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Hybrid Simulation (HS) allows for testing a structural subassembly or component (i.e., Physical 

Substructure (PS)) accounting for its interaction with a virtual subsystem (i.e., Numerical Substructure 

(NS)). The former is loaded in the laboratory by means of servo-controlled actuators equipped with 

force transducers, while the response of the latter is calculated by a real-time computational 

environment. A time stepping analysis algorithm emulates the interaction between PS and NS by 

updating the boundary conditions of both subsystems in real-time. Typically, the structural response 

measured during HS is used to calibrate a Computational Simulator (CS) of the PS (Bursi et al., 2017). 

In a model calibration problem, one must distinguish between two groups of input parameters. One 

group comprises the -unknown- context-specific inputs (e.g., Young modulus of the material) that 

need to be identified, referred to as calibration inputs. The other group comprises all -known- variable 

inputs that characterize the context thereof (e.g., stiffness of boundary restraints or amplitude of the 

loading excitation). In order to reduce context-specific overfitting of calibration inputs, HS allows for 

producing experimental benchmarks for model calibration over the entire domain of variable inputs, 

which parametrize the NS. Model discrepancy, formally introduced as source of epistemic uncertainty 

of CSs by Kennedy and O'Hagan (2001), quantifies the residual difference between the numerical 

prediction of the CS and the corresponding experimental observation obtained via HS. When model 

discrepancy is large, the CS fails to reproduce the PS response measured during HS and needs to be 

improved. 

In order to identify the sample of variable inputs for which the discrepancy between the PS response 

and an ab initio CS is maximized, we developed a procedure for the adaptive design of HS experiments. 

Since HSs are expensive to evaluate, Kriging metamodels (Santner et al., 2013) surrogate the 

discrepancy of the CS for a number of output response quantities measured during HS. Then, the 

sample of variable inputs characterized by the maximum expected improvement of the discrepancy is 

assigned to the NS for the subsequent experiment. The key for using Kriging metamodels for solving 

global optimization problems lies in balancing the need to exploit the surrogate model (by sampling 

where Kriging predictions of discrepancy functions are maximized) with the need to improve its 

accuracy (by sampling where uncertainty of Kriging predictions may be high) (Jones et al., 1998). 

Surrogate modeling already showed promising results for enabling HS-based global sensitivity studies 

(Abbiati et al., 2015), reliability studies (Abbiati et al., 2017) and design of cyber-physical systems that 

are robust against experimental errors (Sauder et al., 2019). Here, Kriging surrogate models are 

estimated using the UQLab software framework developed by the Chair of Risk, Safety and 

Uncertainty Quantification in ETH Zürich (Marelli and Sudret, 2014). 

This presentation shows an experimental application of the proposed method and discusses the main 

results.  
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