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Abstract

In this paper, an intelligent simulation method for chloride ion diffusion behavior in marine
concrete is established based on a physical information neural network. The dimensionless
constraint equation is constructed to solve the influence of different physical parameter
dimensions on the generalization ability of the model. The performance of the simulation
method is verified by field measured data. The influence of different exposure ages and
chloride ion diffusion coefficients on chloride ion diffusion behavior is quantified. The
temporal and spatial distribution characteristics of chlorine ion (C) in concrete under a multi-
dimensional diffusion state are analyzed, and the reliability model is further constructed to
evaluate the degradation law of the service performance of marine concrete. The results
show that the dimensionless physical information neural network model can effectively
simulate the diffusion behavior and spatial-temporal distribution of C in marine concrete.
The maximum error between the predicted value and the experimental value obtained by
the method proposed in this paper is less than 15%. The dimension problem of high-order
nonlinear equations can be solved by Non-PINN, with the maximum error value less than
5%. The spatial-temporal distributions of C on different exposed surfaces under a multi-
dimensional diffusion state are independent of each other. The service performance of
marine concrete will increase with an increase in slag content and protective layer thickness,
and decrease with an increase in surface chloride ion concentration.
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1. Introduction

The designed functions of concrete structures are expected to be significantly shorter
than their design lifespan, influenced by the diffusion of ions [1-3]. Therefore, scholars
have begun to pay attention to the durability of the components [4-6]. Studies have shown
that corrosion is a major factor influencing the service life of structures. Chloride ions,
through diffusion and other reactions, reach the steel surface, compromising the passivation
film. Once the C on the steel surface exceeds the critical threshold (C;), corrosion of the
steel bar will lead to structural damage. The process of C entering concrete contains
a variety of complex mechanisms, such as diffusion, penetration, binding, convection, and
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electromigration [7-9]. In these mechanisms, the diffusion behavior of C is the main role of
C entering concrete. Therefore, exploring the diffusion behavior of chlorides in concrete is
an important prerequisite for predicting the corrosion time of steel bars in marine concrete.
Homan et al. [10] analyzed the diffusion behavior of C under multi-field coupling by fitting
the water transfer rate and chloride ion diffusion coefficient. Song et al. [11] introduced
‘contact duration’ to analyze the time-varying behavior of chloride diffusion coefficient.
Zhang et al. [12] quantified the effects of the water-binder ratio and curing time on chloride
ion concentration on the surface of steel bars. However, the diffusion behavior of C will be
affected by the coupling of surface chloride ion concentration, age, diffusion coefficient, and
other factors, and the diffusion behavior changes significantly at an early age, which makes
it difficult for the traditional theoretical model to analyze the effect of multiple features on
the diffusion behavior of C at the same time [13-15]. Yu et al. [16] proposed the evaluation
model for marine structures. Xia et al. [17] proposed a reliability assessment model for
concrete structures, including multiple parameters such as concrete type. However, the
existing models are mainly based on theoretical analysis methods, which significantly
consume computing resources.

Machine learning has been widely used in the prediction of chloride ion diffusion in
concrete due to its better multivariate system analyzing functions [18-20]. Hoang et al. [21]
used gene programming and multivariate adaptive regression to predict chloride ion
diffusion behavior in cement mortar. Guo et al. [22] used multiple machine learning
algorithms to predict the chloride ion diffusion coefficient of compressed concrete. However,
machine learning models usually require a large amount of training data to achieve high-
quality-prediction performance. Additionally, the lack of interpretable black box models
and small sample data of engineering tests lead to more limitations in the application
of data-driven models to chloride ion diffusion simulation [23-25]. Different from the
traditional machine learning algorithm, the physical information neural network uses
the physical constraint equation to constrain the distribution of the effective solution,
which can make the model satisfy the data law and also satisfy the physical law. In recent
years, scholars have used PINN to intelligently simulate physical fields with complex
boundary conditions, such as fatigue, structural response, and parameter identification [26].
Wan et al. [27] used inverse PINN to predict the diffusion coefficient. The results show
that when the noise data is 5%, the PINN model can estimate the unknown parameters
of the chloride ion diffusion equation. However, the model only considers the chloride
ion diffusion behavior in a one-dimensional state and does not consider the time-varying
behavior of the chloride ion coefficient.

Based on this, this paper proposes a dimensionless physical information neural net-
work (Non-PINN) to simulate the diffusion behavior and service performance degradation
of chloride under real service conditions (Figure 1). Considering the limitation of exper-
imental data, this paper attempts to use Non-PINN without experimental data input to
simulate the spatial and temporal diffusion behavior of chlorides. Based on the intelligent
simulation results, a reliability model of service performance of marine concrete is con-
structed to quantify the service performance degradation of parameters such as slag content
and surface chloride ion concentration. The core contributions of this paper are as follows:
(1) Combining the chloride ion migration law based on Fick’s second law with PINN: the
spatial and temporal distribution of C in concrete at different ages is simulated with high
precision. (2) A dimensionless parameter equation is proposed to solve the influence of
different parameter dimensions on the accuracy of the model. (3) The difference of the
chloride ion diffusion mechanism in concrete under different dimensions is quantified.
(4) The effects of different concrete cover thickness: the slag content (rg1,5) on the service
performance of marine concrete structures is quantified.
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Figure 1. The proposed framework for chloride ion evaluation using PINN.

2. The Diffusion Model Based on Non-PINN
2.1. Model Theory

The physical information neural network integrates the physical control equation into
the neural network, and the control equation is mainly in the form of partial differential
engineering. The main form of PINN can be obtained as follows:

u+Ful=0ueM
IC[u] = Fc(u) 1)
BC[M] = F]gc(u)

where u is the solution of the equation, F[u] is a linear or nonlinear operator, IC[u] is an
initial condition operator, Fjc(u) is an initial condition, BC[«] is the boundary condition
operator, Fpc(u) is the initial condition, and M is the domain.

In this paper, time t and space x are used as input variables, and chloride ion concen-
tration c is used as an output variable (Figure 2). Therefore, the loss of PINN established in
this paper is mainly composed of physical constraint (¢,4(0)), boundary loss (¢pc(6)), and
initial condition loss (¢;c(0)):

8(0) = Bpae(0) + Opc(0) + Oic 2)

To describe the physical process of diffusion, PINN must satisfy the constraints of
boundary, PDE, and initial conditions. Njc, Npc, and N4, represent the number of training
points used to calculate the initial loss, boundary loss, and PDE loss, respectively. The
LOSS obtained after each iteration is expressed as follows:

Node 2
80 0) = N;e 21 £ (10 %haer e ) F (1 (e e ) ) )| ©)
N 2
1 Nic o o 2
i= 2
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where u(6,x,t) is the predicted value of PINN; F(u(x},#)) is the theoretical value for
network parameters.
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Figure 2. Chloride ion diffusion model based on physical information neural network.

The forward calculation of PINN can be realized through the above steps, and the
loss function (LOSS) is minimized and the parameters are optimized through multiple
iterations. It should be noted that this paper uses the mean square error as the indicator
of LOSS:

0% = argmind(0) = argmin [9pg.(6) + 0pc(0) + 01c(6)] (6)
6 0

2.2. Chloride lon Diffusion Equation

The one-dimensional and two-dimensional forms of the chloride ion diffusion equation
based on Fick’s second law are:

oC(x,t) _ DaZC(x,t)

e (7)
AC(x,yt) _ ~0*Clxy,t) 2C(xy,t)

ot =D ox?2 +D ay?

where t is the diffusion time, D is the chloride diffusion coefficient, x and y represent spatial
variables, respectively, and C(x, t) represents the chloride ion concentration at x at time .

Assuming that there is no chloride ion in the concrete at the initial stage, the boundary
conditions can be defined as follows:

{ C(x,0) =0 )

C(0,1) = Cs

where Cs is the surface concentration.

Under the two-dimensional state, when x and y = L, the chloride ion does not diffuse,
and the boundary conditions are considered to obey the Neumann boundary conditions:
oC

-D—=0 9
5L ©)
When D is a fixed value, the numerical equation of chloride ion diffusion can be
simplified to an equation with analytical solution, which can be used to verify the accuracy
of the PINN model proposed in this paper:
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(10)

el 1)= CotCs (1= efs et 1)

where erf is the error function, and Cy represents the chloride ion concentration in concrete
at the initial time.

2.3. Dimensionless Equation

The PINN constructed in most studies uses the original control equation without
considering the influence of parameter dimensions. Therefore, a large number of grid
points and a large amount of calculation time are needed to ensure the convergence of the
model. However, this method is applicable to simple conditions because the governing
equations involve fewer physical parameters. Considering that when using PINN to solve
the physical field, the dimensional problem will significantly increase the computational
cost and convergence performance of the model. Therefore, it is necessary to propose
a dimensionless PINN to solve the influence of dimension on the accuracy of the model.

For the dimension and time parameters, the feature length xpmax and the feature fmax
are selected as the feature length and the feature time, respectively. The characteristic
parameters of the chloride ion field model are as follows: (1) Diffusion coefficient: Consid-
ering that the unit of chloride ion diffusion coefficient is mm? /s, the dimensionless chloride
ion diffusion coefficient Dpopn can be obtained by multiplying the diffusion coefficient by the
characteristic time and dividing it by the square of the characteristic length. (2) Chloride
ion concentration: The chloride ion concentration inside the concrete can be divided by the
surface chloride ion concentration to achieve dimensionlessness.

9Cnon (X y,t) _ D 92 Cnon (X,y,t) D 92Cnon (*,y,t)
tnon non 9x; r21on + Pnon y %on (1 1 )

Dt
Xnon = T 7 Dnon = 72 Chon = G

tnon = tWIGX

2.4. Service Performance Degradation Model

In this paper, the service performance evaluation model of marine concrete structure
is proposed. Chloride ions in concrete exist in two states: (1) free chloride ions in the pore
solution, and (2) chloride ion adsorption. Given that the concentration of free chloride
ions is a crucial factor influencing the corrosion in concrete, the calculation model of free
chloride ion content (Equation (12)) proposed by Nilsson et al. [28] is used in this paper.
The influence of temperature on the diffusion coefficient was analyzed by using the model
proposed by Ref. [29]:

o Dnon
Pa= 10k 12
u 1 1
Dy Daexp[8314 (R_Tﬂ (13)

where D, is the content of free chloride ion, R is the activation energy, Dr is the diffusion
coefficient, Ty represents the reference temperature, and the recommended value is 10 °C.

On this basis, the deterioration coefficient K is added into the model by substituting
Equations (12) and (13) into Equation (10):

X y
0= co+ (cs —co) | 1— (14)
B B NEmEe) " N Ee)
(1+R) (1+R)

The expected function of structures is determined by the probability of these structures.
To assess this, a reliability model is proposed to evaluate the expected function of the
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structure. Firstly, the resistance of the model is determined by the C;, and the loading effect
is the free chloride ion concentration c(x,y,t) on the surface of the steel bar. Therefore, the
function of the model is Z = G(C;, c(x,y,t)) = cr — c(x,y,t). The failure probability [30] of the
structure is as follows:

Hz
Pe= [ 7 p(x)dx =<I>(”Z) — ®(~p) = 1- 0 (p) (15)

2.5. PINN Model Parameter Selection

In this paper, python3.9.1 is used for programming, and the Adam and L-BFGS
optimizers are used. This is because the Adam optimizer adjusts the learning rate of
the model by analyzing the first-order matrix of the gradient, which can help the model
converge quickly in the early stage and avoid gradient explosion. The L-BFGS optimizer
updates the parameters by calculating the second-order matrix, which is more suitable for
the case where the loss function is locally optimal, so the optimizer is more suitable for
accurately adjusting the parameters. For the model parameters, this paper uses four hidden
layers, an L-BFGS optimizer with a learning rate of 0.0001, and a Tanh function with better
activation function performance. The specific parameter settings are shown in Table 1.

Table 1. Parameters of PINN model.

Model Parameter Value
Learning rate 0.0001
Input variables xy,t
Number of hidden layers 4
Number of neurons 20
Optimizer Adam + L-BFGS
The initial weight of PDE 1.0
The initial weight of boundary conditions 1.0
The initial weight of the initial condition 1.0

2.6. Service Performance Parameters

The failure probability [30] of concrete in the Qingdao tidal zone is analyzed. The
effect of uncertain features is evaluated. It is worth noting that the material features and
environmental parameters of concrete adopt the measured data. The C; also adopts the
advised value of the literature. The thickness of concrete cover (xy), chloride binding
capacity (R), and deterioration coefficient (K) adopt following distribution model (Table 2).

Table 2. Selection of uncertain parameters.

Parameters Mean Variance Distribution Value
Xk 7 14 Normal N~(7,1.4)
R 0.38 0.07 Normal N~(0.38, 0.07)
K 1.81 0.36 Normal N~(1.81, 0.36)

3. Model Discussion
3.1. Diffusion Behavior Evaluation

In this paper, the model is verified by the measured data of marine concrete carried
out by Xue et al. [31]. In the literature, the concrete mixed with fly ash and mineral powder
was exposed in the ocean tidal zone for 30, 120, 180, and 720 days, respectively. The specific
parameters of the specimen are as follows (Table 3).
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Table 3. Long-term exposure test parameters of the specimen.

Exposure Time Cs D
30 0.375 1.254
120 0.408 1.497
180 0.478 1.514
720 0.668 1.551

Figure 3 compares and analyzes the experimental values of chloride ion diffusion in
concrete under different exposure ages with the simulated values of Non-PINN. When
the exposure age is 30 d, the experimental values of chloride ion distribution along the
concrete are 0.326, 0.264, 0.176, and 0.070, respectively, and the predicted values are 0.303,
0.274, 0.209, and 0.073, respectively. When the exposure age is 120 d, the test values of
C distributed along the concrete are 0.317, 0.209, and 0.060, and the predicted values are
0.345, 0.181, and 0.078, respectively. When the exposure age is 180 d, the test values of C
distributed along the concrete are 0.366, 0.244, and 0.143, respectively, and the predicted
values are 0.361, 0.248, and 0.166, respectively. When the exposure age is 720 d, the test
values of C along the internal distribution of concrete are 0.611, 0.532, 0.489, and 0.421, and
the predicted values are 0.591, 0.519, 0.473, and 0.403, respectively. This shows that the
intelligent model can simulate the diffusion behavior of C considering different exposure
ages, and can also effectively simulate the diffusion law of C when the concrete tends to
be saturated.

0.5
0.4 O Exp O Exp
0.4
0.3
= 0.3
o2 S
S Y4 S 0.2
© 0-120d
0.1 0.1
0.0 0.0
0 5 10 15 20 25 30 35 0 10 20 30
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—_ _
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O @]
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(9 (d)

Figure 3. Comparison of chloride ion diffusion test results and predicted results under different
exposure ages: (a) 30 d, (b) 120 d, (c) 180 d, and (d) 720 d.

3.2. Results Validated with Numerical Data

In order to verify the effectiveness of the PINN framework proposed in this paper in
solving high-order nonlinear equations, the Matlab2025b PDE toolbox is used to construct
the finite element model, and the test conditions in Section 3.1 are used as the corresponding
working conditions. The convergence of the PINN program is verified by setting the
corresponding boundary conditions and comparing the PINN and numerical simulation
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results. Figure 4 shows the grid distribution of the numerical simulation set in this paper,
and the grid growth rate is set to 1.3.

0.03 =
0.025 + 1 — > Vi
0.02+

0.015 <

0.005

0 . . f
0 0.005 0.01 0.015 0.02 0.025 0.03

Figure 4. Grid setting of numerical model.

The numerical model is subsequently used to simulate the chloride ion diffusion in
concrete at 30 d, 120 d, 180 d, and 720 d, and the results were compared with the PINN
simulation outcomes (Figure 5). Specifically, for a diffusion time of 30 days and distances of
2 mm, 3 mm, 5 mm, and 10 cm from the diffusion surface, the chloride concentration values
obtained via PINN (numerical simulation) were 0.31 (0.33), 0.27 (0.26), 0.20 (0.16), and
0.07 (0.05), with a maximum error of 0.04. For a diffusion time of 120 days and distances
of 1 mm, 4 mm, 6 mm, and 10 cm from the diffusion surface, the corresponding values
were 0.34 (0.32), 0.18 (0.21), 0.09 (0.06), and 0.03 (0.04), with a maximum error of 0.03. For
a diffusion time of 180 days and distances of 1 mm, 4 mm, 6 mm, and 10 cm, the PINN
(numerical simulation) results were 0.41 (0.39), 0.25 (0.26), 0.17 (0.16), and 0.05 (0.04), with
a maximum error of 0.02. Finally, for a diffusion time of 720 days and distances of 1 mm,
4 mm, 6 mm, and 10 cm, the values obtained from PINN (numerical simulation) were
0.64 (0.63), 0.58 (0.59), 0.54 (0.52), and 0.35 (0.34), with a maximum error of 0.02.

3.3. The Effect of Non-Dimensionalization

By configuring various activation functions and time step settings, the model was
trained to a fixed number of iterations (10,000), enabling a systematic comparison of the
computational efficiency between the proposed Non-PINN framework and the conven-
tional PINN approach (Table 4). The results demonstrate that the Tanh activation function
yields the highest prediction efficiency. Specifically, when the time step is set to 1000,
the loss values of Non-PINN and PINN using Tanh are reduced by 52.2% and 63.5%,
respectively, compared to the second-best performing Sigmoid function. Furthermore, the
Non-PINN framework significantly enhances computational efficiency, with the maximum
reduction in computation time reaching 59.2%.
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Table 4. Comparison of model parameters.

Activation LOSS Computation Time
Time Step Function N
on-PINN PINN Non-PINN PINN
10 Tanh 132 x 1077 143 x 1077 35s 425
100 Tanh 073x 1078 092x10% 6min47s 9min32s
1000 Tanh 011 x108% 031x10% 39min56s 87 min4ls
10 ReLU 193 x 1077 215 x 1077 34s 44 s
100 ReLU 097 x 1078 1.45 x 1077 6min44s 9min 33 s
1000 ReLU 046 x 1078 094 x 108 39min52s 87 min38s
10 Sigmoid 154 x 1077 1.72 x 1077 37s 49s
100 Sigmoid  0.85x107% 1.13x1077 6min53s  9min37s
1000 Sigmoid 023 x 1078 085x107% 39min54s 87min49s

3.4. Chloride Diffusion Coefficient

Figure 6 compares and analyzes the diffusion of C in concrete under different chloride
ion diffusion coefficients. In the example, the specimen with the exposure age of 30 d in
Section 2.1 is used. The chloride diffusion coefficients were set to 1.254 x 10712 mm?2 /s,
2.254 x 10712 mm? /s, and 3.254 x 1072 mm?/s, respectively. It can be found that the chlo-
ride ion concentration in concrete increases significantly with the increase in the chloride ion
diffusion coefficient. When x = 15 mm and D is 1.254 x 10~2 mm?/s, 2.254 x 10712 mm? /s,
and 3.254 x 10712 mm?/s, respectively, the chloride ion concentration is 0.087, 0.115, and
0.137, respectively. Compared with D is 1.254 x 10712 mm?/s, the chloride ion con-
centration increases by 32.2% and 57.4%, respectively, when D is 2.254 x 10712 mm?/s
and 3.254 x 10712 mm?/s. This is because the concrete with higher chloride ion diffu-
sion coefficient tends to have larger porosity and looser pore structure, resulting in faster
accumulation of C in the concrete.

0.4 —6—D=2.254x10""mm?s
’ —7—D=1.254x10"2mm?s
03 —6—D=3.254x10""mm?/s
3 0.21
QO
0.1
0.0
0 10 20 30
Depth /mm

Figure 6. Effect of D on chloride diffusion behavior.

3.5. Two-Dimensional Diffusion

In the actual service environment, it is necessary to consider the chloride ion transfer of
concrete at different locations. One-dimensional diffusion often occurs on the surface of the
component, and two-dimensional diffusion occurs at the edge of the structure. When multi-
dimensional diffusion occurs, the steel corrosion in concrete is more serious. Therefore,
it is necessary to analyze the distribution of chloride ion field under multi-dimensional
diffusion. Considering the limited experimental research on the distribution of chloride
ion field under multi-dimensional diffusion, this paper uses the verified Non-PINN to
analyze the chloride ion field under two-dimensional diffusion. It should be noted that the
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simulation parameters used are the parameters in Section 2.1 when the exposure age is
30 days. In addition, it should be emphasized that the initial governing equation is still
based on the one-dimensional case, and only the boundary conditions and PDE governing
equations are modified to adapt to the two-dimensional diffusion equation (Equation (7)).
Figure 7 shows the diffusion behavior and concentration distribution of C in concrete under
two-dimensional diffusion. It can be known that the Non-PINN can analyze the diffusion
of C in concrete under the two-dimensional diffusion state. Figure 7a gives the distribution
of C in the concrete when the exposure age is 30 d. When both sides of the concrete are
exposed, the distribution of C along the exposed surface is symmetrical. Figure 7c shows
the concentration distribution of C in concrete under one side of the exposed surface. It
can be found that the result is consistent with Figure 7a, which indicates that the diffusion
behavior of C under this exposed surface will not be affected by the other exposed surface.

(a)

|
08

3

;

- 06

(b)

- 04

Figure 7. Distribution of chloride ion diffusion in two-dimensional state (a—c).
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50 x5 y/mm

15 2 20
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3.6. Service Performance Evaluation

In this paper, Monte Carlo (MC) is used to randomly generate samples of uncertain
variables. It should be noted that the high-quality prediction results of MC depend on the
number of iterations of random samples, while it also leads to computing resources and
iteration time problems. This paper analyzes the sampling number N from the perspective
of Ps: N =10,000/Ps. Therefore, this paper sets the N = 10,000 > 100/5% = 2000. It can be
found that service life (S) decreases with the increase in xy (Figure 8a). When xy is 6, 6.5,
7,and 7.5 cm, the S of the structure is 48.3, 54.7, 58.4, and 61.9 years, respectively. This is
because with the increase in xy, the chloride ion diffusion path becomes larger. Compared
with xy = 6 cm, the S of the structure with xi = 6.5, 7, and 7.5 cm increased by 10.3%, 18.7%,
and 23.1%, respectively, indicating that with the increase of xy, the growth rate of the S of
the structure decreased. The results in Figure 8b show that S decreases with the increase of
Tslag- When the Tslag is 20, 30, 40, and 50%, the Sis 55.1, 63.2, 67.1, and 70.4 years. Compared
with an rqj,¢ 0f 20%, the service life of an 74,4 0f 30%, 40%, and 50% increased by 11.9%,
19.3%, and 23.7%, respectively.

100 100

80

60

40

20

0 30 60 90 120 150
t/year

(a) Xk (b) Tslag

Figure 8. The effect of model parameters on S.
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4. Conclusions

This paper proposed an intelligent simulation method of chloride ion diffusion based
on a dimensionless physical information neural network. Fick’s second law is taken as the
physical constraint equation into the method to carry out physical constraints, and then the
spatial and temporal distribution of C in concrete is simulated with high precision. The
main conclusion are follows:

(1) The accuracy of the proposed method is verified by the field measured data, with
a maximum error of less than 15%. The effects of different exposure ages and chloride ion
diffusion coefficients on the diffusion behavior of concrete were quantified.

(2) PINN effectively solves the dimension problem of high-order nonlinear equations,
and the maximum difference between the obtained results and the numerical simulation
results is 0.03.

(3) The chloride ion field diffusion behavior in a multi-dimensional state can be
realized by changing the physical constraint equation. The chloride ion distribution on
one side of the exposed surface of concrete under a two-dimensional diffusion state is not
affected by the exposed surface on the other side.

(4) The evaluation model based on Non-PINN and uncertainty simulation can analyze
the influence of materials and spatial-temporal factors. The P¢ of the structure decreases
with the increase in xy and rgj,g.

(5) This study proposes a PINN-based framework for chloride ion diffusion, which
effectively addresses poor convergence. In the future, this framework can be used to quan-
titatively investigate the influence of spatiotemporal heterogeneity and concrete material
parameters across different regions on chloride ion diffusion behavior, thereby validating
the superiority of the proposed approach.
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