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Abstract

The classical one-dimensional electroosmotic consolidation theory assumes a linear poten-
tial distribution independent of time, thereby neglecting the influence of spatiotemporal
evolution of soil electrical properties on the consolidation process. To address this limi-
tation, a one-dimensional electroosmotic model test is conducted in this study, revealing
the spatiotemporal evolution characteristics of the electric potential field. The results indi-
cate that changes in electrode-soil interfacial properties and the nonuniform evolution of
soil electrical parameters are the primary factors responsible for the redistribution of the
potential field. On this basis, the Physics-Informed Neural Networks (PINNs) method is
introduced for potential field reconstruction, fully leveraging the combination of physical
constraints and data-driven approaches to achieve spatial densification of the potential field
under sparse observations. Furthermore, a surrogate model characterizing the spatiotempo-
ral evolution of the potential field is constructed and embedded into the governing equation
of electroosmotic consolidation as a nonhomogeneous source term, which is then solved
numerically using the finite difference method. The computational results demonstrate
that the negative excess pore water pressures obtained by the proposed method exhibit
smaller magnitudes than those predicted by the classical theory, with the discrepancies
primarily concentrated near the anode, reaching a maximum of approximately 120 kPa. The
proposed approach provides a feasible pathway for electroosmotic consolidation analysis
that accounts for the spatiotemporal evolution of the electric potential field.

Keywords: soft soil; one-dimensional electro-osmotic consolidation theory; electric
potential distribution; physics-informed neural networks

1. Introduction
Soft clay is characterized by high water content, high compressibility, and low perme-

ability. When conventional preloading methods are applied to such soils, the consolidation
process often requires a prolonged duration and exhibits low drainage efficiency. Electro-
osmotic consolidation, by contrast, applies a voltage across the soil mass and utilizes the
resulting electrical potential gradient to drive directional flow of pore water [1,2]. Since the
electro-osmotic flow is governed by the potential gradient, this method proves particularly
effective for fine-grained soils with hydraulic conductivity below 10−9 m/s [3]. Following
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its successful engineering application and validation [1,4], the method has attracted consid-
erable research attention. However, the low efficiency and high energy consumption in the
later stages of electro-osmotic treatment have restricted its further engineering adoption.
Consequently, studies on influencing factors and theoretical models related to this issue
have become prominent research topics in the current investigation of electro-osmotic
consolidation and drainage.

The theoretical foundation of electro-osmotic consolidation was established by
Esrig [5], and subsequently extended to combined surcharge loading and electrode po-
larity reversal by Wan [2]. Since then, extensive research has been conducted on both
analytical and numerical solutions. In terms of numerical methods, these have been intro-
duced to address electro-osmotic consolidation under complex conditions [6–9]. On the
analytical front, researchers have progressively incorporated nonlinear variations in soil
parameters [10,11], large-strain theory [7,8,12,13], and ion-transport-dependent electro-
osmotic permeability models [14]. Effective voltage decay is a critical issue affecting
the later-stage efficiency of electro-osmosis; existing studies have addressed this through
modified consolidation theories [15] and piecewise inheritance strategies [16]. Mean-
while, experimental evidence has revealed the existence of nonlinear potential distributions,
prompting scholars to develop consolidation models that account for such nonlinear voltage
profiles [17–19]. The electro-osmotic consolidation behavior in layered soils has also at-
tracted attention, with analytical solutions for double-layer [20], multi-layer [21,22], and
permeable anode [23] configurations revealing the significant influence of soil stratifica-
tion and boundary permeability on consolidation behavior. Closed-form solutions for
axisymmetric electro-osmotic consolidation incorporating smear effects have also been
derived [24,25]. In the later stages of electro-osmosis, the soil transitions from a satu-
rated to an unsaturated state; in response to this actual change, a series of unsaturated
models have been proposed, incorporating factors such as deformation-voltage coupling,
non-uniform initial water content distribution, semi-permeable boundary conditions, and
free-strain assumptions [26–32]. To mitigate the inherent limitations of single-method
approaches, combined multi-method techniques have gained attention and development,
with corresponding analytical solutions derived under various loading schemes and
electrode configurations [11,33–35]. Multi-field coupled models incorporating chemi-
cal field effects and ion transport have further enriched the theory of electro-osmotic
consolidation [36], and the technique has also demonstrated application potential in spe-
cial scenarios such as synergistic dehydration and remediation of copper-contaminated
sludge [37] and electro-osmotic pre-thawing of frozen saline soil [38].

Moreover, energy consumption has received increasing attention, with related
studies proposing evaluation methods for energy conversion efficiency [39], pulsed
direct current techniques [40], and optimization schemes for electrode materials and
arrangements [34,41,42]. However, most existing theoretical models rely on simplify-
ing assumptions such as constant or linear voltage distributions and homogeneous soil
conditions, while conventional numerical methods struggle to achieve integration be-
tween experimentally measured data and theoretical models. In recent years, Physics-
Informed Neural Networks (PINNs) have provided a new paradigm for solving partial
differential equations. Raissi et al. [43] first proposed the PINN framework, enabling dual-
driven solutions that combine data and physical laws by embedding physical equations
into the loss function [44,45]. To date, PINNs have achieved preliminary applications in
fields such as solid mechanics [46], elastoplastic constitutive modeling of soils [47], and
pile-soil dynamic interaction [48], but have not yet been reported in the field of electro-
osmotic consolidation.

https://doi.org/10.3390/app162010318

https://doi.org/10.3390/app162010318


Appl. Sci. 2026, 16, 10318 3 of 20

Although existing studies have achieved fruitful progress in incorporating nonlinearity
and large-strain effects into theoretical models of electro-osmotic consolidation [7,8,10–13,34],
the electro-osmotic drainage method still suffers from low later-stage efficiency and high
energy consumption in engineering practice. Current theoretical models fail to adequately
account for the influence of voltage loss and variations in potential distribution on pore
water pressure during the electro-osmotic process. The electric potential field is typically
assumed on the basis of electrostatic field theory (i.e., satisfying the Laplace equation).
This idealized assumption neglects the non-ideal characteristics of the actual potential
distribution in soils, leading to calculated results that tend to overestimate the consoli-
dation effectiveness [2,5,15–17]. To address the above limitations, this paper proposes a
one-dimensional electro-osmotic consolidation computational framework that integrates
a physics-informed neural network with the finite difference method. First, the PINN
approach is employed to reconstruct the electric potential distribution at each monitoring
time instant, combining physical constraints with measured data to achieve spatial refine-
ment of the potential field under sparse observations, and a spatiotemporally continuous
function of the potential field is constructed via neural network fitting. Subsequently, the
one-dimensional electro-osmotic consolidation equation is directly discretized, and the
aforementioned potential surrogate model is embedded into the finite difference scheme
as a non-homogeneous source term, enabling the solution of pore water pressure under
the actual potential distribution. Concurrently, a one-dimensional electro-osmotic model
test is conducted to analyze the intrinsic mechanisms and spatiotemporal distribution
characteristics of the potential field evolution. The proposed computational strategy is
validated using the experimental data, and the results demonstrate its satisfactory effec-
tiveness and feasibility. This study may provide a quantitative computational tool for
mitigating the issues of low efficiency and high energy consumption in the later stages of
electro-osmotic drainage.

2. One-Dimensional Electro-Osmotic Test
2.1. Materials and Methods

The test soil was taken from a deep excavation project, and its particle size distribution
curve is shown in Figure 1. The average water content of the soil at the initial stage of electro-
osmosis was 34.6%. The model box (Miller box) has dimensions of 25 cm in length, 15 cm in
width, and 20 cm in height, with an additional 2 cm extension on both the left and right sides
serving as water collection channels. To monitor the electric potential distribution within
the soil during the test, metal probes were pre-embedded at predetermined measuring
points. The probes were fabricated from iron wire with a diameter of 2.5 mm and a length of
10 cm, wrapped externally with insulating tape, leaving 1 cm of bare length at the bottom.
The embedding depth was uniformly set at 9 cm to ensure that all measuring points
were located at the same horizontal level. Stainless steel plate electrodes were employed,
with drainage holes opened on the cathode plate to facilitate water discharge, while the
anode plate remained unperforated to achieve undrained conditions. The dimensions
of the electrode plates matched the cross-section of the model box and could be fixed by
embedding them into preset slots. A direct current (DC) power supply was used for the
electro-osmotic tests, with a maximum output voltage of 60 V and a maximum output
current of 5 A. For convenient potential measurement, the top of each probe was connected
to external leads via wires. The potential values were measured using a multimeter, and
the circuit current was read directly from the DC power supply panel. A drainage hole was
provided at the bottom of the water collection zone on the cathode side, and the discharged
water was collected and measured using a beaker.
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Figure 1. Particle size distribution curve of the test soil.

A constant voltage of 25 V was applied throughout the entire period. The test soil was
oven-dried, crushed, and re-saturated before being placed into the model box and allowed
to stand for 24 h to ensure a uniform distribution of water content within the soil mass.
The actual filling height of the soil was 15 cm. The metal probes were numbered P1 to P6
sequentially from the cathode to the anode, with probes P1 and P6 positioned 1 cm away
from the cathode and anode plates, respectively, to facilitate estimation of the voltage loss
at the soil-electrode interfaces. The layout of the potential measuring points is shown in
Figure 2. Specifically, Figure 2a depicts the plan arrangement of the test model box, while
Figure 2b displays its elevation. During the test, when the change in the measured mass
of discharged water between two consecutive readings was less than 0.5 g, drainage was
considered to be essentially complete, and the test could be terminated. According to this
criterion, the actual duration of electrification in this test was 102.5 h.
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Figure 2. Experimental model layout diagram. (a) Plan Layout of Experimental Model Box.
(b) Elevation of Experimental Model Box.

2.2. Analysis and Discussion of Experimental Results

A constant voltage of 25 V was applied throughout the test. After 102.5 h of electrifica-
tion, the average water content of the soil decreased to 14.7%, and the cumulative drainage
mass amounted to 1173.9 g. The initial current was 0.412 A, which dropped to 0.031 A at
the end of electro-osmosis, representing a reduction of 92.48%. Metal probes were used to
measure the electric potential distribution at different positions within the soil. Probes 1
and 6, located near the cathode and anode, respectively, were employed to estimate the
voltage loss at the corresponding electrode-soil interfaces. The potential distributions at all
measuring points are shown in Figure 3a, where probes P2 and P3 exhibited the largest
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potential variations, and overall, the potential variation decreased with proximity to the
anode. Since the total applied voltage remained constant at 25 V throughout the test, the
total voltage loss consisted of the voltage losses at both the cathode and anode interfaces.
Specifically, the difference between the potential measured by probe 6 and the applied
total voltage (25 V) characterized the voltage loss at the anode interface; while the cathode
potential was approximately taken as the reference zero potential, so the potential value
measured by probe 1 directly reflected the voltage loss at the cathode interface. On this
basis, the time histories of the interfacial contact voltage losses and the effective soil voltage
are presented in Figure 3b. At the initial moment, the cathode interfacial voltage loss was
2.94 V, which increased to 8.54 V after 7.5 h of electro-osmotic drainage and then exhibited
a declining trend, reaching 3.45 V at the end of the test. The anode interfacial voltage loss
increased from 3.34 V at the initial moment to 4.95 V at the end, exhibiting an approximately
linear trend overall. Correspondingly, the effective voltage first decreased significantly
and then increased gently, but exhibited an overall decreasing trend. The experimental
results indicate that the electrical properties of the electrode-soil interfaces continuously
evolved during the electro-osmotic process, leading to a gradual increase in interfacial
voltage losses. Consequently, the effective voltage actually acting on the soil and driving
pore water drainage remained consistently lower than the applied total voltage, with a
particularly notable decrease in the later stage of electro-osmosis. It should be noted that in
this experiment, the P1 and P6 probes are located approximately 1 cm from the electrode
plate. At this distance, the measured voltage loss includes a portion of the voltage within
the soil. Therefore, the interfacial voltage loss results may be overestimated, leading to an
overestimation of the total voltage loss.
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Figure 3. Monitoring of electrical potential and effective voltage during electro-osmosis. (a) Box plot
of electric potential data at measuring points. (b) Variation curves of effective electro-osmotic voltage
and interfacial voltage loss.

The continuous increase in the aforementioned interfacial voltage loss during the
electro-osmotic process can be mainly attributed to the following two factors. First, the
corrosion of metal electrodes under electrified conditions weakens the contact between the
electrodes and the soil, thereby increasing the interfacial contact resistance, which manifests
as an elevation in voltage loss. Second, electro-osmotic drainage induces volumetric
shrinkage of the soil; particularly in the later stage of electro-osmosis, a certain degree of
separation may occur between the electrodes and the soil, which similarly reduces the
contact quality and further exacerbates the interfacial voltage loss. Photographs of the
model after the test are shown in Figure 4. Given that both metal electrode corrosion and

https://doi.org/10.3390/app162010318

https://doi.org/10.3390/app162010318


Appl. Sci. 2026, 16, 10318 6 of 20

soil desiccation shrinkage are unavoidable during electro-osmosis, the interfacial voltage
loss and the corresponding effective voltage are not constant. This phenomenon has also
drawn the attention of other researchers [15–18]. From the perspective of the physical field,
the effective voltage essentially serves as the boundary condition of the electric potential
field at the electrode boundaries. Moreover, as this boundary condition evolves with the
progress of electro-osmosis, it inevitably induces a reconstruction of the potential field
distribution within the spatial domain for the corresponding boundary value problem.

Figure 4. Photographs of electrode-soil interfaces after testing.

The one-dimensional electro-osmotic model can be approximately treated as a series
circuit. According to Ohm’s law, the difference in potential variation amplitude at different
positions reflects the variation in soil resistance within the corresponding sections. To
further quantitatively analyze the spatiotemporal evolution of electrical resistivity, the soil
between the cathode and anode was divided into seven sections bounded by adjacent
metal probes, denoted sequentially as S1 to S7. The voltage shared by each section can
be converted into the electrical resistivity of the soil in that section. Figure 3 presents the
variation characteristics of resistivity in each section. Specifically, Figure 5a shows the
spatial distribution of resistivity at different time instants. At the initial moment, the water
content distribution in the soil was relatively uniform, and since resistivity is closely related
to water content, the initial resistivity also exhibited a relatively uniform distribution. As
electro-osmotic drainage proceeded (with the drainage direction from the anode toward
the cathode), the extent of water content reduction varied at different positions, leading to
non-uniform changes in resistivity. In particular, the resistivity variation at the electrode
contact surfaces was significantly greater than that in the central soil mass. Specifically, at
the anode contact surface, owing to the undrained condition and the continuous migration
of pore water toward the cathode without replenishment, the water content reduction was
the largest, and the resistivity increased from an initial value of 18.24 Ω · m to a final value
of 359.27 Ω · m; at the cathode contact surface, the resistivity increased from an initial value
of 16.06 Ω · m to 250.40 Ω · m. Figure 5b shows the time-dependent variation curves of
resistivity for each section. It can be observed that the rate and magnitude of resistivity
change were most significant at the electrode contact surfaces, and from the cathode toward
the anode, the rate of resistivity change exhibited a gradually decreasing trend. The above
results indicate that the electrical properties of the soil during electro-osmosis are not
constant but exhibit pronounced evolutionary characteristics over time. Meanwhile, due to
the directional migration of pore water and the non-uniformity of the soil pore structure,
the magnitudes of changes in electrical properties also differed at different spatial locations,
resulting in significant spatial non-uniformity of resistivity distribution.
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Figure 5. Monitoring results of soil resistivity during electro-osmotic treatment. (a) Soil resistivity
distribution curves at different time instants. (b) Resistivity variation curves for each soil section.

The continuous variation of soil resistivity during electro-osmosis induces a redistri-
bution of the electric field within the soil. Under ideal homogeneous medium conditions,
electrostatic field theory predicts a linear potential distribution. However, the heterogeneity
of actual soils and the spatiotemporal evolution of resistivity often cause the potential field
to deviate from this ideal state [15–18]. Figure 6 presents the distribution characteristics
of the electric potential at each measuring point and their temporal evolution, based on
which the above-mentioned deviation can be quantitatively analyzed. Figure 6a shows the
effective potential distribution curves at four characteristic time instants (0 h, 47.5 h, 94.5 h,
and 102.5 h). It can be observed that the potential distribution within the soil did not strictly
follow a linear relationship. In the early to middle stages of electro-osmosis, the potentials
at probes P2 and P3, located near the cathode side, exhibited a pronounced increasing trend.
In the later stage, however, the potentials at these two measuring points decreased some-
what. Figure 6b further presents the evolution curves of the potential at each measuring
point with respect to electrification time. For probes P4 and P5, located near the anode,
their potentials decreased significantly at the initial stage of the test, recovered slightly in
the middle stage, but exhibited an overall decreasing trend. In contrast, the potentials at
probes P2 and P3 on the cathode side continuously increased in the early to middle stages
and decreased slightly in the later stage, exhibiting an overall increasing trend. The above
variation characteristics indicate that during electro-osmosis, the electrode-soil interfacial
effects and the changes in soil matrix resistivity jointly influence the dynamic adjustment
of the internal electric field. The potential distribution of the soil during electro-osmotic
drainage exhibits dual evolutionary characteristics in both spatial and temporal dimensions.
This variation characteristic of the electric potential during electro-osmosis has also been
reported by other researchers [15,17,18].

The experimental results indicate that electrode corrosion and soil shrinkage induced
by drainage during electro-osmosis are unavoidable. Both factors directly alter the electrical
properties at the electrode-soil contact surfaces, leading to an increase in contact voltage
loss and consequently a reduction in electro-osmotic drainage efficiency. The variation in
the aforementioned voltage loss essentially reflects a change in the boundary condition of
the electric potential field. From the perspective of the potential field, the effective voltage
serves as the boundary condition of the potential field, which varies with the electro-
osmotic process and constitutes an external factor affecting the potential field distribution.
On the other hand, electro-osmotic drainage reduces soil water content, which in turn leads
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to changes in soil resistivity. Since the extent of water content reduction varies at different
locations, the magnitude of resistivity change also exhibits spatial differences, which
likewise alters the potential field distribution. This factor originates from the evolution of
the soil’s own electrical properties and constitutes an internal factor affecting the potential
field. It can thus be concluded that during electro-osmosis, the potential field distribution is
jointly governed by external factors (variations in boundary conditions) and internal factors
(spatiotemporal evolution of soil resistivity), exhibiting dual spatiotemporal evolutionary
characteristics, i.e., temporal evolution and spatial non-uniformity coexist.
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Figure 6. Distribution and temporal variation of effective electrical potential in soil during electro-
osmosis. (a) Effective potential distribution curves at different time instants. (b) Variation curves of
effective potential at measuring points.

3. Computational Method Incorporating Potential Field Evolution
If an excessive number of metal probes or sensors are embedded during the experiment,

stress concentration may be induced in the soil, exacerbating the development of soil cracks,
thereby interfering with or even interrupting the generation and maintenance of negative
pore water pressure during electro-osmosis. Consequently, the electric potential data
obtained from actual monitoring is far less than the amount of information required for
characterizing the electric potential field. The measured data exhibits significant sparsity,
and it is difficult to accurately reconstruct the electric potential field relying solely on data-
driven methods. Based on the above analysis, the objective of this study is to achieve an
effective description of the spatiotemporal evolution characteristics of the electric potential
field under sparse observation conditions, and to embed this description into the transient
calculation framework of pore water pressure, so as to more reasonably reflect the actual
behavior of electro-osmotic consolidation.

3.1. Strategies for Capturing the Spatiotemporal Evolution Behavior of the Electric Potential Field

Considering the spatiotemporal evolution characteristics of the electric potential field,
the potential field function φ(x, t) is a function of the spatial coordinate x and time t. Under
ideal conditions, the potential field at each time instant satisfies the Laplace equation, as
shown in Equation (1).

∇ · (∇φ) = 0, (1)

where φ is the electric potential field function, which is a function of the spatial coordinate x.
In electro-osmotic tests, the number of metal probe measurement points is limited,

and the measured data are markedly sparse. For the reconstruction of the electric potential
field at each time instant, a physics-informed neural network (PINN) can be employed to
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combine physics-driven and data-driven approaches: on one hand, the measured data are
used to guide the field distribution; on the other hand, the partial differential equation (PDE)
residuals are incorporated as physical constraints to enhance the reliability of the results.
Meanwhile, since this problem is a typical boundary value problem, a hard constraint
strategy is adopted in the network architecture of the PINN to ensure that the boundary
conditions are strictly satisfied, such that the network output exactly matches the boundary
conditions of the potential field at the boundaries. In this case, the loss function for network
training includes only the PDE residual loss and the measured data residual loss. To balance
the influence of the difference between the number of collocation points within the domain
and the number of measured data points, a weight is assigned to the loss corresponding to
the relatively scarce known data. More comprehensive studies on the PINNs method and
its loss formulation can be found in these references [43–45,49–51]. The specific form of the
loss function is given in Equation (2).

L(θ) = Lpde +
Neq

Ndata
· Ldata, (2)

where L(θ) denotes the total loss function with respect to the neural network parameters
θ; Lpde is the residual loss of the governing partial differential equation evaluated at Neq

collocation points; Ldata is the data loss evaluated at Ndata sampled points; and the ratio
Neq/Ndata serves as a weighting factor to balance the two loss terms.

This strategy constructs a surrogate model independently for each monitoring time
instant, which can significantly increase the number of effective sampling points of the
potential field in the spatial domain, thereby alleviating the issue of feature information
loss caused by data sparsity. After completing the PINN computations at each time in-
stant, the spatial distribution of the electric potential at each monitoring time is obtained
with enhanced sampling density. To ultimately construct a spatiotemporally continuous
potential function φ(x, t), a neural network is employed to fit the discrete dataset that has
been spatially upsampled as described above. The trained network can then be regarded
as a callable continuous function, serving as the surrogate model for the potential func-
tion φ(x, t). By embedding this function into the governing equation of electro-osmotic
consolidation for numerical solution, a quantitative assessment of the influence of the spa-
tiotemporal evolution characteristics of the electric potential field on the transient response
of pore water pressure can be achieved.

3.2. Finite Difference Formulation of the Governing Equation

In classical one-dimensional electro-osmotic consolidation theory, the electric potential
term is simplified as a function that depends only on the spatial coordinate and is indepen-
dent of time. Based on this assumption, the governing equation can be transformed into a
standard parabolic partial differential equation by introducing an intermediate variable,
thereby yielding an analytical solution. However, when the spatiotemporal evolution
characteristics of the potential field are taken into account, the electric potential term φ(x, t)
explicitly contains time t, and the intermediate variable transformation is no longer ap-
plicable, thus rendering the classical analytical solution path infeasible. Since a surrogate
model for φ(x, t) has been constructed using PINNs as described above, this potential
term can be treated as a known function in the governing equation. To facilitate numerical
solution, the term containing φ(x, t) is moved to the right-hand side of the equation and
treated as a non-homogeneous source term, and the resulting non-homogeneous equation is
discretized and solved using the finite difference method (FDM). Furthermore, to preserve
flux conservation in the numerical discretization process, the governing equation is rewrit-

https://doi.org/10.3390/app162010318

https://doi.org/10.3390/app162010318


Appl. Sci. 2026, 16, 10318 10 of 20

ten in conservative form. The conservative form of the one-dimensional electro-osmotic
consolidation governing equation is given in Equation (3).

∂

∂x

(︃
kh
γw

∂u(x, t)
∂x

+ ke
∂φ(x, t)

∂x

)︃
= mv

∂u(x, t)
∂t

, (3)

where u(x, t) is the excess pore water pressure in the soil during electro-osmosis; kh is
the hydraulic permeability coefficient of the soil; ke is the electro-osmotic permeability
coefficient of the soil; and mv is the coefficient of volume compressibility of the soil.

After treating the electric potential term as a non-homogeneous source term, the idea
of the finite volume method is introduced to preserve flux conservation in the numerical
discretization process, ensuring that the fluxes in each local control volume satisfy the
conservation property. Specifically, for control volume i, the coordinates of its left and right
boundaries are denoted as xi− 1

2
and xi+ 1

2
, respectively, and the coordinate of its center point

is xi. By integrating the conservative-form governing equation over the spatial interval
[xi− 1

2
, xi+ 1

2
] for this control volume, the integral form of the equation can be obtained, as

shown in Equation (4).

∫︂ x
i+ 1

2

x
i− 1

2

∂

∂x

(︃
kh
γw

∂u
∂x

)︃
dx +

∫︂ x
i+ 1

2

x
i− 1

2

∂

∂x
(ke

∂φ

∂x
)dx =

∫︂ x
i+ 1

2

x
i− 1

2

mv
∂u
∂t

dx (4)

After performing the integration, Equation (5) is obtained.[︃
kh
γw

∂u
∂x

]︃x
i+ 1

2

x
i− 1

2

+

[︃
ke

∂φ

∂x

]︃x
i+ 1

2

x
i− 1

2

= mv
dui
dt

∆x (5)

By utilizing the function values at the centers of the adjacent control volumes on the left
and right sides, the first-order derivative at the interface is computed using the two-point
central difference scheme, yielding Equation (6).

kh
γw

(︃
ui+1 − ui

∆x
− ui − ui−1

∆x

)︃
+ ke

(︃
φi+1 − φi

∆x
− φi − φi−1

∆x

)︃
= mv

dui
dt

∆x (6)

To ensure the stability and convergence of the iterative computation, the backward differ-
ence scheme is adopted for the temporal discretization, as shown in Equation (7).

− kh∆t
γwmv∆x2 uj

i−1 +

(︃
2

kh∆t
γwmv∆x2 + 1

)︃
uj

i −
kh∆t

γwmv∆x2 uj
i+1 = uj−1

i +
ke∆t

mv∆x2 (φ
j
i−1 − 2φ

j
i + φ

j
i+1) (7)

Let
σ =

kh∆t
γwmv∆x2 (8)

The finite difference form of the governing equation is then given by Equation (9).

−σuj
i−1 + (2σ + 1)uj

i − σuj
i+1 = uj−1

i +
keγw

kh
σ(φ

j
i−1 − 2φ

j
i + φ

j
i+1) (9)

The spatial domain [0, l] is uniformly divided into n elements, yielding n + 1 nodes, with
node numbering starting from 0. The left boundary (cathode) is designated as node 0, and
the right boundary (anode) as node n, where l denotes the total length of the soil. In the
aforementioned experimental model, the cathode plate is perforated for drainage, resulting
in a drainage boundary condition; conversely, the anode plate remains unperforated, con-
stituting an impermeable boundary corresponding to a homogeneous Neumann condition.
The boundary conditions are prescribed as follows: at the cathode (x = 0), a drained
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boundary is imposed, satisfying u(0, t) = 0; at the anode (x = l), an undrained boundary
is imposed, satisfying the homogeneous Neumann condition, i.e., ∂u(l, t)/∂x = 0. The
Neumann condition at the right boundary is described using an independent first-order
derivative extrapolation formula, and the last row of the coefficient matrix is modified
accordingly. With the above boundary conditions incorporated, the difference equations
can be arranged into matrix form, as shown in Equation (10).⎡⎢⎢⎢⎢⎢⎢⎢⎣

2σ + 1 −σ 0 0 . . . 0 0

0 −σ 2σ + 1 −σ 0
. . . 0

...
. . . . . . . . .

...
. . .

...
0 0 0 . . . −σ 2σ + 1 −σ

0 0 0 . . . −3 4 −1

⎤⎥⎥⎥⎥⎥⎥⎥⎦
·

⎡⎢⎢⎢⎢⎢⎢⎢⎣

uj
1

uj
2

uj
3
...

uj
n

⎤⎥⎥⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

uj−1
1

uj−1
2

uj−1
3
...
0

⎤⎥⎥⎥⎥⎥⎥⎥⎦
+ σ

⎡⎢⎢⎢⎢⎢⎢⎣
uj

l
0
0
...
0

⎤⎥⎥⎥⎥⎥⎥⎦+
keγw

kh
σ

⎡⎢⎢⎢⎢⎣
φ

j
l − 2φ

j
1 + φ

j
2

φ
j
1 − 2φ

j
2 + φ

j
3

... +
... +

...
0

⎤⎥⎥⎥⎥⎦ (10)

To implement the above computational procedure, a dedicated Python 3.14.6 module
named pyec was developed, which is capable of fully realizing the proposed computa-
tional strategy. Within the pyec module, a one-dimensional MLP-based hard-constraint
network is constructed on the PyTorch 2.14.1 framework for PINN computations, and the
program automatically iterates through the experimental measurement data to perform
PINN computations at each time instant. In addition, an MLP network with dual inputs
(spatial coordinate x and time t) is constructed to fit the potential function φ(x, t). Upon
completion of training, the surrogate model of the potential field is encapsulated as a
callable function, which is directly incorporated into the finite difference computation of
the governing equation. The computational strategy and implementation workflow of the
above proposed method are illustrated in Figure 7.

output:47×100

PDE Loss

Data Loss

Train

Electroosmosis Test PINNs

Electric potential field surrogate model

FDM

Figure 7. Schematic diagram of the computational strategy.

4. Numerical Validation and Discussion
To validate the effectiveness of the aforementioned computational method, a numerical

example is carried out. The computational model is consistent with the aforementioned
one-dimensional model test, with the spatial domain being [0, 0.25] m, the left boundary
being drained, the right boundary being undrained, and the initial excess pore water
pressure being u0 = 0 kPa. The boundary conditions of the electric potential field are
adopted from the experimental measurement data, and the total computation duration
is consistent with the test, i.e., 102.5 h. First, the PINN method is employed to compute
the potential distribution at each monitoring time instant, so as to enhance the spatial
sampling density at each time instant. A total of 47 time instants were recorded in the
test, with 6 measuring points of potential data per time instant (47 × 6); after PINN-based
densification, the number of sampling points per time instant increased to 100 (47 × 100).
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Subsequently, based on the densified potential dataset, an MLP network is adopted for
fitting, thereby constructing a spatiotemporally continuous potential function φ(x, t). In
the numerical solution, the spatial domain is uniformly divided into 100 elements with 101
nodes; the number of time steps is set to 5001. The soil parameters used for computation
are listed in Table 1 [2,3,11,15]. All the above computations are accomplished using the
pyec module.

Table 1. Basic parameters for electro-osmotic consolidation analysis.

Parameter Value

Unit weight of water [γw (N·m−3)] 9800
Hydraulic conductivity [kh (m·s−1)] 2 × 10−9

Electroosmosis conductivity [kex (m2 · s−1 · V−1)] 2 × 10−9

Coefficient of volume compressibility [mv (Pa−1)] 5 × 10−7

The time step size (∆t (s)) 73.8
The spatial step size (∆x (m)) 0.0025

4.1. Surrogate Model of the Electric Potential Field

In the PINN computations, the MLP network architecture is 1-40-40-40-1, with the
tanh function employed as the activation function. A penalty function concerning the
potential boundary coordinates is added to the output layer to ensure that the network
output strictly satisfies the boundary conditions at the boundaries. The loss function is
the MSELoss, with the number of collocation points for the governing equation being
Neq = 2000 and the number of known potential data points at each monitoring time instant
being Ndata = 6. The number of training epochs is set to 500. After the PINN computations
are completed for each of the 47 monitoring time instants, the neural network is used to
increase the number of spatial distribution points from 6 to 100.

Figure 8 presents the electric potential distribution curves at six representative time
instants (0 h, 24 h, 47.5 h, 71.5 h, 94.5 h, and 102.5 h) computed by PINNs. It can be seen
that the adoption of the hard constraint strategy in the MLP network ensures that the
boundary conditions are strictly satisfied, thereby meeting the mathematical requirements
of the boundary value problem regarding the boundary conditions. At the initial moment,
the electrical properties of the soil are relatively uniformly distributed, and the potential
distribution is approximately linear. As electro-osmosis proceeds, the magnitudes of
changes in the electrical properties of the soil at different locations exhibit differences,
and the potential distribution gradually becomes distinctly nonlinear. In the later stage of
electro-osmosis, most of the pore water in the soil has been expelled, the soil properties tend
to become relatively homogeneous, and the potential distribution approximately returns to
a linear form. The above results indicate that the independent computation by PINNs at
each time instant can effectively capture the evolutionary characteristics of the potential
field throughout the electro-osmotic process.

Owing to the dimensions of the model box and the occurrence of soil cracking, the
number of potential monitoring points that can be installed is extremely limited; however,
the sampling density in the temporal dimension can be enhanced by reducing the data ac-
quisition interval. Based on the spatial upsampling performed by PINNs, an MLP network
structure is employed to fit the spatiotemporal distribution data of the electric potential
field. Figure 9 presents the results of the hyperparameter analysis in this process, through
which the most reasonable network structure can be determined. For comparison, if the
original monitoring data (47 × 6) are directly used for purely data-driven interpolation
without employing PINNs for spatial densification, the results are shown in Figure 10a.
It can be seen that an excessively small number of sampling points makes it difficult to
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accurately capture the evolutionary process of the potential field. In contrast, by employ-
ing the PINN method to densify the spatial sampling points at each time instant to 100
(47 × 100), and then leveraging the fitting capability of a neural network (MLP network,
2-300-300-300-1, with ReLU activation function and MSELoss as the loss function), a spa-
tiotemporally continuous and smooth potential function φ(x, t) can be constructed. The
training loss curve and the corresponding computational results are shown in Figure 10b.
The above comparison demonstrates that the physical constraints introduced by PINNs
effectively compensate for the information loss caused by sparse observations.
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Figure 8. Potential distribution curves at different time instants computed by PINNs. (a) 0 h, (b) 24 h,
(c) 47.5 h, (d) 71.5 h, (e) 94.5 h, and (f) 102.5 h.
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Figure 10. Computed electrical potential field in the soil specimen. (a) Fitting results using raw
measured potential data. (b) Training loss curve of the MLP network and the potential evolution
results computed by the MLP network.

4.2. Computed Results of Excess Pore Water Pressure

Figure 11 presents the spatiotemporal distributions of the excess pore water pressure.
Specifically, Figure 11a shows the analytical results obtained from the classical theory
of Esrig. This model does not account for contact voltage loss and assumes a linear
distribution of the electric potential along the soil length; consequently, the calculated
negative excess pore water pressures are relatively large in magnitude, with the maximum
pore pressure at the anode reaching approximately −200 kPa. Figure 11b shows the
pore pressure distributions computed by the proposed method, where the maximum pore
pressure magnitude is approximately −80 kPa. Since the proposed method incorporates the
experimentally measured potential distributions, the electric potential at each time instant
exhibits nonlinear characteristics, and the potential gradients at different locations vary,
leading to differences in the electro-osmotic driving flow velocities, which in turn result
in pronounced spatial non-uniformity in the pore pressure distribution: the pore pressure
variation near the anode is relatively gentle, whereas that near the cathode exhibits a higher
rate of change. Figure 12 presents the deviation in pore water pressure calculation results
between the two methods, i.e., the computational results of this paper minus the results of
the Esrig theoretical model. It can be observed that the pore pressure magnitudes obtained
from the classical theory are significantly higher than those from the proposed method near
the anode, with a difference of up to approximately 120 kPa; near the cathode, however, the
pore pressure magnitudes from the proposed method are slightly larger than the classical
results, with a difference of approximately 10 kPa. The above comparison indicates that
neglecting the nonlinear spatiotemporal evolution characteristics of the potential field
significantly overestimates the development of negative pore pressure near the anode. This
result has also received attention in other research literature [15,17,18].

Figure 13 further presents a comparison of pore pressures obtained by the two methods
under different conditions. Specifically, Figure 13a shows the pore pressure distribution
curves at different time instants. The magnitudes of negative pore pressure computed
by the Esrig model are greater than those from the proposed method at all time instants,
with the difference being particularly significant near the anode, and this difference tends
to increase continuously with prolonged electrification time. Figure 13b presents the
temporal evolution curves of pore pressure at three representative locations: near the
cathode (x = 0.0625 m), at the middle of the model (x = 0.125 m), and near the anode
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(x = 0.1875 m). Near the cathode, the deviation between the pore pressure time-history
curves of the two methods is relatively small; as the measuring point approaches the anode,
the deviation gradually increases. The above results indicate that the overestimation of
negative pore pressure near the anode by the classical theory accumulates and amplifies
with the progress of electro-osmosis. In the proposed method, the measured potential
distribution is incorporated. Combined with the potential distributions at each time instant
shown in Figure 7, it can be seen that the closer to the anode during electro-osmosis, the
gentler the potential gradient becomes, and the smaller the directional migration capacity
of pore water. In contrast, in the classical theory, the potential field is assumed to be
uniform, with a constant potential gradient, which is the primary cause of the pore pressure
deviation. The actual electric potential field distribution differs significantly from the
ideal state. In the application of the electro-osmotic drainage method, the influence of this
variation on the soil reinforcement effect should be taken into account, with particular
attention to the region near the anode. The decrease in the electric potential gradient and
the occurrence of voltage loss at the anode-soil interface will, to a certain extent, weaken the
soil reinforcement effect in this region. From this perspective, in the combined application
of multiple methods, it would be more reasonable to adopt other methods to compensate
for and mitigate the reduction in soil reinforcement effect near the anode.
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Figure 11. Computed contours of excess pore water pressure during electro-osmosis. (a) Pore water
pressure solutions obtained from the Esrig theoretical model. (b) Pore water pressure results driven
by the measured potential distribution.
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Figure 12. Deviation distribution of pore water pressure between the two models (present—Esrig).
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Figure 13. Spatial and temporal characteristics of pore water pressure. (a) Pore water pressure distri-
bution curves at different time instants. (b) Pore water pressure variation curves at different positions.

4.3. Discussion on Method Characteristics

In this paper, the physics-informed neural network (PINNs) method is introduced to
capture the behavior of the electric potential field during electro-osmotic consolidation.
The PINNs method is employed to overcome the sparsity of measured data and enhance
the descriptive capability of the spatial distribution of the electric potential field. The
neural network serves as a surrogate model for the spatiotemporal evolution function of
the actual electric potential field, which can directly participate as a source term in the
finite difference numerical discretization of the governing equation for electro-osmotic
consolidation, thereby achieving electro-osmotic consolidation calculations under actual
electric potential field distributions. It should be noted that PINNs are not directly applied
to the solution of pore water pressure, primarily for the following three considerations.
First, in terms of solving partial differential equations, PINNs do not exhibit a clear ad-
vantage in computational efficiency and solution accuracy over conventional numerical
methods (e.g., the finite difference method and the finite element method); the data-driven
capability of PINNs is mainly utilized here to achieve effective integration of experimental
measurement data. Second, the application of PINNs is limited to the computation of the
electric potential field because potential data are relatively easy to obtain in electro-osmotic
tests, whereas pore pressure transducers are relatively large in size and difficult to deploy
densely, resulting in extremely limited measured data that cannot fully leverage the data-
driven advantage of PINNs. Third, under ideal conditions, the potential distribution in the
soil satisfies the Laplace equation; however, under the combined action of external factors
(variations in the electrode-soil contact properties) and internal factors (spatiotemporal
evolution of soil resistivity), the actual potential distribution deviates from linearity. The
introduction of PINNs enables the synergistic use of data-driven and physical constraint
(PDE residual) approaches to accurately capture the true distribution of the electric po-
tential field. Since the potential gradient is the primary driving force for electro-osmotic
flow, incorporating the measured potential distribution into the consolidation equation for
pore pressure computation allows the obtained results to explain the influence of the actual
electric potential field on electro-osmotic consolidation. It should be noted that during
electro-osmotic consolidation, the soil consolidation caused by continuous drainage is man-
ifested at the microscopic level as changes in the pore structure. At this point, the seepage
in the porous medium does not completely follow Darcy’s law, and a nonlinear seepage
relationship exists. The model in this paper is still based on the Esrig theoretical framework
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and is essentially a linear model, which fails to account for the nonlinear behavior of the
soil permeability coefficient and volume compressibility coefficient as functions of water
content or pore pressure. This is the main limitation of the present model and warrants
further improvement in future studies.

5. Conclusions
In this paper, a one-dimensional electro-osmotic model test was conducted, which

revealed the non-uniform evolution characteristics of soil electrical properties and the
dual spatiotemporal evolution characteristics of the electric potential field. To address
the computation of electro-osmotic consolidation under actual potential distributions, the
PINN method was introduced to reconstruct the electric potential field at each monitoring
time instant, and a multilayer perceptron (MLP) network was further adopted to con-
struct a surrogate model for the potential field. On this basis, the surrogate model was
embedded into the governing equation of electro-osmotic consolidation, and the finite
difference method was employed for numerical discretization, with a dedicated compu-
tational program developed in Python. The effectiveness of the proposed method was
validated through numerical examples. The main conclusions are as follows:

1. The results of the one-dimensional electro-osmotic consolidation test indicate that
the electric potential field does not always maintain a strictly linear distribution,
but instead exhibits nonlinear characteristics as electro-osmosis proceeds, and this
nonlinearity is markedly time-dependent. This is the result of the combined action of
internal and external factors. In terms of internal factors, the directional migration of
pore water leads to a non-uniform distribution of soil water content, which in turn
causes a spatially non-uniform distribution of resistivity, causing the potential field to
deviate from its initial linear state. In terms of external factors, the corrosion of metal
electrodes and the volumetric shrinkage induced by soil drainage reduce the degree
of electrode-soil contact, thereby decreasing the effective voltage applied across the
soil. The nonlinearity of the potential distribution and its temporal evolution imply
that the potential gradient is no longer constant. If this variation of the potential
field is neglected, the results computed on the basis of the linear assumption will
overestimate the reinforcement effect of electro-osmotic consolidation.

2. The introduction of the PINN method into the computation of the electric potential
field can effectively overcome the issue of sparsity in the measured data. By com-
bining physical constraints with data-driven approaches, the actual distribution of
the potential field can be well reconstructed. Furthermore, neural network fitting
enables a continuous description of the evolution of the potential field in the temporal
dimension, allowing the actual potential distribution information to be directly incor-
porated into the computation of pore water pressure. Restricting the application of
PINNs to the solution of the potential field fully exploits the advantages of low-cost
potential monitoring and easy data acquisition, representing a rational strategy for
the involvement of PINNs in electro-osmotic consolidation problems.

3. In the computation of pore water pressure, the electric potential term is treated as a
non-homogeneous source term, and a finite difference scheme is directly established
for numerical discretization. The surrogate model of the potential field constructed
by the neural network can be embedded into the finite difference equations and
participate in the iterative solution, thereby enabling accurate computation of the
seepage flux driven by the actual potential gradient. Compared with the classical
Esrig theory, the proposed method, which is based on measured potential data, can
effectively reflect the influences of effective voltage decay and nonlinear potential field
distribution on pore pressure. The computational results show that the magnitudes of
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negative pore pressure obtained by the new method are smaller than those from the
Esrig theory, and the deviation between the two increases significantly as the anode
is approached.
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