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Fig. 3: Comparison of correlations between Actual RA and Predicted RA of seven ML models

Ultimate strength: 19.2% C:4.7%

Ultimate strength: 27.5% mn: 5.1%¢

ot
P: 4.1% N
s: 5.1““‘- P: 12.2?’

\ noteworthy impact.
| s0% Statfd Traiing Spit - ' ‘ Optimum Model’s \ > Application:  Provides insights for  material
e s Feature importance " : : : :
optimization, reducing hydrogen-induced risks.

] Ca-lthzost Model Rando:m. F:rest Model Xi:B:Oo;t Modél . /’/ P h OS p h O r'u S : a n d S i I iCO n .
aw Data Retrieval e . » Nt Ll v ' T T T ] .
2 &0 00 @0 » Minor Elements: Mn, Al, and S have a combined, yet

Pressure: 22.9%

» Data Labeling

» Missing Data Handling
» Qutlier Handling

» Feature Selection

Heat treatment: 3.0%

0 . . .
[Data Cleaning and Processing} —>{ 20% Stratified Testing Split ]—

Si: 15.5%

~

Decision Tree Model ANN Model AdaBoost Model Feature Importances (CatBoost Model)
‘ Set Model Hyper-parametersJ 1200 Fe: 9.7%
Fe: 13.9% Ultimate strength: 17.0%

Fe: 7.4%
Ultimate strength: 20.3% C:7.2% . i
B gﬁ, C: 7.9% 41 i 577 y Ultimate strength: 26.3%
1,1 References
. : Mn: 7.6% : R Ultimate strength: 19.2%
S: 7.2% C: 3.1%

Model el = ' Mn: 1.6% 4N 1. San Marchi CW, Somerday BP. Technical reference for hydrogen
Optimization Pressure: za.e i 12.5 — compatibility of materials. Sandia National Laboratories Albuquerque, NM,
Si: 28 508 S: 7.1% Heat treatment: 8.4% e T,

Bledt Gf6atment: 0.1% Si: 6.6% Al 8.6% Heattfedthient: 3.5% Pressure: 26.9% and Livermore, CA, 2012
Gradient Boost Model S: 2.7% [\ 2. Loginow AW, Phelps EH. Steels for Seamless Hydrogen Pressure Vessels.

AL Prediction J<—[ Optimal ML Model H Featurelmportancle Fe: 15:3% N . Si:4.8%7 Journal of Engineering for IndUStry. 1975,97274'82
A Al 1.1% https://doi.org/10.1115/1.3438550
| Sensitivity Analysis | - rieat freatment: 3.0% 3. Tze, S., Grant, K. and Sherwin, E. (2022) Addressing the process safety

5 35%4 concerns of hydrogen in a net zero economy, www.elsevier.com. Available at:

| . | Si:0.5% 4 47 49 https://www.elsevier.com/connect/addressing-the-process-safety-concerns-
| Explanation | oot R Pressure: 28.0% ressure: 47.4% . .
- of-hydrogen-in-a-net-zero-economy#contributors (Accessed: 23 October

2023).

Fig. 2: Framework for Data Collection, Preparation, and Analysis. Fig. 4: Comparison of different features in predicting reduction of area using seven machine learning models
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