Engineering Letters

Prediction of Chloride Penetration in Concrete
and Durability Assessment Using Bayesian
Optimized Long Short-Term Memory Networks

Lingjie Wu, Yufeng Xia, Fenfei Shi, Xuping Ni

Abstract—Based on 600-day chloride penetration data from a
coastal site, this study develops a deep learning model for
predicting chloride transport in coastal concrete structures.
The long short-term memory (LSTM) model was optimized
using the Bayesian optimization algorithm (BOA). Results show
that the training root mean square error (RMSE) generally
decreases with increases in the number of LSTM layers, initial
learning rate, and learning rate drop period, while a higher
dropout rate increases RMSE. The impact of mini-batch size is
irregular and negligible. The Bayesian-optimized LSTM
(BO-LSTM) model outperforms the standard LSTM,
convolutional neural networks (CNN), and gated recurrent unit
(GRU) models in predicting chloride profiles, achieving a R? of
0.9743 on the validation set. The model accurately predicts
chloride profiles for 600-day exposure and reliably forecasts
720-day profiles. Further analysis of influence of the age factor
(m) on durability reveals that incorporating time-dependent
chloride diffusion characteristics is critical for accurate
assessments. Corrosion initiation times calculated using m
values from measured and predicted data (62.6 and 49.2 years,
respectively) align more closely with the 50-year design life than
predictions ignoring time dependency. This study demonstrates
the potential of deep learning for evaluating concrete durability
under chloride-induced corrosion.
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1. INTRODUCTION

I n coastal and inland saline soil environments, chloride
ion penetration is a primary cause of durability degradation
in concrete structures due to reinforcement corrosion [1].
Understanding the time-dependent transport mechanisms of
chloride ions in concrete is critical for predicting corrosion
initiation, delaying concrete cover cracking, and enhancing
durability in marine environments [2—4].

Extensive experimental and theoretical research on
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chloride-induced concrete corrosion has been conducted over
decades [1-4]. With the accumulation of experimental data,
machine learning has gained prominence in this field [5-9].
However, traditional machine learning often faces a trade-off:
oversimplification with basic functions or over-fitting with
complex models [9]. Deep learning overcomes these
limitations by leveraging multiple hidden layers to capture
intricate nonlinear relationships [9, 10].

Recent advances in deep learning have expanded its
applications in civil engineering [11-16], yet studies on
concrete durability under chloride exposure remain limited.
Wu et al. [14] compared deep learning models (LSTM, CNN,
GRU, Bi-LSTM) with traditional methods (BP, SVM) for
predicting time-dependent chloride transport, demonstrating
superior performance of LSTM-based approaches.
Hosseinzadeh et al. [15] developed a deep learning
framework to predict chloride migration coefficients and
compressive strength using 1,100 experimental data points,
achieving >0.85 accuracy via a Python web interface. Shin et
al. [16] proposed a CNN-based regression model to estimate
chloride diffusion coefficients by analyzing concrete surface
images.

The performance of deep learning models heavily depends
on hyperparameter settings, making hyperparameter
optimization (HPO) crucial for accuracy [17-21]. Xiao [20]
achieved >90% accuracy in post-disaster bridge detection
using Bayesian optimization (BO) for deep learning
parameter tuning. Chou et al. [21] improved recognition
accuracy by 1.2% for concrete beam deflection via the
Jellyfish search optimization algorithm.

Despite these advances, existing research exhibits two key
gaps: overreliance on CNN-based image analysis for chloride
durability studies, with limited exploration of time-series
regression [11-16]. HPO applications predominantly focused
on traditional machine learning, neglecting deep learning
models [20, 21].

Given the time-dependent and nonlinear nature of chloride
penetration, deep learning-based time-series prediction offers
significant potential. Furthermore, integrating model
predictions with the age factor (m) — a key parameter for
chloride transport characterization — can improve durability
assessments.

To address these challenges, this study introduces a
Bayesian optimized LSTM (BO-LSTM) framework for
predicting chloride penetration profiles and assessing
concrete durability. Our approach diverges fundamentally
from prior works in three aspects. By integrating Bayesian
optimization (BOA) with LSTM, we resolve the empirical
trial-and-error dilemma in hyperparameter selection (e.g.,
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LSTM layer, dropout rate), achieving a 54.5% reduction in
validation RMSE compared to baseline LSTM. Leveraging
600-day field data from Zhoushan coastal zone, the
BO-LSTM captures nonlinear time decay of chloride
diffusion coefficients (m = 0.39), enabling reliable 720-day
forecasts (R?> =0.9382) that align with Fick diffusion theory.
Through Monte Carlo simulations (10 million iterations), we
quantify the impact of m on corrosion initiation time,
demonstrating that conventional deterministic methods
underestimate service life by 67% (16.5 vs. 49.2 years). This
research bridges the gap between deep learning and practical
durability engineering, providing a data-driven framework
for optimizing concrete mix design and maintenance
strategies in marine environments.

II. THEORETICAL BACKGROUND

A. LSTM Model

LSTM neural network is a variant of the recurrent neural
network (RNN) [22]. Traditional RNNs suffer from the
vanishing gradient problem, which hinders long-term
memory in the network. LSTM overcomes this by using an
unique architecture that effectively manages gradient flow
and maintains long-term dependencies.

LSTMs achieve this through memory cells equipped with
three specialized "gate" structures: the forget gate, input gate,
and output gate. These gates are designed to "remember"
important information and "forget" irrelevant information,
enabling LSTMs to handle long sequence data [22, 23].

The forget gate f; decides how much of the previous cell
state Cr.1 should be retained. If f; = 1, the information will be
retained; if fi= 0, it will be forgotten. The function governing

fiis:
fi=o(W,[h.x]+b)) M

where o is the sigmoid activation function; Wris the weight
matrix for the forget gate; x; is the current input; A1 is the
previous hidden state, and by is the bias.

The input gate i selects which new information to store in
the cell state. It is calculated as:

it :O-(VVI [ht—l’xt]+bi) (2)

The candidate values for updating the cell state C: are
determined by:

G :tanh(m[}lt—l’)ct]+bz') (3)
where W; and b; are the weight matrix and bias for the input
gate; W. and b. are the weight matrix and bias for the
candidate state; and tanh is the activation function used for
candidate values.

The output gate o, controls the output of the memory cell,
combining the current input, previous output, and candidate
state:

otza(l/l/o[htfl,xt]+bu) @
The final output is:

h, = o, tanh(C,) )

where W, and b, are the weight matrix and bias for the output
gate.
These gates allow the LSTM model to filter out irrelevant

information and manage long-term dependencies effectively,
making it suitable for processing extended time series data.
B. Bayesian Optimization Algorithm

Bayesian optimization is a strategy for estimating the
maximum value of an unknown function based on sampled
data. It is particularly effective in solving sequential
decision-making problems, helping identify the next
evaluation point to achieve optimality efficiently [18, 19].
This method is particularly suitable for optimizing costly and
complex functions, such as hyper-parameters in machine
learning models.

For the LSTM model, hyper-parameter optimization can
be framed as [18]:

xbest = arg minx le (x ) (6)

where x is a multi-dimensional decision vector within the
decision space Q, defined by LSTM's preset parameters. Xpes
is the optimal set of parameters; and f{*) represents the
optimization objective function. If the goal is maximized, the
problem can be converted by considering -f{(x).

Bayesian optimization often employs Gaussian processes
to model the objective function. For a given parameter x, the
function f{x) can evaluate LSTM model characteristics. To
comply with Gaussian process conditions, observation noise
is introduced:

= fxe (7)
where € ~ N(0, 6°) represents observation error.

The observed function value y, with normal distribution
noise, can ensure that evaluation of each parameter setting is
independent and follows a Gaussian process. Thus, f{x) can
be predicted using a probabilistic model [19].

f(x)~ GP(m(x)’k(x»x')) (8)
where, GP represents Gaussian distribution; m (x) is the mean

m(x)=EL/ (9] |

value function
covariance

functionk(x’x’) - E[(f (x)=m (x))(f (x")=m (x'))] .
The Gaussian process provides a prediction equation for
the probabilistic proxy model:

p(/1X,.x)= N(u(%).0° ()

and k£ (x, x) is the

(€))
where, ,u(x) =K [ZJFGZ]T Y is the mean value of
prediction results; o (x)=K.—KI [Z * GZIT K is the
covariance of prediction results;

K. = {k(x,xl),k(x,xz),-“,k(xaxn)} ’ K. =k(x,x) s

the prediction input; X represents the observation point

set {0, ) ; frepresents the objective function result set

{f(xl)’f(xz)""’f(x")} ; and X represents the covariance
. o=k(x,x; . .

matrix Dy ( ! f) ; and y is the observation value

RN

The acquisition function determines new sampling points
by comparing expectations of their improvement over current
samples. The Expected Improvement (£7) function is used
[18]:

E1(x) = E, [ max (0. £ = / (x))] (10)
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where £, is the historical optimal value after n samples, and
I(x)=0

The objective is to select x to maximize the expected
improvement El(x). Since the new function value is unknown,
the expectation can be estimated from historical observations
v, leading to:

EI(x)= G(X)ﬁﬂ[i"T(;))J +A,(%) ¢(in(—(xx))j (11)

where A 4(x) = f-(x); ¢ () is the cumulative distribution
function; and ¢(*) is the probability density function of the
standard normal distribution.

The maximization of EI(x) typically involves first- or
second-order optimization algorithms to identify new
"potential" evaluation points.

C. Prediction of Chloride Profiles Using Bayesian Optimized
LSTM Model

Chloride penetration in concrete exhibits time-dependent
and nonlinear behavior, making it well-suited for
LSTM-based time series prediction. The proposed
framework integrates a Bayesian-optimized LSTM model
composed of four components: input layer, hidden layer,
Bayesian optimization module, and output layer.

Input layer: this layer preprocesses raw data to meet
network requirements, including: splitting data into training
and validation sets; normalizing features to prevent gradient
divergence during training.

Hidden layer: the core component consists of LSTM cells
forming a recurrent neural network. By default, an LSTM
layer with 128 units is employed and trained via the Adam
optimizer. Increasing the number of units may improve
accuracy but risks overfitting, necessitating Bayesian
optimization for balance.

Bayesian optimization module: this module optimizes five
hyperparameters: LSTM layer, dropout rate, initial learning
rate, learning rate drop period, and mini-batch size. The
objective is to minimize training root mean square error
(RMSE), where Bayesian optimization iteratively selects
hyperparameter combinations to maximize model efficiency
and generalizability.

Output layer: model performance is evaluated using four
metrics: coefficient of determination (R?), RMSE, mean
absolute error (MAE), and mean absolute percentage error
(MAPE).

These metrics are calculated as follows [22, 23]:

n

Y(-n)

R*=1-40
Yi—Yy

g( ) (12)

1 .
MAE==) lv.—»

2 (13)
MAPEZli Vi~V

(=) I (14)

YIS -
noia (15)
where, n is the number of samples; y;’ is the predicted value
of neural network; and y; is the measured value.
This approach ensures that the LSTM model accurately
predicts chloride profiles while effectively handling both the

temporal and nonlinear nature of the data.

III. RESULTS AND DISCUSSION

A. Overview of Chloride Corrosion Testing and Data
Collection

The chloride corrosion test was conducted in the tidal zone
of a coastal wharf in Dinghai New City, Zhoushan, China.
The location has an average annual temperature of 20°C and
a humidity of 79%. The site was submerged in seawater for
approximately 4.5 hours daily. Analysis of on-site water
samples revealed a free chloride ion content of about 1.3%
[14].

Cylindrical concrete samples (@100 mm x 50 mm) were
prepared using P<O32.5 R cement with a water-cement ratio
of 0.45 and six samples per group. These samples were
exposed to corrosion for periods of 120, 240, 360, 480, and
600 days. After each exposure period, samples were ground
in 2 mm increments from the surface inward to measure free
chloride ion content. The averaged results are shown in Fig.
1.

The experiment yielded a total of 300 data points. The first
240 data points corresponded to 120, 240, 360, and 480 days
of exposure. Of these, 90% were allocated to training the
LSTM model, and the remaining 10% were used for
validation. The trained model was then used to predict the
chloride concentration profiles at 600 days, which were
compared with actual measurements to validate the model's
effectiveness.

Given the consistent water-cement ratio, fixed 120-day
sampling interval, and uniform sample size, chloride
concentration was the sole input and output variable in this
time series prediction experiment.
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g 6| 02958 | 0.354 o8

g 0.7
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Fig. 1 Chloride content data from field test

B. Hyperparameter Optimization
1) Bayesian Hyperparameter Optimization

To achieve accurate chloride concentration profile
predictions, this study employs BO for intelligent parameter
tuning. The number of LSTM layers was set between 32 and
512, adjusted in increments of 32 units based on the training
set size. The initial learning rate ranged from 0.0005 to 0.01,
modified in increments of 0.0005 units, while the learning
rate drop period spanned from 10 to 300, adjusted in
increments of 10 units. To prevent over-fitting in large neural
networks, a dropout layer was incorporated, with the dropout
probability ranging from 0.05 to 0.5 in increments of 0.05.
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Research indicates that the convergence rate and accuracy of 0.9
LSTM are sensitive to the mini-batch size setting [19], 08
requiring its optimization within the range of 32 to 320,
adjusted in increments of 32 units.

Applying Bayesian global optimization to these five
parameters resulted in 960,000 possible combinations (16 x
20 x 30 x 10 x 10), which significantly impacted
computational efficiency. Therefore, we first analyzed the
influence of each parameter on the model's training RMSE to
reduce the number of parameters subject to global
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Fig. 2 demonstrates that increasing the number of LSTM
0.317 layers, initial learning rate, and learning rate drop period
0 generally reduces training RMSE, whereas a higher dropout
€ 030} rate increases it. The influence of mini-batch size on training
E" RMSE is minimal and irregular, varying from 0.3257 to
£029 0.3354 as it ranges from 32 to 320. Consequently, the effect
= of mini-batch size can be ignored during hyperparameter
0.28} optimization, and a default value of 128 is used. When the
number of LSTM layers is small, increasing them effectively
reduces training RMSE. Beyond 128 layers, the reduction in
0 0.1 ]g-ri . tra(t)j 0.4 05 RMSE diminishes. Previous studies have shown that
u . .
(f) excessively large LSTM layers may cause over-fitting [18,
035 19], leading to the selection of 500 layers for this study. For
the learning rate drop period, values above 80 results in
0.30 RMSE fluctuations; thus, with 500 LSTM layers, a drop
period of 100 is appropriate. The dropout rate and initial
g 0.25 learning rate were set to 0.05 and 0.01, respectively, based on
2 Figs. 3(b) and (c). These adjustments reduced Bayesian
£ 0.20 optimization iterations from 960,000 to 150. However, this
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010 yield different effects. Fig. 3 presents the impact on training
) RMSE after 250 BO iterations with global optimization of
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Fig.3 Influence of dropout layer and initial learning rate on Training
RMSE

Analyses of Figs. 2 and 3 reveal that the effects of dropout
probability and initial learning rate on training RMSE align
with results from individual optimizations even during global
optimization. Specifically, a higher initial learning rate and a
lower dropout probability contribute to reduced training
RMSE. This validates that the proposed simplified Bayesian
single-parameter optimization method is reasonable and

effective, significantly improving optimization efficiency.

The parameter settings for the BO-LSTM model are
detailed in Table I. To assess the predictive accuracy of the
BO-LSTM model, a comparative analysis with the standard
LSTM model was conducted, with both models' parameters
provided in Table I.

TABLE I
LSTM MODEL PARAMETERS
LSTM Dropout Initial learning Mini-batch
layer layer rate size
BO-LSTM 500 0.05 0.01 128
LSTM 128 0.2 0.001 128
GRU 128 0.2 0.001 128
CNN (3,64) 0.2 0.001 128

After 500 iterations, Table II presents the evaluation
metrics for the LSTM and BO-LSTM models using
validation data.

TABLE II
EVALUATION INDICATOR
R? RMSE MAE MAPE
BO-LSTM 0.9743 0.0402 0.0309 5.8776%
LST™M 0.9372 0.0668 0.0536 13.6668%
GRU 0.9684 0.0477 0.0358 7.3283%
CNN -0.3522 0.3104 0.2539 60.6480%

Table II compares the performance of four predictive
models: LSTM, GRU, CNN, and BO-LSTM. While the
LSTM model demonstrates strong performance, it is slightly
inferior to the BO-LSTM model. Specifically, although the
LSTM achieves a high R? value, its RMSE and MAE are
higher than those of BO-LSTM, and its MAPE is
significantly larger. This indicates that the LSTM model
generates larger prediction errors at specific points. Although
LSTM is effective in capturing long-term dependencies, its
complex architecture with more parameters may result in
over-fitting or under-fitting, particularly with limited data or
insufficient feature diversity [9, 10].

The GRU model demonstrates performance comparable to
BO-LSTM. This phenomenon can be explained by GRU’s
simplified  architecture: unlike ~LSTM’s three-gate
mechanism (forget gate, input gate, and output gate), GRU
manages information flow solely through a reset gate and an
update gate. This structural difference reduces GRU’s
parameter count by approximately 33%, granting it
significant advantages in scenarios with limited data volume
(300 samples) or low feature complexity [14]. However,
GRU’s limitations become evident in long-term dependency
modeling: the absence of an independent "forget gate" may
impair its ability to precisely capture complex nonlinear
temporal patterns, such as the exponential decay of chloride
diffusion coefficients over time. Consequently, GRU is better
suited for short-term predictions or feature-simple tasks,
while LSTM excels in handling complex temporal
sequences.

In contrast, the CNN model performs poorly, as evidenced
by a negative R*> value. This suggests that the CNN's
predictions are less accurate than a simple mean-based
baseline. The high RMSE and MAE, combined with an
exceptionally high MAPE, indicate substantial errors across
most observations. Although CNNs are proficient at
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extracting local spatial features and can identify local
temporal patterns through convolutional kernels, they fail to
capture long-term dependencies in datasets with complex
temporal structures [14-16].

Overall, the BO-LSTM model outperforms all other
models across all metrics. Its R?> value approaches 1,
indicating excellent data fit. Additionally, its lower RMSE
and MAE reflect minimal prediction errors, while a moderate
MAPE suggests consistent relative accuracy. The integration
of Bayesian optimization enables selection of optimal
hyperparameters, ensuring the model achieves the best
possible configuration. This optimization significantly
improves predictive performance.

2) Sensitivity Analysis

While methods such as SHapley Additive exPlanations
and Local Interpretative Model-agnostic Explanations are
widely used to enhance the interpret-ability of deep learning
models by analyzing input data [8], this study focuses
exclusively on exposure time variations and thus omits
interpret-ability analysis. To investigate the effects of model
parameters on predictions, a sensitivity analysis was
conducted on the number of LSTM layers, dropout
probability, and initial learning rate. Each parameter was
reduced by 50%, and changes in evaluation metrics were
quantified (detailed in Table I). These changes were
normalized and visualized in Fig. 4.

For the BO-LSTM model, optimization preferred a higher
number of LSTM layers. Reducing the layer count from 500
to 250 significantly degraded prediction accuracy. This
sensitivity arises from the hierarchical modeling capability of
deep LSTM networks, which capture both long-term
dependencies (e.g., the exponential decay of chloride
diffusion coefficient) and local nonlinearities (e.g., abrupt
changes in surface chloride concentration) through chained
gated units. Bayesian optimization mitigates over-fitting
risks by dynamically adjusting the dropout probability (0.05)
and initial learning rate (0.01), ensuring the model adheres to
physical laws while suppressing noise. This mechanism
aligns with the time-dependent diffusion framework of Fick’s
law, validating the physical consistency of deep LSTM in
durability assessment. Furthermore, Fig. 4 emphasizes the
dominance of LSTM layer count in prediction accuracy,
necessitating joint optimization of dropout probability and
initial learning rate with layer count rather than isolated
adjustments.

LSTM layer
Dropout rate
Initial learning rate

6.5% 4.9%

15.2%

J 63.2%

30.3%

79.9%
RMSE MAE
18.4% 6.1%
0,
L1 29.4%
80.5% J 64.5%
- 0
MAPE R?

Fig. 4 Sensitivity analysis of model input parameter

3) Impact of Data Preprocessing

This study revealed that data preprocessing methods
significantly affect model prediction accuracy. Previous
research demonstrates that effective preprocessing enhances
the performance and robustness of LSTM models [15, 19]. In
the initial stage, the measured chloride ion concentration was
directly employed as both the input and the output, and the
evaluation metrics are presented in Table II. In an alternative
approach, corrosion depth and exposure time were used as
the inputs, while chloride ion concentration is used as the
output. Results for the latter approach (using the same model
parameters from Table I) are shown in Table III.

A comparison of Tables II and III shows that using
multiple input parameters led to a decline in all four
evaluation metrics. This decline may stem from the complex
nonlinear relationships between the inputs and output, which
cannot by fully captured by the LSTM model. Specifically,
chloride ion concentration non-linearly decreases with
increasing corrosion depth and increases with extended
exposure time [2—4]. When both parameters are used as the
inputs, the combined nonlinear relationship becomes more
intricate, further challenging the LSTM's modeling capability
and resulting in reduced performance.

TABLE III
EVALUATION INDICATOR
Model R? RMSE MAE MAPE
BO-LSTM-Data 0.9041 0.0837 0.0617 11.9598%
LSTM-Data 0.8825 0.0922 0.0746 15.8448%
BO-CNN-LSTM-Data 0.9331 0.0693 0.0476 10.1322%
CNN-LSTM-Data 0.9100  0.0806  0.0581 11.1340%

To improve accuracy, a hybrid CNN-LSTM model was
implemented, where the CNN extracts local spatial features
and the LSTM captures temporal dependencies [23]. As
shown in Table III, this hybrid model outperforms the
standalone LSTM across all evaluation metrics. However,
compared to the results in Table II (using direct chloride
concentration as input-output), its accuracy remains lower.
This suggests that using measured chloride concentration
directly can capture time-series trends in a more effective
way. The strong input-output correlation simplifies the
LSTM's learning process, leading to higher prediction
accuracy.

C. Prediction of Chloride Transport in Concrete

Using the trained BO-LSTM model, this study predicted
chloride concentration profiles for concrete exposed to
chloride environments over 600 days. The predicted values
closely match the measured data (correlation coefficient =
0.9811), with evaluation metrics RMSE = 0.0646, MAE =
0.0476, MAPE = 9.24%, and R* = 0.9382 (Fig. 5). These
results demonstrate that the BO-LSTM model achieves
reliable short-term predictions of chloride penetration in
concrete.

Using 300 field test samples for training and validation, the
BO-LSTM model was extended to predict chloride profiles
for 720 days of exposure (Fig. 6). The predicted profiles
show a gradual increase in chloride concentration over time,
consistent with the accumulation mechanism of chloride ions
in concrete.
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When the experimental data was fitted to Fick's second law,
the apparent chloride diffusion coefficients were determined
to be 1.805, 1.578, 1.24, 1.064, 0.8196, and 0.6511 x 1072
m?/s. These calculated values lie within the typical range of
107! to 107** m?s as reported in previous research [24],
which validates their reliability. The decline in the diffusion
coefficient over time, as observed, can be attributed to the
pore - filling effects resulting from the continuous cement
hydration process [25-27]. The time-dependent chloride
diffusion coefficient is modeled by Eq. (16) [28]:

D(t)=D, (tTOj e

where D(f) and Do are the chloride diffusion coefficients at
times ¢ and t, respectively.

Using the 600 - day data, the value of m was fitted to be
0.48. When the 720 - day predictions were taken into account,
m was adjusted to 0.39. This adjusted value is in line with the
literature values ranging from 0.2 to 0.55 [27 -31]. The

decrease and subsequent stabilization of m over time are
consistent with the well - established trends reported in the
relevant literature [28, 29].
D. Durability Implications of m

To assess the impact of m on concrete durability, corrosion
initiation time was evaluated using Fick's second law,
considering concrete cover depth d, surface chloride

concentration Cs, and critical chloride concentration C,.
While Eq. (17) provides a basic estimation, it neglects
time-dependent diffusion characteristics. Substituting Eq. (16)
into Fick's law yields Eq. (18), but literature recommends Eq.
(19) for improved accuracy [25]:

5 B -2
d de ’ffl C&' Ccr
4D, C,

t, =

(17
1
2 _ 2 Jiem
(o L ([ CCa
4D, -t; C,
(18)
1
2T
1_ d2 _ 1-m
t3: ( m) . erf'*l CS Ccr
4D, -t C,
(19)

Table IV lists the parameters derived from field data and
specifications [32]. Substituting these into Egs. (17)—(19),
corrosion initiation times were calculated (Fig. 7). Eq. (17)
predicts an unrealistic 40.73 years, while Eq. (18)
overestimates due to its use of an instantaneous diffusion
coefficient. Even Eq. (19) overestimates, highlighting the
limitations of deterministic approaches that ignore parameter
variability [31-33].

TABLE IV
CALCULATION PARAMETERS FOR CORROSION INITIATION
TIME

m Cs d Dy to Car

Tested 048  1.45% 50 0.8196x10"2  600d  0.4%

BO-LSTM 0.39 1.45% 50 0.8196x10°'2 600d 0.4%

I Tested
900 - I BO-LSTM
800
g 700
=]
26007
8500
= j
Z 400 +
§ 300
z j
£ 200
&) 4
100
0 T T T
Eq.(17) Eq.(18) Eq.(19)

Fig. 7 Corrosion initiation time /years

To address this, a probabilistic approach was adopted,
assuming normally distributed parameters (coefficient of
variation = 0.1). A Monte Carlo simulation with 107 iterations
(Fig. 8) shows that corrosion initiation time reaches 62.6
years for m = 0.48 and 49.2 years for m = 0.39, closely
matching the 50-year design lifespan.  Without
time-dependent considerations, the initiation time is only
16.5 years, underscoring the critical role of m.

In conclusion, incorporating time-dependent chloride
diffusion characteristics is essential for durability assessment.
The BO-LSTM model enables reliable adjustments to
durability predictions, providing a robust tool for coastal
concrete structures.
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IV. CONCLUSION

This study developed a BO-LSTM model to predict

chloride transport in coastal concrete structures, yielding the
following key findings:
1) Bayesian optimization effectively enhanced the prediction
accuracy through the precise fine - tuning of crucial
hyperparameters. During the process, as the number of
LSTM layers, the initial learning rate, and the learning rate
drop periods increased, the root mean square error (RMSE)
of the training decreased. In contrast, an increase in the
dropout rate led to an elevation in the RMSE.

2) The BO-LSTM model outperformed standalone LSTM,
GRU, and CNN models in chloride profile prediction. For the
validation set, the BO-LSTM model achieved an R? 0£0.9743,
RMSE of 0.0402, MAE of 0.0309, and MAPE of 5.88%,
demonstrating high accuracy and reliability.

3) The model accurately predicted 600-day chloride
profiles, showing a correlation coefficient of 0.9811 between
predictions and measurements. For 720-day exposure, the
predicted gradual chloride accumulation aligns with known
concrete corrosion mechanisms.

4) The age factor derived from measured (m = 0.48) and
predicted (m = 0.39) data significantly impacts corrosion
initiation time. By employing these values of m, the
calculated corrosion initiation times, which are 62.6 years
and 49.2 years respectively, are in close agreement with the
50 - year design lifespan. This stands in contrast to the
predictions made when the time-dependent diffusion
characteristics are ignored.

These findings highlight the importance of integrating
Bayesian optimization and time-dependent diffusion
characteristics in durability assessments, providing a robust
framework for evaluating concrete structures in chloride-rich
environments.
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