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Predicting Shear Strength of Reinforced Concrete Deep Beams by Artificial
Neural Networks
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Abstract

Shear strength is one of the major concrete mechanical properties that are indispensably
used in different building and bridge design codes. In this study, a database on shear failure of
reinforced concrete deep beams with rectangular section subjected to shear force was
retrieved from the existing literature for analysis instead of the practical and experimental data.
Multilayer perceptrons networks (MLP) were developed sequentially and the ultimate shear
strength of each beam was determined from the MLP model. Besides, the MLP model’s
predictions were also compared with those obtained using empirical equations. It was found
that the MLP models could infer solutions from the data presented to them, capturing quite
subtle relationships. In other words, the MLP models give reasonable predictions of the
ultimate shear strength of RC deep beams. The results also show that the MLP models provide
better accuracy than the existing parametric models.
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