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Abstract

Tunnel seepage in heterogeneous ground can trigger hydrogeological hazards such as
concentrated water inflow, groundwater depletion, deformation of surrounding struc-
tures, and subsequent eco-environmental degradation. However, these processes are still
commonly evaluated using deterministic models that neglect the spatial variability of
hydrogeological parameters. To address this limitation, this study develops a stochastic
hydro—geo—-mechanical-ecological framework that integrates random field theory with
physics-informed neural networks (PINNSs) for hazard evaluation and rapid prediction
of tunnel seepage responses. The spatial variability of key parameters, including perme-
ability and porosity, is characterized using the Karhunen-Loeve expansion and embedded
into coupled governing equations for unsaturated-saturated seepage, seepage—-stress in-
teraction, and groundwater—soil-vegetation responses. A PINN surrogate model with
random-field inputs is then constructed to predict hydraulic head, tunnel inflow, displace-
ment, groundwater depth, vegetation coverage, and soil physicochemical indices, while
simultaneously quantifying uncertainty. A karst tunnel case in Chonggqing, China, is used
to demonstrate the proposed framework. The results show that spatial heterogeneity
promotes preferential flow paths and intensifies seepage-induced hazards compared with
deterministic mean simulations, leading to larger groundwater drawdown, stronger eco-
logical degradation, and greater overall response variability. The proposed PINN achieves
high predictive accuracy (R? > 0.97) and reduces single-case computational time from hours
to seconds, enabling efficient multi-scenario evaluation and uncertainty-aware risk assess-
ment. This framework provides a physically consistent and computationally efficient tool
for evaluating water-related hazards and long-term environmental impacts in underground
engineering.

Keywords: tunnel seepage; hydrogeological hazards; random field; physics-informed
neural networks; groundwater depletion; uncertainty quantification

1. Introduction

With the rapid advancement of transportation infrastructure construction in China,
the scale of tunnel engineering under complex geological conditions has been continu-
ously expanding [1]. Particularly in karst-developed regions, high mountainous areas,
and ecologically sensitive zones, water seepage induced during tunnel construction and
operation has become one of the critical factors restricting engineering safety and ecological
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environment protection. Numerous engineering practices demonstrate that tunnel exca-
vation alters the distribution of groundwater dynamic fields and stress fields, frequently
triggering a series of cascading ecological responses, including groundwater table decline,
surface vegetation degradation, and deterioration of soil physical and chemical proper-
ties [2—-4]. Therefore, systematically revealing the mechanism of tunnel water seepage and
its corresponding geo-ecological environmental responses, as well as establishing efficient
prediction methods, possess significant scientific significance and engineering value for
ensuring engineering safety and ecological sustainable development.

In recent years, scholars have conducted extensive research on the interaction between
tunnel seepage and groundwater systems. Traditional approaches are mostly based on
Darcy’s law and the continuum assumption, combined with finite-element [5] or finite-
difference methods to establish numerical models for simulating groundwater flow and
tunnel water inflow processes [6—8]. On this basis, seepage—stress coupling models have
been further developed, which can adequately reflect the interaction between surrounding
rock deformation and pore water pressure evolution during tunnel excavation [9-11]. Nev-
ertheless, most of the models rely on deterministic parameters and neglect the widespread
spatial heterogeneity and randomness in geotechnical media, which are particularly promi-
nent in karst regions, fractured rock masses and sedimentary strata [12-14].

In fact, hydrogeological parameters of rock and soil masses are affected by sedimen-
tary environments, tectonic activities, and weathering processes, exhibiting distinct spatial
variability whose statistical characteristics are generally represented as random field distri-
butions [15-17]. In recent years, random field theory has been gradually introduced into
geotechnical engineering analysis. Through the K-L expansion or spectral representation
method, discretized representation of continuous random fields can be achieved, enabling
the incorporation of parameter uncertainty into numerical models [18-20]. Relevant studies
indicate that after considering random fields, tunnel water inflow, groundwater draw-
down and surrounding rock deformation all present stronger spatial heterogeneity and
extreme-value characteristics, while traditional deterministic models tend to underestimate
engineering risks [21-23]. Nevertheless, existing studies mostly focus on a single physical
field, and systematic research on multi-field coupling interactions and their uncertainty
propagation mechanisms remains insufficient.

On the other hand, the impact of tunnel seepage on the ecological environment has
attracted increasing attention. Variations in groundwater level directly affect soil moisture
content and water supply for vegetation roots, resulting in reduced vegetation coverage
and ecosystem degradation [24,25]. Meanwhile, changes in hydrodynamic conditions also
influence soil salt migration and nutrient cycling, further exacerbating ecological environ-
ment deterioration [26,27]. Most existing studies on ecological responses adopt empirical
models or statistical methods, lacking physically coupled descriptions integrated with
hydrogeological processes, and thus fail to reveal the multi-field coupling mechanism and
its spatial heterogeneity. Therefore, establishing a unified coupled model that simultane-
ously considers hydrological, mechanical, and ecological responses represents an important
developmental trend in current research.

With the development of artificial intelligence, deep learning-based scientific com-
puting methods have gradually emerged as a novel approach to solving complex partial
differential equations [28]. Among them, Physics-Informed Neural Networks (PINNs)
embed governing equations, boundary conditions, and initial constraints into the loss
function, enabling mesh-free solutions to physical processes with the advantages of high
efficiency, flexibility, and scalability [29-31]. In recent years, PINNs have been preliminarily
applied to groundwater flow, porous media seepage, and consolidation problems, demon-
strating favorable accuracy and generalization ability [32-34]. Nevertheless, most existing
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PINN studies rely on deterministic parameters, and insufficient consideration has been
given to the spatial randomness of geotechnical parameters and the associated uncertainty
propagation [35].

Although considerable progress has been made in the study of tunnel seepage, several
limitations remain in the existing literature. Most studies are based on deterministic
parameter assumptions and therefore cannot adequately capture the influence of spatial
variability on seepage behavior. In addition, the coupling between seepage, mechanical
response, and ecological effects is often treated separately, lacking an integrated framework.
Furthermore, traditional numerical methods are computationally expensive and not well
suited for efficient multi-scenario analysis under uncertainty.

To address these limitations, this study integrates random field theory with physics-
informed neural networks to establish a coupled hydro—-geo-mechanical-ecological model.
Compared with previous studies, the proposed approach explicitly incorporates spatial
variability, enables efficient prediction through PINN, and provides a unified framework
for analyzing multi-field responses and their ecological impacts.

2. Methodology

To clarify the overall structure of the proposed framework, the methodology follows a
sequential procedure consistent with the problem formulation presented in the Introduction.
First, the spatial variability of hydrogeological parameters is characterized using random
field theory and Karhunen-Loéve expansion. Second, a multi-field coupled model is
established to describe seepage, mechanical response, and ecological processes. Finally, a
physics-informed neural network is constructed to efficiently solve the coupled system and
quantify the uncertainty of the response fields. Figure 1 presents the overall framework of
the proposed methodology.

Engineering data collection and Response model of geological
unified characterization ecological environment under seepage

Random field model generation =  PINN model construction

A PINN model integrating uncertainty

Model training and verification

Rapid prediction and response analysis

Figure 1. Overall work flow diagram.
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2.1. Unified Characterization of Uncertainty in Multi-Source Parameters
2.1.1. Fundamental Theory of Random Fields

The random field 6(x, w) is defined over the spatial domain x € D C R%(d = 2,3) and
the probability space (Q), F, P), satisfying the second-order stationarity assumption. Its
meaning and covariance function are, respectively [36]:

(1)

Ho(x) = Elb(x,w)] , , }
Co(xxX) = E[(0(x,w) — pa(x)) (O(X, ) — pio(x))]

where E|[-] is the mathematical expectation operator, x and x’ are spatial coordinates, and
Co(x,x) is the covariance function of the random field.

The exponential covariance function is adopted to characterize the spatial correlation
of geotechnical parameters, and its expression is [37]:

nN_ 2 2 |xi — x|
Co(x,x) =05exp| —)_ o 2)
I C,11

i=1 g

where Ug is the variance of the random field, and 6. ; is the correlation length in the i-th
spatial direction.

2.1.2. Random Field Discretization Based on K-L Expansion

The K-L expansion decomposes the continuous random field into a sum of products
of orthogonal basis functions and independent random variables, and its expression is:

6(x w) = tplx) + ki V(@) ge(x) )
=1

where Ay and @i (x) are the eigenvalues and eigenfunctions of the covariance operator,
respectively, {x(w) are independent and identically distributed standard Gaussian random
variables, E[¢;] = 0, E[¢x{;] = 6k, and & is the Kronecker delta function.

The eigenvalues and eigenfunctions of the covariance operator satisfy the following
integral equation:

|, oo X)) = Al @

This formula realizes the unified characterization of multi-source parameter uncer-
tainty, transforms the continuous random field into a finite-dimensional random vector
¢=1[¢,8,...,¢C M]T, and can be efficiently embedded into subsequent coupling models
and neural networks.

2.1.3. Coupled Characterization of Multi-Parameter Random Fields

For multi-parameter random fields such as hydraulic conductivity K(x, w) and poros-
ity n(x, w), a joint covariance matrix is constructed:

Clrx) = | SKOX) - Cralox) 5)
Cox(xx) Cu(x,x)

where Ck ,,(x,x') is the cross-covariance function between parameters, reflecting the corre-

lation of parameter randomness. Through multivariate K-L expansion, the simultaneous

discretization of multi-parameter random fields is realized, ensuring the consistency and

coupling of the spatial distribution of parameters.
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2.2. Theoretical Model of Geo-Ecological Environment Response to Tunnel Seepage
2.2.1. Governing Equation of Unsaturated-Saturated Seepage

Considering the spatial variability of random field parameters, the two-dimensional
governing equation of unsaturated—saturated seepage is:

oH 9
S T
1

Kij(x, w, )k () (gfj - %,j)] =Q (6)

where H is the total hydraulic head, Ss(x, w) is the specific storage of the random field,
Kij(x,w, 9) is the permeability tensor of the random field, ¢ is the matric suction, k(¢)
is the relative permeability, 7, ; is the component of gravitational acceleration, Q is the
source-sink term, and ¢ is time.

The Van Genuchten model is adopted to describe the soil-water characteristic curve
and relative permeability:

() = 0, + =t

a1 i
ko (0) = {1-(ipy g " @)
= (alp1))"?

where 6 and 0, are the saturated and residual water contents respectively, and «, n, m are
the model parameters withm =1 —1/n.

2.2.2. Governing Equations of Seepage-Stress Coupling

Considering the coupling interaction between seepage field and stress field, based on
Biot’s consolidation theory, the stress equilibrium equation is:

Oijj +vi — adijpi =0 8)

Geometric equations and constitutive equations:

eij = 5 (uij+uj) )
0'1']' = ZGSZ‘]' + Askkfsij — ucpél-]-

where 0j; is the effective stress, u is the displacement, p is the pore water pressure, A
and G are the Lamé constants, « is the Biot coefficient, and +; is the component of the
specific weight.

Combined with the seepage governing equation, a set of seepage—stress coupling
equations under the random field is formed to characterize the mechanical responses such
as surrounding rock deformation and lining force induced by tunnel seepage.

2.2.3. Coupled Model of Geo-Ecological Environment Response

Tunnel seepage affects surface vegetation growth, soil physicochemical properties,
and karst ecosystems by altering parameters such as groundwater level, soil water con-
tent, and pore water pressure, thus constructing a hydrological-ecological coupling
response equation:

(a) Groundwater Depth Response Equation:

oh, 1 2

T [%n — Jout — K(x, w)V H} (10)
where . is the groundwater depth, i is the specific yield, and g;,, and gyt are the ground-
water recharge and discharge rates, respectively.

https:/ /doi.org/10.3390/w18121424


https://doi.org/10.3390/w18121424

Water 2026, 18, 1424

6of 21

(b) Vegetation Coverage Response Equation:

B 2
Do~ pii1- - (M) an

hopt

where f, is the vegetation coverage, f1 and B, are the growth and stress coefficients,
respectively, and i, is the optimal groundwater depth for vegetation.

(c)  Soil Physicochemical Property Response Equation:

aoC
aTS = DSVZCS —0s- VG + ksCS(C50 - CS) (12)

where C; is the soil nutrient/salt concentration, D; is the diffusion coefficient, v is the
soil water transport velocity, ks is the transformation coefficient, and Cy is the initial
concentration.

2.2.4. Coupled Boundary Conditions Under Random Field
Combined with the actual tunnel engineering, the coupled boundary conditions under
random field are set as follows:
(a) Hydraulic head boundary: H(x,t) = Hp(x,t),x € I'y;
(b) Flow rate boundary: Ki]-(x,w)g—gni =qo(x,t),x € Typ;

(c) Displacement boundary: u;(x,t) = ujp(x,t),x € I's;
(d) Ecological boundary: fy(x,t) = fuo(x,t),x € I'y.

Through the above equations, the fully coupled characterization of tunnel seepage—
mechanical response—geological ecological environment under random field is realized, pro-
viding physical constraints for the subsequent prediction model.

The boundary conditions are defined to represent typical tunnel seepage conditions.
The hydraulic head boundary corresponds to the far-field groundwater level, while the
flow boundary at the tunnel surface represents drainage induced by excavation. The
mechanical boundary constrains the outer domain to maintain stability, with deformation
concentrated near the tunnel. The ecological variables are initialized according to the
initial environmental state and evolve with changes in groundwater conditions. These
assumptions are consistent with the two-dimensional tunnel model used in this study.

2.3. PINN-Based Prediction Model for Geo-Ecological Environment Response
2.3.1. Basic Principles of PINN

Physics-informed neural networks (PINNs) are based on fully connected neural net-
works. They embed physical governing equations, boundary conditions and initial condi-
tions into the loss function as regularization terms, and solve equation derivatives through
automatic differentiation, achieving meshless and high-efficiency solution of partial differ-
ential equations.

Let the network input be the spatial coordinates x = (x,y) and time t, and the output
be the response field variables u(x, t; ) (hydraulic head, displacement, vegetation coverage,
etc.), where 6 is the network parameter. The PINN loss function consists of physics loss,
boundary loss, initial loss and data loss.

Loss(8) = Losspnys + ApcLosspe + AicL0sSic + AgataL0SSgata (13)

where Ay, Aic and Ay, are the loss weight coefficients.
Definitions of each loss term:
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Np
(a) Physics loss: Loss,pys = N%,.Z | F(u(x;, t;;0))|?, F(-) is the residual of the physical

governing equation;

Nbc
(b) Boundary loss: Lossy, = Ni Z [u(x;, t;0) — tpe(x;, t,')|2;
Nic 2
(c) Initial loss: Loss;, = Z| u(x;,0;0) — u;je(x;)|5

2
(d) Data loss: Lossgtq = ﬁ ,):1 u(xi, ti;0) — tops(Xi, )]
1=

The loss function is minimized by the Adam optimization algorithm to obtain the
response field prediction values satisfying physical laws.

2.3.2. PINN Architecture Fused with Uncertainty

The random vector ¢ obtained by discretizing the random field in the previous section
is taken as an additional input of PINN to construct a random field-PINN coupling
architecture, realizing the fusion of uncertainty and physical constraints; Figure 2 shows
the architecture flow chart. The network structure is as follows:

(a) Input layer: spatial coordinates (x,y), time ¢, and random field random variable {;

(b) Hidden layer: 8 fully connected layers with 128 neurons per layer, using the Tanh
activation function (to ensure infinite differentiability);

(¢) Output layer: multi-field response variables such as hydraulic head H, pore water
pressure p, displacement u, groundwater depth k., and vegetation coverage f,;

(d) Loss layer: embedding the random field coupling governing equations, boundary con-
ditions, and initial conditions to construct the uncertainty-aware physics loss function.

Neural network

Input @t layer Hidden layer Output IQ Output

'R
(xy) "
! p
u |
¢
he
f
~—
update Loss term
[ Losstrgin=2 Loss; fos h”:_z |F ity H)
bc
1 2
Lo‘s‘va,:W Z |”(xi' ty O)-up.(x;r t,')|

i=1 <
10 _Convergence? Nie
Lossw:—2|u(x, 0 0)- ulc(xl)|
lL

€S
Y Nda ta

1 2
LoSsdata™ - — D it Dt )|
Stop training ata 1=

Figure 2. PINN-based framework for geo-ecological environment response.
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Physics loss function fused with uncertainty:
1 Ny Ne
u . 2
LOSSphys = WZ% Zl |,F(u(xi/ ti/ E»]/ e)) | (14)
i=1j=

where N is the number of random variable samples.

This architecture couples the spatial randomness of the parameter random field with
temporal evolution, realizing deterministic prediction and uncertainty quantification of the
geo-ecological environment response field, and outputs statistical characteristics such as
the mean, variance, and confidence interval of the response field.

2.3.3. Model Training and Validation Process

(a) Inputlayer: Collect hydrogeological parameters of actual engineering tunnels (per-
meability coefficient, porosity, correlation length, etc.) to construct a parameter
random field; generate training data, including spatial-temporal random variable
sampling points, boundary/initial conditions, and field monitoring data; perform
data normalization to map input and output data to the interval [-1, 1] to improve
training stability.

(b) Network training: Initialize network parameters 6, set learning rate Ir = 10~* and
number of epochs = 20,000; compute the residual of the governing equation using
automatic differentiation and update the loss function; minimize the loss via the Adam
optimization algorithm, with an early stopping strategy to prevent overfitting. The
PINN model was implemented in Python version 3.14.5 (Python Software Foundation,
Wilmington, DE, USA). Data preprocessing, model training, automatic differentiation,
and statistical evaluation were all performed in the Python environment.

() Model validation: Evaluate prediction accuracy using mean squared error (MSE),
coefficient of determination (R?), and mean absolute error (MAE); verify uncertainty
by comparing the predicted statistical characteristics of the response field with sim-
ulation results; compare the predicted results with field monitoring data of actual
engineering tunnels (water inflow, groundwater level, vegetation coverage) to verify
engineering applicability.

For reproducibility, the input variables of the PINN include spatial coordinates, time,
and the random variables derived from the K-L expansion, while the outputs correspond
to the multi-field responses defined in Section 2.2. The field monitoring dataset used in this
study includes groundwater level, tunnel water inflow, and vegetation coverage collected at
multiple monitoring points along the tunnel. A total of approximately 180 monitoring sam-
ples were used. The monitoring points are distributed along the tunnel and surrounding
affected area, with a spatial resolution of approximately 10-20 m, which is consistent with
the correlation length used in the random field model. The temporal resolution of the mon-
itoring data is monthly, covering the construction and early operation stages. Before model
training, the monitoring data were preprocessed to reduce measurement noise. Abnormal
values outside the physically reasonable range were removed, and missing values were
interpolated using linear interpolation. All variables were then normalized to the interval
[—1, 1] to improve training stability. For validation, the PINN predictions were compared
with both numerical simulation results and field monitoring data using statistical indicators
(MSE, MAE, and RZ) as well as the consistency of temporal evolution trends, ensuring
agreement between simulations and observations. The weighting coefficients in the loss
function were determined through sensitivity analysis to balance physical constraints and
data fitting, ensuring that the model satisfies the governing equations while effectively
incorporating measured information.
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3. Results Analysis
3.1. Project Overview and Calculation Parameters

Taking a karst tunnel in Chongging as a case study, the study area is in a typical car-
bonate karst region in Southwest China. The strata are mainly composed of limestone and
dolomite with interbedded mudstone, and are characterized by well-developed fractures,
faults, and strong karstification. These geological features result in highly heterogeneous
hydrogeological conditions and the formation of preferential groundwater flow channels.
The regional groundwater system is primarily recharged by atmospheric precipitation,
with infiltration occurring through fractures and karst conduits. Groundwater runoff is
mainly controlled by the karst network and structural features, and discharge typically
occurs through springs and low-lying areas, showing significant spatial variability. Based
on engineering investigation reports and field monitoring data of the project, the hydrogeo-
logical parameters are determined, including a permeability coefficient K = 0.05~0.35 m/d,
correlation length Ac = 10~20 m, and porosity n = 0.15~0.25. These parameters exhibit clear
spatial variability and their statistical characteristics are used to support the construction of
the random field in the model. The available monitoring data include groundwater level,
tunnel water inflow, and ecological indicators. The surface vegetation is dominated by
shrubs and arbor trees.

The calculation model adopts a typical tunnel section with a size of 100 m x 100 m, a
tunnel radius of 5.25 m, and a buried depth of 80 m. To balance calculation accuracy and
efficiency, the first 20 terms of the K-L expansion are intercepted to realize random field
discretization. Five comparative cases are set—Case 1 (low-permeability homogeneous),
Case 2 (medium-permeability homogeneous), Case 3 (high-permeability homogeneous),
Case 4 (random coupling of multi-parameter random fields), and Case 5 (deterministic
mean simulation)— to systematically reveal the regulatory mechanism of parameter spatial
variability on the tunnel water seepage—geo-ecological response. To clarify the modeling
strategy, the five calculation cases are designed to distinguish the effects of parameter
magnitude and spatial variability. The homogeneous cases represent different overall
seepage levels under uniform conditions, while the deterministic mean case serves as a
reference for averaged parameter behavior. The random-field case is introduced to capture
spatial heterogeneity and to evaluate its deviation from the mean-field assumption.

3.2. Random Field Generation Results

The discretization and characterization of the permeability coefficient random field
are completed based on the K-L expansion, and the results are shown in Figures 3-5. It
can be seen from Figure 3 that the permeability coefficient around the tunnel exhibits
significant spatial variability, and the high-permeability zones are concentrated in karst-
developed and joint-intensive sections, which are consistent with the revealed geological
laws. Figure 4 compares different random field realizations. Under the same meaning,
variance and correlation length, there are obvious differences in the local permeability
coefficient distribution, which directly reflects the random nature of the hydrogeological
parameters of the surrounding rock.
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Figure 3. Random field distribution of permeability coefficient around the tunnel.
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Figure 4. Comparison of permeability coefficient random fields for different realizations.
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Figure 5. Statistical characteristic distribution of the random field: (a) Mean distribution of the
random field; (b) variance distribution of the random field.
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Figure 5 shows the statistical characteristic distribution of the random field, in which
the mean field presents a pattern of slow outward transition centered on the tunnel, and
the variance field peaks at the tunnel free face and karst-developed areas, indicating that
the parameter uncertainty is most prominent in this region. The discretization error of
the random field is less than 3%, which meets the accuracy requirements of multi-field
coupling calculation and can provide reliable parameter input for the subsequent ecological

response analysis under water seepage conditions.

3.3. Response Results of Seepage Field for Tunnel Water Seepage

The evolution of the seepage field caused by tunnel water seepage is the core driving

force for changes in the geo-ecological environment. This paper systematically analyzes
the hydraulic head distribution, seepage velocity, and water inflow time history, and the
results are shown in Figures 6 and 7.
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Figure 6. Response results of tunnel seepage field: (a) Nephogram of hydraulic head distribution;
(b) seepage velocity vector.

Inflow / m3 d~1

2800
2750
2700
2650
2600
2550
2500

2450

wnte

»
sPas

-~ ~
~“-\uﬁw~.\.¢vwr~nw,v\.~ SN N
»-.-/ - > P>y PG P NS e AN e o

Random-coupled +1o
= Random-coupled (Case 4)
— =~ Medium permeability (Case 2)
— = Deterministic mean (Case 5)
. Low permeability (Gase 1),......

RPROPES AR RN PR P RSS20

—— High permeability (Case 3)

LV

too e

10 15 20 25 30
Time / d

Figure 7. Time-history curves of tunnel water inflow under different cases.

Figure 6a is the nephogram of hydraulic head distribution in the typical tunnel section.

Affected by tunnel excavation unloading and seepage convergence, groundwater forms
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an obvious drawdown funnel centered on the tunnel, and the hydraulic gradient reaches
the maximum near the tunnel contour. The hydraulic head drop in high-permeability
zones is significantly larger than that in low-permeability zones, with a wider and more
irregular drawdown funnel, reflecting the control effect of parameter spatial variability on
the seepage field. Figure 6b is the seepage velocity vector field. The dominant seepage
channels are fully coupled with the high-value areas of the permeability coefficient random
field. The flow velocity in karst fracture zones is significantly higher than that in intact
rock mass sections, and water flows rapidly toward the tunnel free face, forming local
concentrated seepage channels, which are highly consistent with the actual tunnel water
inflow and dripping positions.

Figure 7 shows the time-history response curves of tunnel water inflow under different
cases, all of which exhibit a three-stage evolution law of rapid rise, slow growth, and
stabilization. Among them, the high-permeability case (Case 3) has the maximum steady-
state water inflow, reaching 2788 m3/d; the low-permeability case (Case 1) has the minimum
steady-state water inflow, at 2485 m?/d; the random field coupling case (Case 4) has a
steady-state water inflow of 2640 m3/d, which is between the medium-permeability case
(Case 2) and high-permeability case (Case 3); the deterministic mean value case (Case 5)
has a water inflow of 2616 m3/d, slightly lower than that of the random field case. The
above results indicate that the traditional deterministic mean value model will smooth
out the concentrated seepage effect in the high-permeability zone, leading to conservative
water inflow prediction, while the random field model can more truly reflect the seepage
characteristics of heterogeneous rock masses.

3.4. Geo-Ecological Environment Response Results

Long-term tunnel water seepage alters the groundwater circulation path and distribu-
tion state, thereby driving a cascading response in the surface ecosystem. This paper focuses
on analyzing three core ecological indicators: groundwater depth, vegetation coverage,
and soil physicochemical properties, as shown in Figures 8-10.
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. . —-= Deterministic mean (Case 5)
26 i ——- High permeability (Case 3)

Groundwater depth / m
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Figure 8. Response curve of groundwater depth.
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Figure 10. Response curve of soil physicochemical properties.

Figure 8 presents the time-varying curves of groundwater depth under different cases.
The continuous extraction of groundwater due to tunnel seepage leads to a persistent
decline in groundwater level and a continuous increase in burial depth, which eventually
stabilizes. The high-permeability case (Case 3) exhibits the maximum drawdown of 15.6 m
and the widest groundwater drainage range; the random field coupling case (Case 4) has a
maximum drawdown of 12.4 m, which is higher than the 11.8 m of the deterministic mean
case (Case 5). This difference stems from the formation of dominant seepage channels in
high-permeability zones within the random field, accelerating groundwater drainage. It
indicates that the spatial variability of parameters will significantly exacerbate the magni-
tude of groundwater decline, and traditional deterministic models will underestimate the
risk of groundwater drainage.

Figure 9 shows the response curve of vegetation coverage. Affected by the increase
in groundwater depth and soil water stress, vegetation coverage gradually decreases
with seepage time and eventually stabilizes. The high-permeability case (Case 3) has the
largest reduction in vegetation coverage, reaching 19.4%; the random field coupling case
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(Case 4) has a reduction of 14.8%, which is higher than the 13.7% of the deterministic mean
case (Case b).

Figure 10 shows the response curves of soil physicochemical indicators. The decline
in groundwater level changes the processes of soil water migration, salt accumulation,
and nutrient transformation, resulting in a decrease in soil nutrient concentration and
the increase in salinization risk. The high-permeability case (Case 3) shows a reduction
of 16.8% in soil indicators; the random field coupling case (Case 4) shows a reduction of
12.2%, which is also higher than the 11.4% of the deterministic mean case (Case 5). The soil
response is completely synchronized with groundwater depth and vegetation coverage,
forming a “groundwater—soil-vegetation” chain response structure, and the random field
makes the whole chain response stronger and spatial differences more significant.

To summarize, considering the random field of hydrogeological parameters signifi-
cantly amplifies the negative impact of tunnel water seepage on the surface ecosystem, and
the traditional deterministic mean model exhibits an obvious underestimation effect on
ecological risks.

3.5. PINN Model Prediction Results

Figure 11 shows the training loss convergence curves of the PINN model, including
the total loss and sub-losses such as physics loss, boundary loss, initial loss, and data loss. It
can be seen that the total loss and sub-losses decrease rapidly at the initial stage of iteration,
the descent rate slows down after 5000 iterations and basically converges and stabilizes
after 15,000 iterations. This indicates that the model has fully learned the physical laws
of seepage—stress ecology coupling under random fields, with strong fitting ability, good
stability, and no obvious oscillation or overfitting phenomenon, meeting the prediction
requirements. Table 1 shows the statistical indicators of the prediction performance of the
PINN model. For the training set, MSE = 6.4 x 10~%, MAE = 0.0158, R? = 0.986; for the
validation set, MSE = 8.7 x 104, MAE = 0.0196, R? = 0.978, and the coverage rate of the
95% confidence interval reaches 91.1%. The prediction accuracy meets the requirements of
engineering applications.
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Figure 11. Convergence process of PINN training loss: (a) Various loss values; (b) total loss value.
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Table 1. Statistics of PINN fast prediction performance.

Indicator Training Set Validation Set Description
MSE 6.4 x 104 87 x 104 Output targets: g'roundv.vater dePth,.vegetatlon
coverage, soil physicochemical index.
Numerical simulation for a single case takes
MAE 0.0158 0.0196 approximately 2.6 h, while PINN inference takes
only about 0.8 s
The validation set samples generally fall near the
2 ples g y
R 0-9860 09780 1:1 line and within the £5% error band.
95% confidence interval 92.39% 91.1% It is suitable for rapid screening and uncertainty

coverage rate

quantification of random field cases.

Figure 12a shows the consistency comparison between predicted and true values. All
sample points are closely distributed near the 1:1 reference line and fall entirely within the
£5% error band, indicating that the model has high reliability in predicting groundwa-
ter depth, vegetation coverage, and soil physicochemical index. Figure 12b presents the
comparison of computational efficiency. The traditional numerical simulation takes approx-
imately 2.6 h to solve a single case, whereas the PINN model in this study only requires
0.8 s for single-case inference, improving computational efficiency by about 11,700 times
and realizing rapid prediction of multi-field responses under random fields.
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Figure 12. Prediction consistency and fast prediction capability of PINN: (a) Prediction consistency;
(b) computational efficiency.

The coupled random field and PINN model can directly output statistical characteris-
tics such as the mean, variance, and 95% confidence interval of the response field, enabling
uncertainty quantification analysis. The prediction results show that the uncertainty is
the greatest around the tunnel and in karst-developed areas, which is consistent with the
variance distribution of the random field. This indicates that the model can effectively
capture the response fluctuations caused by spatial parameter variability, providing a
quantitative basis for engineering risk assessment.
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3.6. Multi-Case Comparative Analysis

Table 2 and Figure 13 systematically compare key indicators under five working
conditions, including steady-state water inflow, maximum drawdown, maximum lining
displacement, vegetation coverage reduction, and soil index reduction. The results reveal
clear engineering laws: Higher permeability leads to greater tunnel water inflow, ground-
water drawdown, lining deformation, and ecological index reduction, which conforms
to the basic mechanical and ecological laws of karst tunnel water seepage. All response
indicators of the random field coupling case (Case 4) are higher than those of the deter-
ministic mean case (Case 5), confirming that spatial variability of parameters significantly
strengthens the mechanical effect of seepage and negative ecological impact. Maximum
lining displacement is significantly positively correlated with ecological reduction, indicat-
ing that surrounding rock deformation and groundwater drainage jointly drive ecological
degradation, and the random field further highlights this multi-field synergistic effect.
The response of the random field case falls between that of medium-permeability and
high-permeability homogeneous cases. This behavior reflects the combined influence of
spatial averaging and local heterogeneity. Although high-permeability zones in the random
field can form preferential flow channels and locally enhance seepage intensity, their spatial
extent is limited. The overall system response is still largely governed by the background
permeability level, which is close to the medium-permeability condition. In addition, the
development of high-permeability flow paths is constrained by boundary conditions and
hydraulic gradients, preventing their full contribution from dominating the global response.
Therefore, the random field response represents a nonlinear integration of the average field
effect and localized high-permeability amplification, rather than a simple dominance of
extreme values. The results under random field conditions should not be interpreted as a
simple compromise between medium and high permeability cases, but as the outcome of
the interaction between spatial variability and flow regulation mechanisms.

Table 2. Comparison of key response indicators under multiple cases.

Steady-State Maximum Lining Displace- Vegetation Soil Index

Case Water Drawdown/m ment/mm Coverage Reduction/%

Inflow/(m3/d) Reduction/% °
Case 1: Low permeability 2485 7.8 2.1 8.1 6.4
Case 2: Medium permeability 2622 10.9 2.8 12.6 10.3
Case 3: High permeability 2788 15.6 3.9 194 16.8
Case 4: Random field coupling 2640 12.4 3.1 14.8 12.2
Case 5 Deterministic 2616 118 29 137 114

comparison
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Figure 13. Comparison diagram of multi-case responses.

4. Discussion
4.1. Influence Mechanism of Random Field on Tunnel Seepage—Geological-Ecological Response

Previous studies have demonstrated that geological heterogeneity plays a key role
in controlling seepage processes, whereas deterministic approaches tend to smooth spa-
tial variability. In this study, the random-field model captures high-permeability zones
associated with karst fissures and jointed structures, forming preferential flow paths that
significantly enhance local seepage velocity and water inflow. As a result, the groundwater
depression cone shifts toward these regions, leading to heterogeneous groundwater draw-
down. To provide a more intuitive comparison of the coupled hydro-mechanical responses
under different permeability scenarios, Figure 14 presents the variation in maximum
groundwater drawdown and lining displacement across the five cases. It can be observed
that the response under the random field condition (Case 4) lies between the medium- and
high-permeability cases, while remaining closer to the medium-permeability level.
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Figure 14. Comparison of groundwater drawdown and lining displacement under different perme-
ability scenarios.

https://doi.org/10.3390/w18121424


https://doi.org/10.3390/w18121424

Water 2026, 18, 1424

18 of 21

Spatial variability is further transmitted and amplified through the seepage—stress—
ecology coupling process, producing localized extreme responses. The ranges of groundwa-
ter depth, vegetation coverage, and soil quality increase with the variability of parameters.
In contrast, deterministic models assume spatially averaged properties, which suppress
local extremes and tend to underestimate seepage intensity and associated ecological risks.
Therefore, the stochastic approach provides a more realistic representation of both the mag-
nitude and spatial distribution of multi-field responses. The trends shown in Figure 14 are
consistent with the overall results summarized in Table 2, indicating that the random field
leads to enhanced but spatially constrained responses rather than uniform amplification.
In addition, the joint random field of permeability, porosity, and specific storage enhances
the coupling among seepage, stress, and ecological fields. Changes in seepage conditions
induce stress redistribution, which in turn affects permeability, forming a feedback mecha-
nism that intensifies ecological degradation. Compared with single-parameter randomness,
multi-parameter random fields better reflect the complexity of real engineering systems.

4.2. Advantages and Applicability of the Coupled PINN Model

The proposed PINN framework incorporates governing equations into the loss
function, ensuring that predictions satisfy physical conservation laws and remain in-
terpretable. By introducing random variables derived from the K-L expansion, the
model effectively integrates spatial variability into the learning process and enables direct
uncertainty quantification.

Compared with traditional numerical methods, the proposed approach significantly
improves computational efficiency, reducing simulation time from hours to seconds. This
advantage makes it particularly suitable for multi-scenario analysis, parameter sensitivity
studies, and rapid assessment in engineering applications. In addition, the model can be
integrated with monitoring systems to support real-time prediction and decision-making.

4.3. Engineering Application Value and Limitations

It solves the problem that traditional deterministic models underestimate the ecological
impact of tunnel seepage, providing a scientific basis for ecological protection, vegetation
restoration, and groundwater control in tunnel site areas. It can rapidly complete the
screening of many random field cases, optimize the lining structure, drainage system, and
grouting scope, and reduce cost and construction period. In sudden events such as water
and mud inrush, it can provide the seepage range and ecological impact degree in seconds
to support rapid disposal. It can predict the changes in groundwater, vegetation, and
soil for several months to years, offering a reference for long-term ecological monitoring
and restoration.

However, the model also has limitations. This study adopts a second-order stationary
random field and exponential covariance function; for extremely heterogeneous and non-
stationary strata, the covariance model needs to be improved, or non-stationary random
fields should be adopted. The two-dimensional model cannot fully restore the three-
dimensional seepage paths and differences in ecological responses. Three-dimensional
expansion will further improve accuracy but correspondingly increase computational cost.
The ecological response adopts simplified empirical equations without considering complex
factors such as plant species differences, seasonal variations, and human activities. The
model accuracy relies on geological survey and monitoring data, and the generalization
ability will be affected when data are insufficient.

4.4. Future Research Directions

Construct a three-dimensional K-L random field and 3D PINN architecture to achieve
high-precision prediction of seepage-mechanical-ecological responses in real spatial mor-
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phology. Combined with long-term monitoring data, establish a temporal PINN model
for online parameter updating and dynamic prediction. Integrate the prediction model
with optimization algorithms to realize multi-objective collaborative optimization of tunnel
structural safety, water inflow control, and ecological protection. Combine Monte Carlo
simulation with PINN to conduct probabilistic assessment of low-probability, high-risk
water inrush and ecological degradation events.

5. Conclusions

This study develops a stochastic hydro-mechanical-ecological coupled framework by
integrating random field theory with PINN to investigate tunnel-induced seepage and its
environmental impacts under spatially heterogeneous conditions. The main conclusions
are as follows:

(1) Spatial variability plays a dominant role in controlling seepage behavior. Compared
with deterministic models, the random-field case consistently produces higher seep-
age intensity and stronger spatial heterogeneity of groundwater drawdown, with
localized responses significantly exceeding the mean-field predictions.

(2) Tunnel-induced seepage leads to a coupled response of groundwater, soil, and vegeta-
tion. Groundwater depletion is accompanied by coordinated changes in soil properties
and vegetation coverage, showing a clear propagation from subsurface hydrological
variation to surface ecological response.

(38) Parameter uncertainty amplifies eco-environmental impacts. Under stochastic condi-
tions, the predicted groundwater drawdown, vegetation reduction, and soil deteri-
oration are consistently greater than those obtained from deterministic simulations,
indicating a systematic underestimation of risk when spatial variability is neglected.

(4) The proposed stochastic PINN framework provides accurate and efficient prediction
of multi-field responses. The model achieves high prediction accuracy while main-
taining computational efficiency, and captures the statistical characteristics of system
responses under uncertainty.

The proposed framework can support more reliable assessment of tunnel seepage
and its environmental impacts in heterogeneous formations, and provides a reference for
similar subsurface engineering problems under spatial variability conditions. Despite
these contributions, some limitations should be noted. The present study is based on a
two-dimensional framework and assumes stationary random fields, which may limit its
applicability to highly complex geological conditions. Future research should extend the
model to three-dimensional and non-stationary scenarios, as well as incorporate time-
dependent processes and field monitoring data to further improve prediction accuracy and
practical applicability.
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