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Global Optimization Using Kriging Metamodel and DE algorithm
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Abstract

In recent engineering, the designer has become more and more dependent on computer simulation. But
defining exact model using computer simulation is too expensive and time consuming in the complicate
systems. Thus, designers often use approximation models, which express the relation between design
variables and response variables. These models are called metamodel. In this paper, we introduce one of the
metamodel, named Kriging. This model employs an interpolation scheme and is developed in the fields of
spatial statistics and geostatistics. This class of interpolating model has flexibility to model response data with
multiple local extreme. By reason of this multi modality, we can’t use any gradient-based optimization
algorithm to find global extreme value of this model. Thus we have to introduce global optimization
algorithm. To do this, we introduce DE(Differentiai Evolution). DE algorithm is developed by Ken Price and
Rainer Storn, and it has recently proven to be an efficient method for optimizing real-valued multi-modal
objective functions. This algorithm is similar to GA(Genetic Algorithm) in populating points, crossing over,
and mutating. But it introduces vector concept in populating process. So it is very simple and easy to use.
Finally, we show how we determine Kriging metamodel and find global extreme value through two
mathematical examples.
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(a)model 1

(c)model 3 (d)exact model
Fig 2 Exact bird model and its Kriging models

Table 1 The error of the bird Kriging models

Table 2 The optimum value of bird Kriging models

(X;,%;) f
Model 1 (2.003,2.003) -2.057
Model 2 (2.773,2.775) -2.333
Model 3 (2.364,2.363) -2.887
Exact model (2.356,2.356) -2.718
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Fig 3 Exact Haupt model and its Kriging models
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Table 3 The error of the Haupt Kriging models
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Table 4 The optimum value of Haupt Kriging models

(x],%)) S
Model 1 (3.443,2.397) 4644
Model 2 (2.662,2.450) -5.200
Model 3 (2.769,2.457) -5.395
Exact model (2.771,2.457) -5.408
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