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ABSTRACT

Most engineering design problems require analyses or simulations to evaluate objective func-
tions. However, a single simulation can take many hours or even days to finish for many real
world problems. As a result, design optimization becomes impossible since they require hun-
dreds or thousands of simulation evaluations. The surrogate-based optimization (SBO) strategy
became a remedy for such computationally expensive analyses and simulations. A surrogate-
based optimization strategy has been developed in this study in order to improve global optimi-
zation performance. The strategy is a heuristic algorithm and it exploits not only multiple surro-
gates, but also multiple optimizers. Multiple optimizations of multiple surrogate models yield
multiple candidate design points of optima. During the sequential sampling process, the algo-
rithm ranks candidate design points, selects the points as many as specified, and builds the
improved surrogate model. Various mathematical functions with different numbers of design
variables are chosen to compare the proposed method with the other most recent algorithm,
MSEGO. The proposed method shows superior performance to the other method.

Key words: Approximation, Design of Experiments (DOE), Global optimization, Meta-model,
Sequential sampling, Simulation, Surrogate, Surrogate-based optimization (SBO)
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1. Select initial samples and execute simulations

(]

. Construct/update surrogate models

[¥¥)

. Optimize the surrogate models

4. Add new samples and execute simulations

n

. Iterate steps 2.3, and 4 until satisfied

Fig. 1 A typical procedure of SBO
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Sequential Sampling Algorithm

(1) Set n,=number of surrogates,
n,=number of optimizers,
m =number of samples to add per cycle,
X =initial samples at the current cycle,
Y= simulation output at X,
Y=min(Y)
(2) Optimize the n, surrogates with the n,
optimizers respectively to yield (n,xn,) v
(3) Remove the samples already contained in the
initial samples and unify the duplicates

(4) Remove the samples not shown any progress
compared to the previous minimum

(5) Let m,=number of remaining samples out of

ngxn, samples,
if m,>m , select m samples with smallest v
if m,<m, add all m, samples and (m—m,)
QRS samples

(6) Perform m simulations at the samples chosen

and update X and Y
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