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Supplementary Information: 

1． Charge-Transfer Controlled Homogenous Surface Corrosion Analysis 

The decision-making processes within the Decision Tree model trained on the generated 

homogeneous corrosion EIS dataset are visualized in Supplementary Fig 1. 
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Supplementary Figure 1. Decision-making processes of the decision tree model trained on the 

uniform corrosion EIS dataset 

Supplementary Fig 2 illustrates the impacts of reducing the minimum measured EIS 

frequency on the inference of all ECM components for the uniform corrosion system. As the 

frequency reduction proceeds, the posterior distributions of all ECM components broaden, 

indicating decreased confidence. Additionally, the center of the inferred posterior distributions 

deviates from the ground truth values used to generate the EIS data. 



 

Supplementary Figure 2. The impact of reducing the minimum measured EIS frequency on ECM 

components for the uniform corrosion system. (a) Rct (b) Cdl-Q (c)Cdl-α (d) The ratios of the mean 

of the inferred posterior distributions to the ground truth component values on ECM components. 

Supplementary Fig 3 illustrates the varying contributions of each electrical component to 

the overall impedance across different frequencies.  



 

Supplementary Figure 3. The frequency dependent impedance response of each component in the 

ECM for the uniform corrosion system (Component values: Rs = 1.0 * 10^3 Ω, Rct = 3.6 * 10^6 

Ω, Cdl-Q = 4.9 * 10^6 Ω⋅s-α, Cdl-α = 0.85) 

2． Passivation of Alloys Under Aqueous Condition 

The Decision Tree model trained on the passivating system EIS dataset is shown in 

Supplementary Fig 4. 



 

Supplementary Figure 4. Decision-making processes of the decision tree model trained on the 

passivating EIS dataset 

Supplementary Fig 5 demonstrates the variations on the inference of ECM components as the 

frequency measurement reduction continues.  



 

Supplementary Figure 5. The impact of reducing the minimum measured EIS frequency on ECM 

components for the passivating system. (a) Cdl-Q (b) Cdl-α (c) Zw (d) Zw-α (e) Rct (f) The ratios of the 

mean of the inferred posterior distributions to the ground truth component values on ECM 

components. 

Supplementary Fig 6 shows the frequency dependent impedance response of each component 

in the ECM for the passivating system. 



 

Supplementary Figure 6. The frequency dependent impedance response of each component in the 

ECM for the passivating system (Component values: Rs = 1.4 * 10^2 Ω, Cdl-Q = 6.0 * 10^6 Ω⋅s-α, 

Cdl-α = 0.78, Zw = 2.4 * 10^5 Ω⋅s-1/2, Rct = 2.8 * 10^6 Ω) 

3． Coated Metal corrosion systems 

The Decision Tree model trained on the coating system is shown in Supplementary Fig 7. 

 



Supplementary Figure 7. Decision-making processes of the decision tree model trained on the 

coating EIS dataset 

Supplementary Fig 8 demonstrates the influence of reducing the minimum measured EIS 

frequency on the inference of all ECM components for the coating system. 



 



Supplementary Figure 8. The impact of reducing the minimum measured EIS frequency on ECM 

components for the coating system. (a) Cc-Q (b) Cc-α (c) Rpo (d) Cdl-Q (e) Cdl-α (f) Rct (g) Zw-Q (h) 

Zw-α (i) The ratios of the mean of the inferred posterior distributions to the ground truth component 

values on ECM components. 

Supplementary Fig 9 shows the frequency dependent impedance response of each component 

in the ECM for the coating system. 

 

Supplementary Figure 9. The frequency dependent impedance response of each component in the 

ECM for the coating system (Component values: Rs = 1.5 * 10^2 Ω, Cc-Q = 1.0 * 10^8 Ω⋅s-α, Cc-α 

= 0.90, Rpo = 1.0 * 10^5 Ω, Cdl-Q = 1.0 *10^6 Ω⋅s-α, Cdl-α = 0.95, Rct = 1.0 * 10^5 Ω,  Zw = 1.0 * 10^4 

Ω⋅s-1/2) 

4． Influences of noise on the accuracy and confidence thresholds 

We demonstrate how different levels of noise influence the ECM accuracy and confidence 

thresholds by showing the inference results with two selected levels of noise, 2% and 0.1%, as 



shown in Supplementary Fig 10. With a smaller level of noise, both the accuracy and confidence 

threshold got postponed, indicating the possibility of omitting more low-frequency measurements 

without detriment of the integrity of EIS analysis. The accuracy threshold increases from 0.01 Hz 

to 0.056 Hz, and the confidence threshold increases from 0.1 Hz to 1.0 Hz. Moreover, the diverged 

region becomes narrower, marking increased confidence in the given ECM. 

 

Supplementary Figure 10. Impacts of reducing low-frequency measurements on the inference 

accuracy and confidence at different noise levels (a) 2% and (b) 0.1% 


