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Surface stabilization treatment serves as a primary method to promote stable rust layer formation on weathering
steel (WS). However, due to the complex and multicomponent chemical formulations of stabilization treatment
agents (STA), the precise control over STA component ratios to achieve the best stabilization treatment effect
remains highly challenging. This study combines high-throughput experiment and machine learning method to
establish an optimization framework for designing rust layer STA formulation. By employing high-throughput
droplet dispensing experiments and wire beam electrode electrochemical testing, a predictive model is con-
structed using the AdaBoost algorithm. Interpretability analysis is further integrated to guide Bayesian optimi-
zation for iterative formulation refinement. After two optimization cycles, the optimal STA formulation (0.70 g/L
CuSOy4, 0.20 g/L MgS04, 0.60 g/L NapHPOy4, and 0.20 g/L tannic acid) is identified from over 2.8 million
candidate formulations. The optimized STA promotes the generation of stable rust layer on Q420 WS, which
effectively reduces rust layer defects, inhibits corrosive medium penetration, and significantly enhances the

corrosion resistance of WS.

1. Introduction

Weathering steel (WS) including alloying elements such as nickel,
chromium, and copper [1-4] can form a dense protective rust layer
when exposed to the atmosphere, which effectively prevents extensive
corrosion of the steel matrix [5-7]. However, this rust layer typically
requires a relatively long formation period of about 3-10 years. During
this prolonged process, sagging of rust solution and dispersion of rust
particles may occur to potentially cause environmental pollution and
aesthetic issues, thereby limiting the broad application of WS [8]. To
accelerate the formation of rust layer on WS surface and improve its
stability, researchers have developed various stabilization treatment
techniques in recent years, including oxide coating treatment [9],
organic-inorganic composite film treatment [10], stabilization treat-
ment agent (STA) [11], and physical field modulation [12], all of which
can enhance the compactness and stability of rust layer within a rela-
tively short period. The application of STA has emerged as a more direct
and effective method, which utilizes tailored chemical formulations to

create a dense and stable rust layer on the WS surface, thereby
improving both rust layer stability and environmental compatibility. For
instance, Sun et al. [13] developed an STA containing CuSOg4, FeSOy,
NaHSOg, NaCl, and NayHPO4 for Q370qENH WS treatment. After sur-
face treatment, the growth rate of the rust layer was twice that of the
untreated sample; the main phase structure in the inner rust layer shifted
from y-FeOOH and a-FeOOH to Fe3O4, while the composition of the
outer rust layer remained essentially unchanged. Similarly, Yu et al.
[11] designed an STA for Q420 WS treatment based on an orthogonal
experimental program, screening a mixture formulation of 0.25 g/L NaF,
0.75 g/L tannic acid (TA), 0.75 g/L SeO,, and 0.50 g/L MgSOy4. The
resulting rust layer effectively blocked atmospheric corrosive ions,
thereby improving the corrosion resistance of Q420 WS.

Typically, STA for WS treatment rely on the interaction of multiple
components. For instance, sulfate can accelerate the dissolution of steel
matrix at the early stages of corrosion, accelerating the formation of rust
layer [14]; Metallic salts containing Cu, Ni and other elements can sta-
bilize the rust layer through the enrichment of alloy elements on the WS
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surface, forming local micro-cathodes that promote the formation of a
dense rust layer [15,16]; Phosphate and TA can promote the rapid for-
mation of an insoluble phosphate film and stable iron complex in the
rust layer, respectively, thus enhancing the corresponding corrosion
resistance [17,18]. The simultaneous use of a variety of STA components
helps to further boost the growth rate and compactness of the rust layer.
However, how to determine the optimal concentration and ratio within
such multicomponent systems remains a major challenge.

The use of high-throughput screening (HTS) techniques has
demonstrated notable screening efficiency in multicomponent systems
[19,20]. For instance, we previously employed high-throughput droplet
microarray screening and multi-channel electrochemical testing to
determine the optimal concentration of a two-component STA for Q420
WS [21]. Both the number and size of micro-defects in outer and inner
rust layers were reduced and the corrosion resistance was significantly
improved. In recent years, the integration of HTS with machine learning
(ML) has demonstrated significant potential in the efficient research and
development of new materials. HTS enables rapid generation of
large-scale experimental datasets, which provide critical support for
training ML models [22-26]. Through data analysis and modeling, ML
not only predicts and optimizes existing formulations to reduce experi-
mental iterations and resource consumption, but also actively explores
better new compositions within uncharted composition spaces [27-30].
For instance, Noh et al. [31] have showcased an ML-guided high--
throughput experimental platform for electrolyte screening wherein ML
predictions and automated experiments work in unison to efficiently
screen for binary organic solvents with optimal solubility for 2,1,3-ben-
zothiadiazole (BTZ). With this platform, they successfully identified 18
binary solvent systems with BTZ solubility surpassing 6.20 M after
measuring only 218 out of 2101 candidates. In binary systems, an
ML-guided HTS closed loop has identified optimal formulations with few
experiments (e.g., the BTZ solubility platform). STA for the WS rust layer
is a multicomponent formulation; the number of combinations rises
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sharply and variable relationships are more complex. Studies that pair
active learning with HTS in multicomponent catalysts and in electrolyte
or polymer systems show that this route is effective for multicomponent
problems [32,33]. Therefore, ML-guided HTS to screen and optimize
multicomponent STA for WS rust layer is a feasible approach.

This study employed a high-throughput robotic dispenser to prepare
quaternary rust layer STA comprising CuSO4, MgSO4, NagHPO4, and TA
at different concentrations. High-throughput electrochemical imped-
ance characterization was conducted using wire beam electrode (WBE)
measurement. A ML model was constructed with ion concentrations of
different STA components as input features and electrochemical
impedance modulus value at 0.01 Hz (|Z]|o.01 nz) [21,34,35] as output
features. After selecting the optimal model, Bayesian optimization was
applied to screen optimal STA formulation ratios, followed by WBE test
verification. The ML model was iteratively updated with testing results,
and interpretability analysis was performed to identify STA ion con-
centration ranges with best performance. The optimal formulation was
ultimately designed from the unknown compositional space using
Bayesian optimization, which was validated through WBE impedance
modulus testing. Finally, Q420 WS coupons were treated with the
optimized STA and subjected to wet-dry cyclic corrosion test (CCT). The
corrosion resistance and morphology of the rust layer was comprehen-
sively analyzed using electrochemical impedance spectroscopy (EIS),
scanning electron microscopy (SEM), and focused ion
beam-transmission electron microscopy (FIB-TEM).

2. Material and methods

Fig. 1 illustrates the flowchart of this study, showing a high-
throughput workflow integrating robotic dispenser and WBE systems
for multicomponent STA preparation and characterization. Experi-
mental data generated from this workflow are integrated with ML to
build a prediction model from STA ion concentrations to rust layer
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Fig. 1. Research workflow diagram: (a) High-throughput droplet dispensing experiment and WBE impedance modulus testing process; (b) ML, interpretability

analysis, and Bayesian optimization for STA composition design.
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impedance. Bayesian optimization was guided by interpretability anal-
ysis, and new formulations with potential excellent performance were
explored in the uncharted component space. The experimental results
were iteratively incorporated into the ML model to refine predictions.
Through multiple cycles of modeling-experimental iterations, the
accelerated and optimized STA formulation design was realized.

2.1. Material

CuSOg4, MgS04, NagHPO4, and TA were purchased from Shanghai
Morier Chemical Technology Co., Ltd., and NaCl was obtained from
China National Pharmaceutical Group Chemical Reagent Co., Ltd. All
reagents were used as received without further purification. Q420 WS,
supplied by Nanjing Iron & Steel Group Co., Ltd. (chemical composition
shown in Table 1 was determined by inductively coupled plasma optical
emission spectrometry (ICP-OES, Thermo Scientific iCAP 7400, USA)),
was employed to prepare both the WBE and the coupons.

2.2. WBE preparation and high-throughput surface treatment with STA

To prepare the WBE, Q420 WS was cold drawn from 5 mm to 1 mm,
and cut into cylindrical rods of 30 mm. The WBE comprises 100 test
channels formed from 100 of these cylinders, which were set in a tem-
plate and encapsulated in epoxy resin [21]. The testing procedure, as
outlined in Fig. 1(a), involved three steps: (1) A robotic dispenser
(GESIM Nano-Plotter 2.1, Germany) was applied to drop STA onto the
WBE surface. (2) Samples were air-dried at room temperature for 24 h.
(3) The WBE was integrated into an electrochemical testing system for
high-throughput EIS measurement. To optimize the formulation of the
quaternary STA system (CuSO4, MgSO4, NagHPO4, and TA), a robotic
dispenser was employed to prepare STA with initial concentration gra-
dients of 0.5 g/L, ranging from 0 to 2.0 g/L (5 gradients per component).
There are 625 possible combinations, and 64 formulations were selected
via orthogonal experimental design for testing. High-throughput EIS was
conducted to measure low-frequency impedance modulus value (|
Z|0.01 Hz), with detailed results provided in Table S1. Since STA exists as
ionic species in solution, their concentrations were converted to corre-
sponding ion concentrations for subsequent analysis.

2.3. Experimental methods

The WBE after STA treatment was connected to a multichannel
electrochemical workstation (model 910 MMA) for EIS measurements in
3.5 wt% NaCl solution over 4 h. EIS was conducted in a three-electrode
system: the WBE acted as the working electrode (comprising 100 indi-
vidual Q420 WS electrodes), a platinum sheet as the counter electrode,
and a saturated calomel electrode (SCE) as the reference electrode. A
10 mV AC perturbation was applied around the open circuit potential.
The |Z|o.01 nz for each STA composition was obtained by averaging the |
Z|0.01 uz values of four parallel electrodes.

After determining the STA formulation for Q420WS surface treat-
ment using ML method, conventional corrosion experiments were con-
ducted to verify the effectiveness of STA in stabilizing the WS rust layer.
A treatment solution (designated as solution A) was prepared by
combining CuSO4, MgSOs, Na:HPO.4, and TA with 3.5 wt% NaCl. A
3.5 wt% NaCl solution without additives served as the control solution.
Q420 WS coupon sheets (50 mm x 70 mm x 2 mm) were placed hori-
zontally at room temperature (298 K) and sprayed daily with either
solution A or the control solution using a spray bottle. The spray
application ensured complete surface coverage without liquid diffusion
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beyond the working area. Following five days of daily spraying, both
groups underwent a dry-wet CCT to assess corrosion resistance. Each
CCT cycle lasted 60 min, consisting of 12 min of immersion in 3.5 wt%
NacCl solution at 45 °C and 48 min of drying at 70 °C with 70 % relative
humidity. The dry-wet CCT was conducted for 10 consecutive days.
After the test period, the steel coupons were collected for further anal-
ysis of rust layer stability and corrosion behavior.

For Q420 WS conventional coupons, EIS was carried out using a
CS310X electrochemical workstation with the same 10 mV amplitude,
using the Q420 WS coupons as the working electrode, a platinum sheet
as the counter electrode, and an SCE as the reference. The surface
morphologies of the Q420 WS coupons before and after the dry-wet CCT
were examined by SEM (TESCAN MIRA LMS, Czech Republic; 3-5 kV for
surface imaging, 10-15KkV for cross-sections; high/low vacuum as
needed). Cross-sections of the rust layer and its elemental distribution
were characterized by SEM with EDS (same instrument; 0° tilt, working
distance ~10 mm, 15-20 kV). The phase composition of the rust layer
was determined by powder X-ray diffraction (XRD, Rigaku SmartLab SE,
Japan; Cu Ko, 40 kV/30 mA; 26 scan range of 5°~90°) and by FIB-SEM
(FIB-SEM; Thermo Fisher Scientific Helios 5 CX DualBeam, USA; Pt
protective cap) and TEM (TEM; Thermo Fisher Scientific Talos F200X
G2, USA; 200 kV; SAED/EDS as needed).

2.4. Machine learning modeling method

In this study, the ion concentrations of the STA were used as input
features and |Z|o.01 nz as the output feature to create the ML model. Four
ML models (AdaBoost [36], Gradient Boosting (GBT) [37], Random
Forest (RF) [38], and XGBoost [39]) were built. The resulting dataset
was divided into training set and test set according to the ratio of 3:1.
Hyperparameters were tuned with grid search, using mean square error
as the scoring metric and giving special attention to higher-value data
points (the quantile is selected as 75 %). The optimized models were
evaluated with metrics such as the coefficient of determination (R?). All
random processes (data splits and model initialization) used a fixed
random seed of 44; and 10-fold cross-validation was performed on the
training set for model selection and evaluation. Each new experimental
data was fed back to the best prediction model to complete the model
iteration.

2.5. Interpretability analysis methods

The interpretability analysis of ML models primarily employs feature
importance analysis and partial dependence plot (PDP). In the inte-
grated model, feature importance is typically assessed based on each
feature’s contribution to information gain during the decision-making
process. When a feature is used to divide nodes, it contributes a
certain amount of information gain. The integrated model (such as
random forest, gradient lifting tree, etc.) will accumulate the total in-
formation gain across all base learners for each feature, which serves as
the feature’s importance score [40]. PDP is an effective tool for inter-
preting the relationship between model predictions and input features
[41]. By generating PDPs, it provides a visual representation of the
marginal effect of one or more features on the predicted outcome,
eliminating the interference of other features. Specifically, the method
fixes the remaining features and varies the target feature within its value
range, calculating the average predictive value to reveal the impact of
this feature on the model output.

In this study, PDP method was used to investigate how each input
feature affects the prediction results of the model, thereby offering a

Table 1

Chemical composition of Q420 weathering steel.
Element C Si Mn Cr P Ni S Cu Fe
wt% 0.06 0.26 1.32 0.51 0.01 0.35 0.001 0.33 balance
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more comprehensive understanding of the model’s behavior and key
factors. To this end, the Partial Dependence Display module in the scikit-
learn library is applied to generate PDPs for each feature and capture
possible exceptions that may occur during the plotting process, ensuring
the integrity and accuracy of the analysis.

PDR() = 3 F6.%) M

n is the sample size, f(X) is the ML model, X] represents the all fea-
tures of i, except X;, (X7, X;) denotes the feature vector of sample i where
all other features are held constant, and feature X; is varied across its
possible values.

2.6. Bayesian optimization method

In composition design, Bayesian optimization constructs an alter-
native model to approximate the relationship between the objective
function and the compositional variables [42]. It then uses an acquisi-
tion function to guide the selection of the next experimental point,
enabling efficient exploration of the optimal combination with fewer
experiments [43,44].

In this study, AdaBoost is employed as the regression model to
approximate the objective function, and the predicted performance
value is used as an estimate of the current compositional combination.
The acquisition function chosen is Expected Improvement (EI), with the
following formula:

EI = o[p(2) + 2 (2)] (&)

¢(2) and¢(z) denote the standard normal probability density func-
tion and cumulative distribution function, respectively. Z (n—
ux)/o,uxrepresents the best observed value in the current dataset, u
represents the mean value of current distribution, ¢ represents the

cu*t Histogram
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variance of the current distribution. To compute EI, we used an Ada-
Boost regression surrogate. At each BO iteration, B = 50 AdaBoost
models were trained on bootstrap resamples of the current data; the
predictive mean p(x) was the ensemble average and the predictive un-
certainty o(x) was the sample standard deviation of the ensemble pre-
dictions, augmented by an observation-noise term equal to the
validation RMSE.

3. Results and discussion
3.1. STA preparation and characterization

The selection of CuSOs, MgSOas, NazHPOs, and TA as the STAs were
based on the synergistic effects of these constituents in promoting the
formation of a-FeOOH, enabling alloy-element enrichment, forming
protective iron phosphate and iron tannate films, and inhibiting
chloride-ion attack. Fig. 2 presents the correlation analysis results of
different STA ion concentrations and |Z|¢.01 gz values for the 64 samples
obtained from the WBE testing, the distribution range of |Z|o.01 1z
ranged from 11.8 kQ-cm? to 24.4 kQ-cm?. To evaluate the contribution
of individual components to the overall system performance, 5 out of the
64 formulations included only one single component and were specif-
ically selected. Single-component |Z|o.01 u, ranged 13.8-21.7 kQ-cm?,
but the optimal multicomponent reached 24.4 kQ-cm?, showing that
only tuned combinations achieve the target performance. According to
the scatter plots and histograms of ion concentration distribution, the
concentrations of Cu®*, Mg, SO4+%-, HPO4*, and TA exhibited relatively
uniform distributions, while |Z|og01n, followed an approximately
normal distribution.

Therefore, the orthogonal experimental design can effectively
extract the representative concentration ratios with a well-distributed
dataset, which is suitable for subsequent ML modeling. With the in-
crease of Cu® and SO concentrations, |Z|o.01 5z values initially
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increased then decreased, indicating that there is an optimal concen-
tration range of Cu* and SO%‘. In contrast, other ions showed no sig-
nificant correlation with |Z|o o1 u,- Correlation analysis demonstrates
varying relationships between ion concentrations and |Z|o.01 nz: TA and
Mg?* exhibited positive correlations with |Z|¢ 01 1., Whereas Cu** dis-
played a negative correlation. It should be pointed out that the corre-
lation analysis can only reveal the overall trend between ion
concentration and |Z|o.01 uz, and the specific optimal concentration in-
terval requires further analysis and investigation by subsequent inter-
pretable ML methods.

3.2. ML modelling and iteration
After converting the concentrations of different STA formulations

into corresponding ion concentrations and defining ion concentrations
as input features with |Z|o.01 iz as the output feature, four ML models

(2)

Corrosion Science 259 (2026) 113494

(AdaBoost, GBT, RF, and XGBoost) were constructed. The training set
and the test set were divided according to the ratio of 3:1 for perfor-
mance evaluation. Fig. 3(a-d) display the prediction scatter plots for the
four models respectively. It can be observed that the prediction results of
the training set are close to the ideal diagonal in the four models, indi-
cating that the models can effectively capture the overall distribution
patterns of the dataset in the fitting process. However, in the prediction
results of the test set, there are obvious differences among the models.
The Fig. 3(e-f) shows that the training set of AdaBoost achieves R? of
0.82, second to XGBoost at 0.92. On the test set, AdaBoost achieves R? of
0.66, higher than RF at 0.56, GBT at 0.57 and XGBoost at 0.55. The R?
drop from training to test for AdaBoost is 0.16, whereas XGBoost drops
by 0.37 and RF drops by 0.23, demonstrating better generalization of
AdaBoost. The scatter distribution of AdaBoost model is the closest to
the diagonal, indicating the highest overall prediction accuracy. In
contrast, the distribution of prediction points of RF and GBT models on

(b)
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the test set is slightly scattered, and there is a prediction bias for local-
ized samples. Although the accuracy of XGBoost in the training set is
higher than that of the AdaBoost model, the prediction accuracy of
XGBoost in the test set is lower with an over fitting phenomenon. Ac-
cording to the results of model selection and prediction performance
comparison, AdaBoost delivers the most accurate predictions of the four
ML models, and is therefore chosen for subsequent concentration opti-
mization and experimental verification.

The main objective of this study is to identify the optimal concen-
tration ratios for rust layer STA, therefore Bayesian optimization is used
to supplement the data. By iteratively supplementing new experimental
data, particularly data of formulations that result in high corrosion
resistance (high |Z|¢ 01 g, values from the EIS measurement), the pre-
diction accuracy of the model in the high corrosion resistance region can
be continuously improved. This targeted data supplement enables the
model to capture potential STA formulations with high corrosion resis-
tance across broader parameter spaces. Bayesian optimization can
significantly accelerate the search for maxima in high-dimensional
spaces, so as to quickly locate the candidate concentration ratios that
may have the optimal corrosion resistance within a limited number of
experiments. It is screened in the concentration ratio space where the
concentration gradient is subdivided into 0.1 g/L intervals, yielding a
sample space of 194,481 (21%), and the 10 formulations with the highest
expected performance were prepared for electrochemical test. The
prediction results and test results are shown in Table 2. These supple-
mentary data were included in the original dataset for the first round of
model iteration. Fig. 4(a) shows the prediction scatter diagram of the
model after first round of iteration, and both the training set and test set
data are closer to the ideal diagonal. The circled region marks the new
data points, which cluster mainly above 27.0 kQ-cm?, and the highest
predicted value is 28.5 kQ-cm? After adding targeted data and
retraining, test R? rose from 0.70 to 0.85 and train R? from 0.85 to 0.89,
indicating better accuracy and generalization in the high-performance
region and a firmer basis for concentration optimization.

3.3. Component design guided by interpretability analysis

After completing the first round of iteration, the interpretability
analysis of the constructed model including feature importance analysis
and partial dependence analysis was carried out to further explore the
contribution of each ion to the impedance modulus value and how the
impedance responds across different concentration ranges. By feature
importance analysis, we can intuitively understand the influence
weighting of each ion and its contribution to the prediction results of the
model, while the PDP further reveals how different ion concentrations
affect the impedance modulus value within a specific range. Together
these insights offer a clearer rational basis for the subsequent fine con-
centration regulation and the confirmation of the optimal component
ratio.

Fig. 5a presents the results of feature importance analysis. It can be
seen that the importance ranking results are

Table 2
Experimental results from the first cycle of Bayesian optimization.

CuSO4 MgSO, Na,PHO,4 TA Prediction| Test|Z|o.01 1z
(g/L) (g/L) (g/L) (g/ Z|0A01 Hz (kQ~cm2)
L) (kQ-cm?)

0.8 0.2 0.2 0.5 28.5 28.8

0.8 0.1 0.1 0.7 28.4 27.8

0.8 0.1 0.2 0.5 28.4 29.1

0.8 0.1 0.1 0.5 27.5 27.3

0.8 0.1 0.2 0.4 28.4 26.1

0.8 0.1 0.1 0.4 27.5 27.6

0.8 0.1 0.2 0.3 28.4 29.4

0.9 0.1 0.2 0.3 28.4 30.9

0.9 0.1 0.2 0.5 28.4 29.4

0.9 0.1 0.2 0.7 28.4 27.2
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S0%>Cu*>HPO42>TA>Mg>, indicating that S042- and Cu?* ions have
the highest contribution to the model prediction. Fig. 5(b—f) presents the
PDP results for the five different types of ions. The analysis reveals that
the |Z|o.01 nz value reaches an optimum within a specific concentration
range for both SO~ and Cu?; once either ion exceeds that range, the |
Z|0.01 uz value declines. By contrast, changing the concentrations of
Mg?*, HPO.%-, or TA ions produces only slight |Z|q.o1 . variations with
no clear optimum interval. Hence, it is necessary to pay attention to the
optimal concentration ratio of SOF- and Cu?* within their respective
optimal concentration ranges. For SO, the partial dependence curve
peaks at the concentration of 0.4-0.6 g/L, while Cu®* shows a |Z]0.01 Hz
peak at the concentration of 0.2-0.5 g/L. Subsequent formulation opti-
mization will therefore confine SOF- and Cu?* to these ranges. In the
second Bayesian-optimization round, the step was refined to 0.05 g/L
(search space 414 = 2825,761), and an AdaBoost base model with an EI
criterion was again used to screen high-resistance STA candidates.

The five formulations with the highest EI values were prepared again
for WBE testing (Table 3). These supplementary data were merged with
the original dataset for the second round of model iteration. As shown in
Fig. 6(a), the scatter distribution of both the training set and test set is
closer to the ideal diagonal, while the newly added |Z|.01 n- data cluster
mainly above 30.0 kQ-cm? Compared with the first iteration, the R>
values for the test and training sets increased from 0.85 and 0.89-0.93
and 0.94, demonstrating that narrowing the concentration ranges and
supplementing high |Z|¢ 01 u, data markedly boost the predictive accu-
racy and generalization. Among the five formulations, the optimal STA
composition is 0.70 g/L CuSOy4, 0.20 g/L MgS0y4, 0.60 g /L NagHPOy,
and 0.20 g/L TA. The highest predicted low-frequency impedance
modulus value reaches 35.8 kQ-cm?, with a test value of 35.8 kQ-cm?.
Compared to the maximum value obtained from the initial orthogonal
experimental design (24.4 kQ-cm?), this represents a 47.0 % improve-
ment, achieved with only 79 (64 + 15) experiments. This concentration
ratio was then applied to treat Q420 WS coupon samples, followed by
experimental characterization to verify the effectiveness of the selected
rust layer STA and clarify its stabilization mechanism.

3.4. Electrochemical testing of Q420 WS coupons

The Q420 WS coupon was sprayed with a solution containing 0.70 g/
L CuSOy4, 0.20 g/L MgS04, 0.60 g/L NagHPO4, and 0.20 g/L TA in 3.5 wt
% NaCl, serving as the pre-treated sample. The blank sample was pre-
pared by spraying Q420 WS coupon with 3.5 wt% NacCl solution. After
five days of surface treatment, both samples underwent 10 days of wet-
dry CCT, and EIS measurements were conducted before and after the
CCT process. EIS can effectively evaluate the protective performance of
the rust layer. Nyquist plots and Bode plots of blank and pre-treated
samples, before and after dry-wet CCT are shown in Fig. 7(a-c). Before
the accelerated CCT test, the electrochemical process is controlled by
two factors: the electrical double-layer structure and the corrosion-
product film. Accordingly, the equivalent electric circuit (EEC) of R(Q
(R(QR))) was applied to fit the EIS data, as depicted in Fig. 7d [45]. After
10 days of dry—wet CCT, the electrochemical process is controlled by
three factors: the electrical double layer, the corrosion-product film, and
diffusion resistance [46-49]. Consequently, the EEC of R(C(R(Q(RW))))
was selected to fit the EIS data, as shown in Fig. 7e [50]. R, Ry, and Rt
denote the solution resistance, the resistance of the rust layer, and the
charge transfer resistance, respectively. C; is the ideal capacitance of the
rust layer, Qq; and nq) are the constant phase element parameters relative
to the double layer capacitance, and W represents the Warburg imped-
ance, which represents the diffusion of oxygen to the interface between
the substrate and the rust layer [10,51,52]. The fitted parameters are
listed in Table 4, and the R, and R values are utilized to represent the
corrosion resistance of the WS surface. Before cyclic dry-wet CCT, the R;
values of the blank and pre-treated Q420 WS specimens was 36.1 Q-cm?
and 32.9 Q-cm? with corresponding R of 1199.5 Q-cm? and 827.6
Q-cm?; the lower initial R of the pre-treated sample implies a lower
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Table 3

Experimental results from the second cycle of Bayesian optimization.

CuSO4 MgSO, Na,PHO,4 TA Prediction| Test|Z|o.01 1z
(g/1) (8/L) (/L) /L) Zlooim (kQ-cm?)
(kQ-cm?)

0.70 0.20 0.55 0.20 335 33.1

0.70 0.20 0.40 0.20 35.8 34.8

0.70 0.20 0.45 0.20 33.5 33.7

0.70 0.20 0.50 0.20 32.7 33.1

0.70 0.20 0.60 0.20 35.8 35.8

resistance to redox reactions at the steel surface, resulting in early rust
formation. After CCT measurement, the rust layer had been stabilized,
and the R, values change to 31.2 Q-cm? and 72.6 Q-cm? for the blank
Q420 WS coupon and the treated one, respectively. While R fell to 19.2
Q-cm? and 26.9 Q-cm?, respectively. The combination of a higher final
R; and a lower final R, shows that the pre-treated coupon developed a
denser, more protective rust film and, once stabilized, displayed better
corrosion resistance than the blank coupon sample [45].

3.5. Rust layer analysis of Q420 WS coupons after dry-wet CCT

Fig. 8 presents the cross-sectional SEM images and corresponding
EDS results for the rust layers on the blank and pre-treated Q420
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Table 4
Fitting parameters of electrochemical curves after different treatments.
Means of treatment R; C,/Qrx 10° ny Ret w Qax 1072 ng xz
(Q-cm?) (Q tem 25" (Q-cm?) (Q-cm?) (Q tem2sM)
Blank 36.1 473 0.67 1199.5 - 1.13 0.58 2.13x 1074
Pretreatment 32.9 6.77 0.98 827.6 - 0.85 0.44 2.75 x 1074
Blank 31.2 7.38 - 19.2 1.38 x 1072 2.93 0.30 7.69 x 107°
10d-CCT
Pretreatment 10d-CCT 72.6 2.55 - 26.9 1.27 x 107 9.45 0.12 7.09 x 107>
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Fig. 8. Cross-sectional SEM images, line-scan analysis, and EDS results of (a) the blank sample and (b) the pre-treated sample after 10 days of dry-wet CCT.

coupons after 10 days of dry-wet CCT measurement. As shown in Fig. 8
(a), there are a large number of holes and cracks in the rust layer of the
blank sample. By contrast, Fig. 8(b) shows that surface stabilization
markedly reduces the holes and defects in the pre-treated sample, which
verifies that the STA treatment can fill the holes and improve the
compactness of the rust layer. From the perspective of elemental dis-
tribution, surface mapping results reveal spatial variations in elemental
composition across the rust layer. Cu enrichment was observed in the
rust layer of the pre-treated sample, which was mainly distributed at the
outer region of the rust layer. The presence of Cu enhances both the
compactness and the corrosion resistance of the rust layer [53].

For the blank sample, pronounced Cl- accumulation appears at the
rust layer, indicating that the rust layer cannot effectively prevent the
penetration of chloride ions. In contrast, no Cl- enrichment was detected
in the rust layer of the pre-treated sample, demonstrating that the
application of STA suppressed further intrusion of corrosive media and
stabilized the formation of the rust layer. In order to more clearly show
the difference of element distribution between the blank sample and the
pre-treated sample with STA, line-scan analyses were performed across
the cross-sections of both samples. The results confirm again that after
the STA treatment, Cu and S elements were enriched in the outer rust
layer of the pre-treated sample, and the chloride ion content was
significantly lower than that of the blank sample.

Fig. 9(a;-f1) shows the surface morphology of the rust layer on the
blank and pre-treated samples before the CCT, and Fig. 9(a2—f2) pre-
sents the same samples after 10 days of CCT measurement. The blank

sample features a loose, porous structure with micro-cracks, dominated
by fine, powdery y-FeOOH phase structure [54]. The pre-treated sample
also contains some y-FeOOH phase but has already begun to form the
more stable, comparatively compact a-FeOOH phase [54]. In the XRD
results shown in Fig. 10, the presence of the y-FeOOH phase and the
a-FeOOH phase is also confirmed. After 10 days of CCT, the rust layer for
the blank sample remains largely composed of porous y-FeOOH,
whereas the pre-treated sample develops spiky, thick-plate a-FeOOH
with sharp edges, yielding a denser and more stable rust layer [54]. The
experimental results confirm that the effective surface stabilization
treatment using the rust layer STA promotes the formation of the stable,
corrosion resistant a-FeOOH phase. This treatment facilitates the for-
mation of a denser rust layer, reduces the occurrence of holes and cracks,
and consequently delivers superior corrosion resistant property.

To further quantify the amount of different phase structures in the
rust layer, XRD was performed on the blank and pre-treated samples
after 10 days of dry-wet CCT, as shown in Fig. 10. Because the relative
intensities and peak widths in the XRD patterns reflect the phase
composition of iron oxides, semi-quantitative analysis was performed
using the relative intensity ratio (RIR) method [49]. XRD peaks at 21.4°,
33.4°, and 36.7° were assigned to a-FeOOH; peaks at 14.3°, 27.1°, and
36.7° were assigned to y-FeOOH; and peaks at 30.4°, 35.8°, and 43.4°
corresponded to Fe3O4/y-FesO3 [55]. The semi-quantitative results in
Fig. 10(b) show that the pre-treated sample contains a higher proportion
of the stable a-FeOOH phase and a lower proportion of y-FeOOH
compared with the blank sample. In addition, during wet-dry cycling
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Fig. 9. Surface SEM morphologies of rust layer before and after CCT: (al-c1) Blank sample before CCT; (d1-f1) Pre-treated sample before CCT; (a2-c2) Blank sample

after CCT; (d2-f2) Pre-treated sample after CCT.

the loose outer rust layer tends to spall, and we sampled the relatively
compact inner rust layer; therefore, we didn’t detect the p-FeOOH. These
findings demonstrate that the pre-treated sample possesses superior
corrosion resistance, reflected by the increased content of stable
a-FeOOH phase and the reduced presence of unstable phases.

3.6. TEM analysis of the rust layer on Q420 WS coupons after dry-wet
ccTr

To investigate the nanoscale structure of the rust layer, cross-
sectional regions from both blank and pre-treated samples, after 10
days of CCT, were selected for TEM analysis. The cross-sections of rust
layer were sampled using FIB techniques. Numerous microcracks and
micropores are present along the depth direction of the cross-section
image of a blank sample (Fig. 11(c)). In comparison, the cross-section
of the pre-treated sample shows a significant reduction in microcracks
(Fig. 12(c)). Based on the selected-area electron diffraction (SAED)
analysis in Fig. 11(f), the bright-field TEM image of the blank sample
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(Fig. 11(e)) reveals key phase identifications: the red-marked regions in
Fig. 11(g) and Fig. 11(h) correspond to a-FeOOH, with lattice spacing of
0.230 nm and 0.269 nm, which match the (200) and (130) crystal planes
[56,571, respectively. Meanwhile, regions in Fig. 11(i) and Fig. 11(j) are
identified as y-FeOOH, with lattice spacing of 0.243 nm and 0.173 nm,
corresponding to the (041) and (151) crystal planes [56], consistent
with the crystal structures observed in the XRD results. The TEM images
of the pre-treated sample reveal that the rust layer was primarily
composed of rod-like and densely packed nanocrystals with size less
than 15 nm, resulting in a more uniform and compact structure. Ac-
cording to the SAED pattern in Fig. 12(f), these nanocrystals are iden-
tified as o-FeOOH, with lattice spacing of 0.208 nm, 0.151 nm,
0.192 nm and 0.269 nm, corresponding to the (220), (310), (041) and
(130) crystal planes, respectively [56,57]. A comparison between the
SAED patterns of the blank and pre-treated samples shows that the
pre-treated one exhibits significantly higher crystallinity [58,59]. The
enhanced crystallinity improves the protective performance of the rust
layer, as a dense and orderly crystal structure can more effectively block
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Fig. 10. (a) XRD analysis of blank and pre-treated samples after dry-wet CCT; (b) semi-quantitative analysis of phase composition of corrosion products in the

rust layer.
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Fig. 11. (a) Selected rust layer location on the blank sample; (b-c) 3D morphology of the rust layer on the blank sample; (d-e) TEM images of the red-marked region
in (c); (f) SAED pattern corresponding to (e); (g—j) Fourier transform (FFT) pattern maps of the selected regions in (e).
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Fig. 12. (a) Selected rust layer location on the pre-treated sample; (b-c) 3D morphology of the rust layer on the blank sample; (d-e) TEM images of the red-marked
region in (c); (f) SAED pattern corresponding to (e); (g—-j) Fourier transform (FFT) pattern maps of the selected regions in (e).

the penetration of corrosive media [58,60]. This observation, combined
with the relatively uniform grain arrangement shown in the bright-field
TEM images, suggests that the rust layer in the pre-treated sample favors
the improved corrosion resistance.

3.7. Mechanism of rust layer formation treat by STA on WS

Under natural conditions, WS undergoes an electrochemical corro-
sion process: Fe dissolves at the anode to yield Fe?, while dissolved
oxygen is reduced at the cathode. The Fe?* produced then hydrates to
form FeO and Fe(OH),. With the progress of corrosion, the iron ions
undergo further oxidation to generate corrosion products such as
v-FeOOH, o-FeOOH, Fe;O3, and Fe304 [48,61,62]. Without surface
treatment, the naturally formed rust layer on WS consists mainly of
vy-FeOOH and o-FeOOH, with the o-FeOOH present in only small
amounts, which leads to accelerated corrosion of WS during outdoor
exposure. For the surface treatment of WS, the use of STA is one of the
key measures. It can effectively accelerate the formation of rust layer,
increase its stability, and enhance the overall corrosion resistance of the
steel. CuSO4, MgS0O4, Na-HPOy4, and TA can improve the stability and
protection performance of WS rust layer through the enhancement
mechanism. Specifically, CuSO4 induces a displacement reaction that
deposits metallic Cu within the rust layer, creating numerous weak
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cathodes to refine rust layer grains, and promoting the formation of
stable a-FeOOH phase [14,63]. The SO ions from MgSO4 and CuSOg4
accelerate early dissolution of the steel substrate, facilitating initial
y-FeOOH formation and expediting rust layer development [14].
Na,HPO, can react with Fe?* to form a dense iron-phosphate protective
film, suppressing unstable rust phases while improving the adhesion and
compactness of the rust layer [13,17]. TA with polyphenolic structure
can chelate Fe>* jons to generate stable complexes, markedly enhancing
the uniformity and density of the rust layer [18]. When these four STA
components are used in combination, their individual advantages are
cumulatively enhanced, resulting in a more stable and compact rust
layer, thereby significantly enhancing the corrosion resistance of WS
under complex corrosive environments.

4. Conclusion

In this study, we developed an integrated method that combines
high-throughput experimentation, interpretable ML, and Bayesian
optimization to design and optimize rust layer STA for WS. This
approach notably reduced experimental demands, efficiently identifying
the optimal STA formulation from over 2825761 possibilities with just
79 experiments:



Y. Li et al.

1) ML modeling using the AdaBoost algorithm achieved high prediction
accuracy, with an R? value of 0.93 on the test set after iterative en-
hancements, ensuring robust and reliable prediction of |Z|¢.01 fz-
Interpretability analysis provided critical insights, highlighting sig-
nificant contributions from SO+* and Cu?* ions, identifying their
optimal concentration ranges as 0.4-0.6 g/L. and 0.2-0.5g/L
respectively, thus guiding precise component optimization.
Bayesian optimization leveraged these insights to pinpoint the
optimal STA formulation:0.70 g/L CuSOa, 0.20 g/L MgSO4, 0.60 g/L
NazHPO.4, and 0.20 g/L tannic acid, which yielded a maximum
experimental impedance of 35.8 kQ-cm?, surpassing the initial re-
sults by 47.0 %.

Experimental validation demonstrated the optimized formulation’s
superiority. Analyses revealed that after pretreatment, the rust layer
exhibited reduced defects, diminished chloride penetration,
increased Cu enrichment, and a higher proportion of stable a-FeOOH
phase, thereby enhancing the overall corrosion resistance.
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