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ABSTRACT: A Probabilistic neural network (PNN) technique for predicting the stability number for the armor blocks of breakwaters is
presented. A PNN is prepared using the experimental data of van der Meer and is then compared with the empirical formula and previous
artificial neural network (ANN) model. This comparison shows that a PNN can effectively predict the stability numbers in spite of data
complexity, incompleteness, and incoherence, and can be an effective tool for the designers of rubble mound breakwaters to support their decision
process and to improve design efficiency.
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Fig. 1 Stability numbers predicted by van der Meer
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Fig. 9 Stability numbers predicted by ANN; with all patterns

including training patterns
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Fig. 10 Stability numbers predicted by ANN, with all patterns

including training patterns.
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Fig. 11 Stability numbers predicted by PNN; with all patterns

including training patterns
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Fig, 12 Stability numbers predicted by PNN. with all patterns

including training patterns
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Fig. 13 Stability numbers predicted by ANN; with only untrained

patterns
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Fig. 14 Stability numbers predicted by ANN, with only untrained

patterns
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Fig. 15 Stability numbers predicted by PNN; with only untrained

patterns
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