1. Design variables

2. Surrogate models
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3. Predictions for candidate x

Windows thicknesses (trained on FEM data) (surrogate)
(to be optimized) Distortion(eyy) Distortion(ezy)
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Candidate geometry x*
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6. FEM validation
(adaptative)
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FEM analysis ]

Compare FEM vs surrogate

(from surrogate optimization)

4. Objective function
Minimize J(x)
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Maximize energy dissipation (tie-breaker)
Window penalties (balance & limit damage)
Frame penalty (strong)

5. Optimizer

Differential Evolution

Pop. size =25xD
Max. iterations = 500
Tolerance = 1076
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Output:

Best candidate x*

predcitions
Exy,i
D;
Dy
J

7. Acceptance criteria

0 Prediction error (all variables) < 5%

e Window thicknesses stable
(variation <5% of design range
between consecutive iterations)
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All criterias fulfilled?
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Accept optimized geometry
(FEM-validated)

Add new FEM result to dataset

Retrain surrogate models and
repeat optimization

DE explores the design space using fast

surrogate predictions

Objective prioritizes damage control; energy
dissipation acts as a tie-breaker

Summary

FEM validation ensures reliability of the
predicted optimal solution

If not validated: retrain surrogates and
repeat the optimization




