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Abstract

To overcome the limitations of traditional cementitious materials, such as reliance on empirical design
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and iterative testing, low tensile strength, and brittle behavior, Engineered Cementitious Composites
(ECC) have been developed based on micromechanical principles. ECC significantly enhances mate-
rial ductility and crack control, with its ultimate tensile strain exceeding that of ordinary concrete
by 2~3 orders of magnitude, making it highly suitable for improving seismic resilience in engineer-
ing structures. However, the mix design and performance optimization of ECC still heavily depend
on experimental testing and validation. Therefore, this paper proposes the application of a Deep
Neural Network (DNN) model for predicting and validating the mechanical properties of ECC. By
leveraging existing experimental data and incorporating micromechanical principles to screen key
feature parameters, a DNN model was constructed to accurately predict the ultimate tensile strain,
thereby substantially reducing reliance on physical testing. The results demonstrate that the pro-
posed method is conceptually clear and exhibits high predictive accuracy. With moderate require-
ments for students’ theoretical background, this approach is suitable for integration into under-
graduate courses such as intelligent construction, fostering students’ ability to solve practical engi-
neering problems through interdisciplinary means.
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Figure 1. Microscopic mechanical mechanism of Engineered Cementitious
Composites (ECC) [7]
1. ECC #HRHMM AR [7]
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Figure 2. Comparison between predicted and actual ultimate tensile strain
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