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This study explores the effects of three environmental chemical species—Na,S, NaCl, and H,0,—on the
corrosion behavior of AA1100 aluminum alloy using machine learning (ML) techniques. We collected
experimental data through a full factorial design that included 27 solution conditions, from which we
extracted two key electrochemical parameters: corrosion potential (E,,,) and corrosion current density
(i), We trained four regression algorithms—Xk-nearest neighbor, random forest, support vector regres-
sion, and extreme gradient boosting—on this data and compared their performance using root mean
squared error. Among these models, the random forest algorithm demonstrated the most accurate predic-

and i
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tions for both £

corr

leading us to select it for further analysis. To assess the influence of each input

variable, we employed SHAP (SHapley Additive exPlanations) analysis. Our findings revealed that NaCl

E

corr?

made the greatest positive contribution to

while H,0, significantly increased i

In contrast, Na,S

corr®

had minimal impact on both corrosion indicators. SHAP interaction plots indicated that Cl~ and H,O, had
synergistic effects in accelerating corrosion, while Na,S remained inert. This study highlights the effec-
tiveness of interpretable ML approaches in analyzing complex corrosion systems and offers a data-driven
perspective for corrosion prediction and material design.
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Table 1. Chemical compositions of test solutions and corresponding E___and i
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Fig. 1. Examples of polarization curves of AA1100 under
various corrosive environments [7]; The numbers specified
for the curves mean the experimental conditions listed in
Table 1

values for AA1100 corrosion analysis [7]

corr corr

Solution no. Na,S (g/L) NaCl (g/L) H,0, (mL/L) E. ..(Vecr) i (A/em?)
1 0 0.3 0 -0.5870 6.5%107
2 0 0.3 5 -0.4343 2.5%107
3 0 0.3 10 -0.4961 3.0x10"
4 0 1 0 -0.8229 2.0x107
5 0 1 5 -0.5644 1.4x107
6 0 1 10 -0.6547 2.8x107
7 0 3 0 -0.7039 6.9x10°%
8 0 3 5 -0.6025 2.3x107
9 0 3 10 -0.5546 4.6x107
10 0.05 0.3 0 -0.7990 1.40x107
11 0.05 0.3 5 -0.3882 9.9x107
12 0.05 0.3 10 -0.5970 7.4x107
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Table 1. (Continued) Chemical compositions of test solutions and corresponding E_ . and i

analysis [7]

values for AA1100 corrosion

corr corr

Solution no. Na,S (g/L) NaCl (g/L) H,0, (mL/L) E. ..(Vocr) i (A/em?)
13 0.05 1 0 -0.8158 2.3x10°
14 0.05 1 5 -0.6154 4.2x107
15 0.05 1 10 -0.5250 5.1x107
16 0.05 3 0 -0.8586 5.0x10°%
17 0.05 3 5 -0.6019 3.0x10°
18 0.05 3 10 -0.6260 8.7x107
19 0.1 0.3 0 -0.7461 8.1x10°
20 0.1 0.3 5 -0.5971 3.6x107
21 0.1 0.3 10 -0.5640 5.8x107
22 0.1 1 0 -0.8512 5.6x10°%
23 0.1 1 5 -0.5739 2.4x107
24 0.1 1 10 -0.5958 8.8x107
25 0.1 3 0 -0.7504 3.0x10°%
26 0.1 3 5 -0.5806 3.8x107
27 0.1 3 10 -0.6321 7.3x107

= a3l F 2709 =Fo] FAEU 7 shEEe] s
T, NaSo| 9 0~0.1 g/Lo]™ NaCk- 03 ~3 g/
L, H,0,5= 0~ 10 mL/L3t. 7} Agxgte] et} s
st A stelA ESAIS Rdssien, sid 4
E 7AEE 2 sk E8selt.

S 3}7H8- % = (saturated calomel electrode; SCEYS 7|5
A=02, AAL00 AES 2AHsd=0% AAsieltt &
A AR UHE gHE FYEeH, E
AREETL Ha7t 5 AHex2TY, i & EFERY
W (Tafel extrapolation methodys 4-8-3lo] EZ3F3iTt
EA ) BEMLE Fig. 1of], 277 Adxd 9 7k %
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Table 2. Optimized hyperparameters for each regression model and prediction target

Model Target Scaler Optimized hyperparameters
E.. Robust weights = uniform,n=6,p =1

K-NN
- Standard weights = uniform,n=5,p=1
E.. Standard Max depth = 5, Max features = sqrt, n_estimators = 100, min samples leaf = 1

RE - Standard Max depth = 5, Max features = sqrt, n_estimators = 100, min samples leaf = 1
corr Robust C =10, epsilon = 0.05, Gamma = scale, kernel = rbf

SVR Toom Standard C =10, epsilon = 0.01, Gamma = 0.1, kernel = rbf
E.. Robust Learning rate = 0.01, Max depth = 3, n_estimators = 200

Xab - Robust Learning rate = 0.01, Max depth = 3, n_estimators = 200
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Fig. 3. Comparison between experimental and predicted values of i, for each regression model: (a) K-NN, (b) RF, (c) SVR,
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(a) (b)
NaCl H,O;
H>O, NacCl
Na,S Ecorr NayS |Og feorr
O.OIOO 040IOZ 0.(?;04 040IO6 0.0'08 O.OIIO 040IlZ 0.0'14 O.OIlG OjO Ojl 0:2 013 0j4 OjS
mean, |[SHAP value| mean, |[SHAP value|

Fig. 5. Mean absolute SHAP values of input features for the prediction of (a) E_ . and (b) i, using the RF model. Each bar
represents the average magnitude of SHAP values across all samples, indicating the overall importance of each feature in the

model. NaCl and H,O, were the most influential features for E_  and i, , respectively

corr cor

(a) High (b) High

NaCl . | s 4 | o Ho, ® ® ¢ . g
[ [
o, 8 & | B 0 NaCl o je o 0
© ©
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T T T Low T T T T T T T Low
-0.01 0.00 0.01 0.02 -08 -06 -04 -0.2 0.0 0.2 0.4
SHAP value, impact on model output SHAP value, impact on model output

Fig. 6. SHAP summary plots for input features in the prediction of (a) E_,, and (b) i_,,, using the RF model. Each dot represents

a single prediction sample, where the x-axis indicates the SHAP value, and the color denotes the actual value of the feature
(red: high, blue: low). For the E_ . (a), NaCl shows a predominantly positive influence, especially at high concentrations, while
H,0, tends to decrease E_ . For the i, (b), H,O, has the strongest positive contribution to the prediction, indicating its
dominant role in accelerating corrosion rate. Na,S exhibits relatively minor influence in both cases
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