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Abstract: Strut-based lattice metamaterials represent a class of ultra-lightweight, load-bearing, and energy-absorbing materials
with broad application prospects in fields such as impact protection, aerospace engineering, and lightweight structural design.

Owing to their unique periodic architectures and adjustable meso-structural parameters, these materials exhibit exceptional
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mechanical tunability and multifunctional potential. However, due to the vast parameter space of mesoscopic configurations,

and the highly nonlinear relationship between the structural geometry and the mechanical response, the optimization of
mechanical performance for lattice metamaterials remains a formidable challenge. Based on the meso-structural characteristics
of strut-based lattice metamaterials, an efficient rapid digital modeling method was proposed. A Python script combined with
Abaqus software was utilized for the rapid modeling of truss lattice metamaterials and fast calculations about the mechanical
properties of the metamaterials. Based on the calculation results, a machine learning dataset was constructed. Three types of truss
lattice structures were randomly selected and additively manufactured. Quasi-static compression tests on these three lattice
structures were conducted using a universal testing machine to verify the accuracy of the dataset. Subsequently, an Artificial
Neural Network (ANN) was trained to rapidly predict the mechanical properties of the truss lattice metamaterials. Focusing on
the load-bearing capacity, energy absorption capability, and the concurrent optimization of both,a Non-dominated Sorting
Genetic Algorithm II (NSGA-II) was employed. The well-trained ANN served as a surrogate m d within NSGA-IL

Lattice configurations that exhibited high load-bearing capacity and superior energy absorptign ¢ ics were generated by

the optimization process. These configurations also achieved a balance between load-beagin ergy-absorption performance,

facilitating the optimization design of truss lattice metamaterials. Additionally, simulatio idns confirmed the reliability of
the optimization outcomes, demonstrating the effectiveness of integrating ANN i oluttgnary algorithms for the advanced
design of metamaterials. By integrating machine learning with numerical sim
design was effectively reduced, offering support for the rapid performance th
metamaterials. -
Ve
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Fig.1 Modeling process of lattice metamaterial
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Fig.3 Finite element model of lattice metamaterial
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Fig.5 Comparison of deformation modes obtained from experiments and numerical simulations
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