the choice of domain; a poor
choice of the domain (e.g.: [1, 1000] when the optimum value is 2) dramatically impacts con-
vergence. In this study, a new technique that addresses these GA shortcomings is presented.
The technique is to trim the domain so that the chance of selecting the optimal variable is en-
hanced (e.g.: trimming a domain from [1, 1000] to [1, 10] would increase the probability of
selection of the optimal variable by 200 times). After trimming, the GA is reinitiated and con-
tinues to do so until the optimum solution is found. Figure 1 shows the flowchart for the
GADT Method. For more details about GADT algorithm the reader is referred to [26].
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2.1 Constraints handling

One of the most common constraint-handling techniques is through penalty functions. In
such approaches, the problem is solved as an unconstrained one, where the constraints are pe-
nalized (such that non—feasible solutions are characterized by high function values). This al-
lows for a single objective function to be formulated and in turn minimized using an
unconstrained optimization algorithm. The penalty functions can either be stationary or non-
stationary (dynamically modified). It is observed that non-stationary penalty functions are al-
most always superior to stationary penalty functions. A non-stationary penalty function is,
generally, defined as

f(X)=F(X)+p(X.c,.e,) 2

Where F(X) is the original objective function of the constrained optimization problem; p(e) is
a dynamically modified penalty value, defined as

(cpnri) ™, 721

3
0, r<1 )

p(X, Cpns epn) = {

Where, r; is the individual member’s demand over capacity ratio according to the design code.
Cpn and ey are the penalty coefficient and exponent, respectively. As their name implies, they
provide means to penalize the optimization objective if the ratio I exceeded unity. eyn serves
as efficient means to greatly increase the penalty as r gets farther from unity while Cpn ensures
that values of r get farther away from unity. In this study, the empirically-selected values of
the penalty coefficient and exponent are 2.5 and 2, respectively.

3 PROBLEM FORMULATION FOR OFFSHORE JACKET STRUCTURE

The proposed optimization problem for the wind turbine supporting truss structure is quite
complex as it aims at discovering the optimum geometrical configuration and shape as well as
member sizes. The mathematical form of the problem can be expressed as follows:

Fll’ld AT :{Aa Ap---Ava:yvzs}
To Minimize F=W(Axs,ys,zs)=pzn:LiA

Subjectto gy <g;(A)<g]  j=12..m
and A™ <A <A™ i=12,.n @)

Where Ai = the design variable i (member i cross-sectional area), (xs, ys, zs) are the mem-
bers’ end nodes coordinates, n = the number of the design variables, W(A) = the objective
function (the structural weight), p = the material density, Li = the member length, m = the
number of inequality constraints (g), A and A are the lower and the upper bound of the
i™ variable respectively. The lower and upper bounds posed by Eq.(4) on the constraints in-
clude truss member stresses and joint displacements according to the specified design code.

Combining the objective and penalty functions together would yield the fitness function
used in GADT:

Min F(AL', Xi,YirZi, Cpn' epn) = f(Ai' Xi, Vi, Zi)+ p(AL', Xi»YirZiy Cpn: epn) (5)
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For practicality and to constraint the structure’s space, the locations of the nodes in the x-y
plane are, not allowed to change. Instead, the vertical location z of the node along the legs is
allowed to change (see Figure 2b). Consequently, the slope of the legs, the length of members,
and the weight of the structure are changing as well.

3.1 Quatropod Jacket

One of the most commonly used offshore wind turbine support systems is used herein to
demonstrate the efficiency of the GADT algorithm. The developed code is applied to design a
3D quatropod jacket trusses subjected to various loading conditions. A total lumped mass of
3.4 x10° kg representing the turbine mass is assumed on the top of the tower. The design con-
straints include truss joint displacements and member stresses. The supporting truss systems
are analyzed for load combinations and designed for conditions specified according to the
2010 AISC-LRFD design code [27].

4 RESULTS AND DISCUSSION

The GADT algorithm is applied to the quatropod structure. The effect of the GADT con-
trol parameters (population size, penalty coefficient and exponent) on the optimum solutions
is explored and the combination producing the best results are adopted. This 64-bar 3D truss
structure is doubly-symmetric about the x- and y-axes. Thus, the truss members are linked in
14 member groups. Figure 2 shows the detailed description of these groups. Therefore, the
optimization problem has 33 independent design variables and 32 (13 tension stresses, 13
compression stresses, and 6 displacements) constraints. Table 1 gives the best discovered so-
lutions for the structure.

WT = =
Rod: gene 32: D
gene 33: WT J

Supports:  gene 29: D Platform Beam:
gene 30: WT gene 27: D
gene 31: Length gene 28: WT
member group 5: gene 23: D Legs Slope: gene 26

gene 24: WT Y Braces5: gene 9:D
gene 25: Length \ _ gcmm WT

member group 4:  gene 20: D
gene 21: WT ’ Braces4: gene7:D
gene 22: Length \ - gene 8 WT

member group 3: gene 17:D
gene 18: WT Braces 3: gene5:D

gene 19: Length \ - gene 6: WT
member group 2: gene 14: D
gene 15: WT Braces2: gene3:D
gene 16: Length \ - gene 4: WT
member group 1: gene 11: D
gene 12: WT Braces 1: gene 1:D

gene 13: Length \ - gene 2: WT

Figure 2: Wind turbine supporting truss structures: a) 3D View b) Description of the design groups (variables).
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The best discovered optimum weight via GADT algorithm is found to be 4,227,300 kgf.
The best solution is obtained after approximately 500 searches shown in Figure 3. The opti-
mal solutions found by the GADT meet all constraints and have no active constraints.

Table 1: Optimal Design values for the 3D 64-bar space truss (quatropod jacket).

Optimal Design Variables (m)

Variable BDV  Variable BDV  Variable BDV®
1 D! 0.74 12 WI* 014 23 D 0.57
2 WT 0055 13 L 1353 24 WT 0.08
3 D 0.71 14 D 096 25 L° 13.50
4 WT 0047 15 WT 012 26 §* 8.00°
5 D 0.64 16 L 1175 27 D 0.59
6 WT 0036 17 D 074 28 WT 0.07
7 D 0.55 18 WI 013 29 D 0.45
8 WT 0037 19 L 1391 30 WT 0.07
9 D 054 20 D 059 31 L 5.10
10 WT 0035 21 WT 012 32 D 1.80
11 D 084 22 L 980 33 WT 0.06

Minimum Discovered Total Weight = 4,227,300 kgf
'D: Diameter (outer); *WT: Wall Thickness; “L: Length; ‘s: Slope; *BDV: Best Discovered Value

10

Total Weight (kgf)

0 I I I I I I I I I |
0 50 100 150 200 250 300 350 400 450 500

Iteration

Figure 3: Path to convergence for the minimum weight of the quadropod structure.

5 SUMMARY AND CONCLUSIONS

A modified version of Genetic Algorithm with Domain Trimming (GADT) is presented in
this study. The innovative technique is used to solve a least-weight topology and size optimi-
zation problem in the design of offshore wind turbine supporting structures. The GADT is
used for solving the nonlinear optimization problem of 3D quatropod jacket offshore structure.
In this optimum design formulation, the objective function is the material weight of the sup-
porting truss; the design variables are the locations of the ends of the truss members as well as
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the cross-sectional areas of the truss members; the constraints are the stresses in members and
the displacements of the joints. The constraints were handled using non-stationary (dynami-
cally modified) penalty functions. The quatropod jacket problem is subjected to gravity, wind,
wave and earthquake loading conditions. The results show that the (GADT) method is effi-
cient in finding the best discovered optimal solution.
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