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This paper presents an artificial neural network (ANN) model designed to predict the potentiodynamic
polarization behavior of S31803 duplex stainless steel (DSS) in marine environments. A full factorial
experimental design was utilized to gather data on the effects of temperature, salinity, and pH on corrosion
behavior. Potentiodynamic polarization (PDP) tests were performed to create a comprehensive database
across a wide potential range. The ANN model uses temperature, salinity, pH, and overpotential as input
variables, while the output layer predicts the corresponding current density under overpotential. Based on
the dataset obtained from the PDP curves, a multilayer ANN model was developed and optimized to fore-
cast polarization curves. The optimized ANN model demonstrated high predictive accuracy, with deter-
mination coefficients of 0.993, 0.987, and 0.987 for the training, validation, and test datasets, respectively.
These results suggest that the proposed ANN model is an effective tool for predicting corrosion behavior,
contributing to corrosion monitoring and condition-based maintenance in marine systems.
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PREDICTION OF POTENTIODYNAMIC POLARIZATION BEHAVIOR OF $31803 DUPLEX STAINLESS STEEL UNDER VARIOUS
ENVIRONMENTAL CONDITIONS USING ARTIFICIAL NEURAL NETWORKS
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0.02 0.27 1.8 0.04 0.001 22.54 5.54 3.25 0.15 0.15
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Table 2. Experimental factor and their levels

KWANG-HU JUNG AND SEONG-JONG KIM

Factors Unit Level (Normalized Value)
Input temperature °C 30(0) 60(0.5) 90(1)
Input salinity g/L 20(0) 30(0.5) 40(1)
Input pH 2(0) 4(0.5) 6(1)
Input overpotential, 1 v from -0.25 Vvs. OCPto 1.2V
Output current under overpotential, /, Alem? range of 107" ~ 10!

Table 3. Full factorial design matrix and experiment results

No. Temp. Salinity pH
1 30 20 2
2 30 20 4
3 30 20 6
4 30 30 2
5 30 30 4
6 30 30 6
7 30 40 2
8 30 40 4
9 30 40 6
10 60 20 2
11 60 20 4
12 60 20 6
13 60 30 2
14 60 30 4
15 60 30 6
16 60 40 2
17 60 40 4
18 60 40 6
19 90 20 2
20 90 20 4
21 90 20 6
22 90 30 2
23 90 30 4
24 90 30 6
25 90 40 2
26 90 40 4
27 90 40 6
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PREDICTION OF POTENTIODYNAMIC POLARIZATION BEHAVIOR OF $31803 DUPLEX STAINLESS STEEL UNDER VARIOUS
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Fig. 1. Schematic diagram for ANN architecture used for modeling polarization curves
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Fig. 7. Comparison between experimental and ANN model-predicted polarization curves for training data sets under

conditions listed in Table. 3
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