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Abstract

The tensile strength of lightweight aggregate concrete is a key mechanical property, yet it is signif-
icantly influenced by the multiphase microstructure involving aggregates, the interfacial transition
zone, and pores. Traditional empirical formulas or macroscopic numerical simulations exhibit lim-
ited predictive accuracy. This paper proposes a hybrid micro-macro prediction model. First, a two-
dimensional micro-scale model of lightweight aggregate concrete is constructed using the base-sur-
face force element method, a highly efficient numerical approach for handling discontinuities. By
incorporating arandom aggregate placement algorithm, the model realistically simulates the entire
process of interface cracking and crack propagation between aggregates and matrix under tensile
loading. Employing an orthogonal experimental design, the study systematically investigates the
quantitative influence of nine key micro-parameters—including specimen size, aggregate strength,
interfacial transition zone strength, and porosity—on macro-tensile strength, generating a dataset
comprising 130 sample sets. Subsequently, this dataset was randomly partitioned into training (80
sets), validation (25 sets), and testing (25 sets) sets, then input into an Extreme Learning Machine
(ELM) neural network for training and optimization. Results demonstrate that the proposed BFEM-
ELM hybrid model effectively uncovers the complex nonlinear relationship between microstruc-
tural features and macroscopic performance, delivering fast prediction speeds and high accuracy.
This approach offers novel insights for material design and performance optimization in light-
weight aggregate concrete.
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Figure 1. Basic structure of ELM model
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Figure 2. Metric values for different number of hidden layer nodes
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Figure 3. Geometric characteristics and microscopic structural models of lightweight aggregates
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Figure 4. Comparison of training set prediction results
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Figure 5. Comparison of test set prediction results
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Figure 7. Fitting of the sample
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Figure 10. Prediction results
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