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ABSTRACT

Understanding and predicting shock wave propagation in functionally graded multi-
material systems is critical for advancing impact-resistant materials. As such,
impedance-graded multi-metallic (IGMM) systems, where the materials are arranged
in their reducing order of impedance, have shown to offer superior performance over
monolithic materials by effectively mitigating the effects of shock wave transmission.
Due to complex relationships among variables that influence performance of IGMM
systems (e.g. individual metal layer thicknesses, total thickness, and impact velocity
or stress), using numerical modelling techniques to study each parameter can be time-
consuming. In contrast, machine learning (ML) models, once trained, have the
potential to provide quick responses with minimal user input. Therefore, this study
introduces an ML-based approach to predict stress-time history, velocity-time history,
and maximum tensile stress at the final layer in IGMM systems consisting of steel,
titanium, and aluminium, subjected to high-velocity impacts generating shock waves
in materials. A total of 370 impact events were simulated using LS-DYNA, changing
the input variables, to generate datasets for training and testing three tree-based ML
models; Decision Tree, Random Forest, and Extreme Gradient Boost (XGB).
Experimental results from a previously conducted single-stage gas gun test were used
in the numerical model validation. XGB outperformed other models, achieving testing
coefficient of determination (R?) values of 0.98 and 0.99 for stress and velocity-time
history predictions, and 0.92 for maximum tensile stress predictions. Shapley Additive
Explanations (SHAP), which is an explainable machine learning technique, were used
to interpret how material and system parameters influence predictions, ensuring
alignment with fundamental shock wave physics. Finally, an inverse prediction
framework was developed to identify optimal thickness combinations of steel,
titanium, and aluminium that meet predefined mechanical performance criteria. This
study acts as an interpretable, data-driven alternative to numerical modelling which
offers a feasible approach to optimising IGMM systems under shock wave
propagation.

Keywords: Impedance-graded multi-metallic systems; Machine learning; Shapley
Additive Explanations; Shock wave propagation; Optimal thickness combinations
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