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 5 

ABSTRACT  6 

This study develops a two-domain physics-informed neural network framework for contaminant transport 7 

through a GCL/SL composite liner system, in which the thin GCL layer is treated using a steady-state 8 

advection-dispersion-biodegradation formulation and the underlying soil liner is modeled as a transient 9 

transport domain. Two formulations are evaluated against analytical and finite-element reference solutions 10 

under different leachate-head conditions: a standard PINN with soft constraint enforcement (Std-PINN) and 11 

a hard-constrained PINN (H-PINN), in which selected boundary and initial conditions are embedded 12 

directly into the trial solutions. The Std-PINN captures the overall breakthrough behavior but shows larger 13 

errors during the early transport stage, particularly under higher leachate heads where advective transport 14 

becomes more pronounced. The H-PINN reduces the optimization burden associated with penalty-based 15 

constraint enforcement and provides more accurate and stable concentration predictions, lowering the MAE 16 

from approximately 0.058-0.067 for the Std-PINN to about 0.011-0.023 for the H-PINN, while reducing 17 

the MRE from approximately 9.10%-19.16% to about 2.08%-3.14%. Parametric analyses confirm that the 18 

H-PINN with the tanh activation function and an optimized network structure provides the best predictive 19 

accuracy. The H-PINN is further extended to inverse modeling for identifying the SL degradation half-life 20 

from limited concentration observations, showing reliable convergence toward prescribed values and 21 

acceptable robustness under low-to-moderate observation noise.  22 
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1. Introduction 28 

Composite liners are generally installed at the bottom of landfills to protect the surrounding 29 

environment and groundwater from potential contamination caused by landfill leachate (Kalbe et 30 

al., 2002; Du et al., 2009; Rowe, 2011; Varank et al., 2011; Rowe et al., 2023). A conventional 31 

composite liner system commonly consists of a geomembrane (GMB) overlying a low-32 

permeability compacted clay liner (CCL) (Rowe and Booker, 2005; Dickinson and Brachman, 33 

2008; Du et al. 2009; Zhao et al., 2025). In modern landfill applications, geosynthetic clay liners 34 

(GCLs) are frequently used as an alternative or supplement to CCLs because they can provide 35 

comparable or lower hydraulic conductivity while offering easier installation, improved 36 

construction quality control, and reduced consumption of landfill airspace due to their relatively 37 

thin thickness (typically 5-10 mm) (Jo et al., 2001, 2005; Kolstad et al., 2004; Bradshaw et al., 38 

2013; Li et al., 2024, 2025). However, because GCLs are relatively thin, their contaminant storage, 39 

adsorption, and degradation capacities are limited. Therefore, GCLs are commonly combined with 40 

an underlying soil liner (SL), which provides additional thickness, sorption capacity and 41 

attenuation potential, thereby delaying contaminant breakthrough and improving the long-term 42 

containment performance of landfill liner systems (Foose, 2010; Guyonnet et al., 2001; Koerner, 43 

2008). Contaminants may migrate through composite liners by leakage through geomembrane 44 

defects and by diffusion through intact geomembranes, with defect leakage being strongly affected 45 

by leachate head and defect density, while diffusive transport through intact geomembranes is 46 

governed mainly by concentration gradients and geomembrane-contaminant interactions (Rowe 47 

and Booker, 2005; Dickinson and Brachman, 2008; Du et al., 2009; Foose, 2010).  Once 48 

contaminants enter the underlying GCL/SL barrier system, their migration is further controlled not 49 

only by advection, diffusion, and sorption, but also by attenuation processes such as biodegradation. 50 

Organic contaminants have been shown to undergo significant degradation in landfill liners, and 51 



biodegradation and chemical transformation within liner materials may further influence the 52 

breakthrough behavior (Sawhney and Kozloski, 1984; Angelidaki et al., 2000; Weber et al., 2011; 53 

Olasupo et al., 2024). 54 

Both numerical and analytical methods have been developed to model contaminant advection and 55 

diffusion in composite liner systems (Liu and Ball, 1998; Foose et al., 2002; Chen et al., 2009; Li 56 

and Cleall, 2011; Guan et al., 2014; Wu et al., 2016; Feng et al., 2019). Liu and Ball (1998) 57 

presented an analytical solution for the solute diffusion in semi-infinite two-layer porous media 58 

using a Laplace-transformed Green’s function approach, and the solution showed good agreement 59 

with finite-difference results. Chen et al. (2009) and Wu et al. (2016) developed analytical 60 

solutions for one-dimensional contaminant diffusion in multilayered systems under steady-state 61 

flow conditions, with Wu et al. (2016) further incorporating liner degradation effects. Li and Cleall 62 

(2011) presented analytical solutions for advective-dispersive solute transport in double-layered 63 

finite porous media under different combinations of fixed concentration, fixed flux, and zero-64 

concentration-gradient boundary conditions. Guan et al. (2014) developed an analytical solution 65 

for solute advection-dispersion transport through a GCL/SL system considering degradation in 66 

both the GCL and SL, although solute transport through the GCL was assumed to be steady state. 67 

Feng et al. (2019) further developed a fully transient analytical solution for degradable organic 68 

contaminant transport through a composite liner consisting of a geomembrane (GMB), 69 

geosynthetic clay liner (GCL), and soil liner (SL).  70 

Although analytical solutions can provide exact or semi-analytical benchmarks, they are typically 71 

restricted to idealized geometries, simplified boundary conditions, homogeneous or piecewise-72 

homogeneous material properties, and linear transport processes. These assumptions may limit 73 

their applicability to practical composite liner systems, where contaminant transport can be 74 



affected by layer-dependent properties, transient boundary conditions, degradation, sorption, and 75 

interface continuity between different liner components. Numerical methods, such as the finite-76 

difference method and finite-element method, provide a more flexible approach for approximating 77 

the governing partial differential equations under complex initial, boundary, and material 78 

conditions (Rowe and Booker, 2005; Zhang et al., 2013; Feng et al., 2019). However, conventional 79 

numerical methods generally require mesh generation, discretization, and repeated simulations for 80 

parametric or inverse analyses, which may increase computational effort when a large number of 81 

scenarios must be evaluated. In addition, inverse identification of transport or degradation 82 

parameters from sparse concentration observations often require repeated forward simulations and 83 

may be sensitive to discretization choices and measurement noise. 84 

Recently, physics-informed neural networks (PINNs) and related constrained neural-network 85 

methods have gained increasing attention as mesh-free approaches for solving partial differential 86 

equations (PDEs) (Raissi et al., 2019; He and Tartakovsky, 2021; Li et al., 2026). The original 87 

PINN framework introduced by Raissi et al. (2019) incorporates governing-equation residuals and 88 

initial/boundary conditions into the neural-network loss function, allowing neural networks to 89 

solve forward and inverse PDE problems while respecting known physical laws. He and 90 

Tartakovsky (2021) applied PINNs to forward and backward advection-dispersion equations 91 

coupled with Darcy flow, demonstrating their potential for contaminant transport modeling. Saadat 92 

et al. (2022) investigated the training behavior of PINNs for linear advection-diffusion equations 93 

using neural tangent kernel theory and showed that PINNs may experience training difficulties due 94 

to spectral bias and imbalance among different loss components. Faroughi et al. (2023) 95 

investigated PINNs with periodic activation functions for transient solute transport in 96 

heterogeneous porous media, while Berardi et al. (2025) extended inverse PINNs to diffusion, 97 



advection-diffusion-reaction, and mobile-immobile transport models in porous materials. Ke et al. 98 

(2025) developed pre-trained PINNs for forward and inverse contaminant transport analysis in 99 

soils, incorporating pre-training, uncertainty quantification, and domain-decomposition strategies 100 

Despite these advances, existing PINN-based transport studies have mainly focused on 101 

homogeneous or simplified porous-media systems. Limited attention has been given to 102 

contaminant transport through layered GCL/soil liner composite systems, where layer-dependent 103 

advection, dispersion, retardation, biodegradation, and material-interface continuity must be 104 

considered simultaneously. In particular, the concentration and mass-flux continuity conditions at 105 

the GCL/SL interface introduce additional physical constraints that are rarely addressed in existing 106 

PINN transport models. This issue is especially important for GCL/SL composite liners because 107 

the sharp contrast in hydraulic, diffusive, and degradation properties between the GCL and SL can 108 

produce strong concentration gradients and discontinuities in transport coefficients near the 109 

material interface.  110 

Therefore, this study develops a two-domain physics-informed neural network (PINN) framework 111 

for biodegradable contaminant transport through a GCL/SL composite liner system. Both a 112 

standard soft-constrained PINN (Std-PINN) and a hard-constrained PINN (H-PINN) are 113 

formulated and evaluated. The proposed models are validated against analytical and finite-element 114 

reference solutions under different leachate-head conditions. In addition, parametric analyses are 115 

conducted to investigate the effects of activation function, neural-network structure, and SL 116 

biodegradation half-life on model performance and breakthrough behavior. Finally, the H-PINN is 117 

extended to inverse modeling for identifying the SL degradation half-life from limited 118 

concentration observations and assessing its robustness under noisy data. 119 



2. Governing Equations 120 

As shown in Fig. 1, the contaminant is assumed to migrate downward through a saturated two-121 

layer composite liner system consisting of a geosynthetic clay liner (GCL) and an underlying soil 122 

liner (SL). The vertical coordinate 𝑧 is measured positive downward from the top surface of the 123 

GCL. Thus, 𝑧 = 0  corresponds to the GCL/leachate interface, 𝑧 =  GCL  corresponds to the 124ܮ

GCL/SL interface, and 𝑧 = GCLܮ +  SL 125ܮ GCL andܮ .SL corresponds to the bottom of the soil linerܮ

are the thicknesses of the GCL and SL, respectively. The hydraulic leachate head above the GCL 126 

is denoted as ܪ௪, and the contaminant concentration in the overlying leachate is assumed to be 127 

constant at 128 .0ܥ 

The computational domain can be expressed as: 129 ΩGCL = {𝑧|0 < 𝑧 ≤ GCL} (1) ΩSLܮ = {𝑧|ܮGCL < 𝑧 < GCLܮ +  SL} (2)ܮ

where ΩGCLand ΩSLdenote the GCL and SL domains, respectively. 130 

 131 

Fig. 1. Schematic diagram of transient contaminant transport through a GCL/SL composite system 132 

considering advection, diffusion, and biodegradation. 133 



Because the GCL is much thinner than the underlying soil layer, solute transport within the GCL 134 

can be approximated as a steady-state process. Therefore, no initial condition is imposed within 135 

the GCL layer. For the GCL layer (0 < 𝑧 ≤ ,GCLܮ ݐ > 0) ,  the steady advection-dispersion-136 

biodegradation equation is written as: 137 

GCLܦ GCL∂𝑧2ܥ2∂ − GCLݒ GCL∂𝑧ܥ∂ − GCLܥGCLܴௗ,GCLߣ = 0 (3) 

where ܥGCL(𝑧,  represents the pore-water solute concentration within the GCL at any position z 138 (ݐ

and any time t, ܦGCL  refers to the hydrodynamic dispersion of GCL, ݒGCL  is seepage velocity 139 

through the GCL, and ߣGCL denotes the decay constant of the solute in GCL. Similarly, for the SL 140 

layer (ܮGCL < 𝑧 < GCLܮ + ,SLܮ ݐ > 0), the governing equation is: 141 

ܴௗ,SL ݐ∂SLܥ∂ = SLܦ SL∂𝑧2ܥ2∂ − SLݒ SL∂𝑧ܥ∂ −  SL (4)ܥSLܴௗ,SLߣ

where ܥSL(𝑧,  SL are the pore-water solute concentration, hydrodynamic 142ߣ SL, ܴௗ,SL, andݒ ,SLܦ ,(ݐ

dispersion, seepage velocity, retardation factor, and decay constant of the solute in the soil liner. 143 

The retardation factor for each layer is defined as: 144 

ܴௗ,௜ = 1 + ௗ,௜݊௜ܭௗ,௜ߩ , ݅ = GCL, SL (5) 

where ߩௗ,௜ is the dry density, ܭௗ,௜ is the distribution coefficient, and ݊௜ is the porosity of GCL or 145 

SL liner.  146 

The decay constant λGCL, λSL can be expressed as a function of the half-life t1/2 for a first-order 147 

biodegradation process: 148 

௜ߣ = ln ௜,1/2ݐ2 , ݅ = GCL, SL (6) 

where 1/2ݐ,௜ is the contaminant half-life in GCL or SL liner.  149 

The composite liner is assumed to contain no contaminant initially in the soil liner. Therefore, the 150 

initial condition for the SL is expressed as: 151 



,SL(𝑧ܥ 0) = 0, GCLܮ < 𝑧 < GCLܮ +  SL (7)ܮ

At the top surface of the GCL, the contaminant concentration is prescribed by the leachate 152 

concentration: 153 ܥGCL(0, (ݐ = ,0ܥ ݐ > 0 (8) 

The bottom boundary condition is assumed to be semi-infinite, can be expressed as: 154 ∂ܿSL∂𝑧 GCLܮ) + ,SLܮ (ݐ = 0 (9) 

The continuity conditions between the GCL and SL layers can be expressed as: 155 ீܥ஼௅(𝑧 = ,஼௅ீܮ (ݐ = ௌ௅(𝑧ܥ = ,஼௅ீܮ  (10) ,(ݐ

݊ீ஼௅ீܦ஼௅ ஼௅(𝑧ீܥ߲ = ,஼௅ீܮ ܼ߲(ݐ = ݊ௌ௅ܦௌ௅ ௌ௅(𝑧ܥ߲ = ,஼௅ீܮ ܼ߲(ݐ  (11) 

3. PINN Methodology 156 

3.1 Neural-network Architecture 157 

In this study, physics-informed neural networks (PINNs) are developed to approximate 158 

contaminant transport through the two-layer GCL/SL composite liner system. The schematic of 159 

PINN-based models for analyzing contaminant transport in GCL/SL composite liner system is 160 

shown in Fig. 2. The model output is expressed in terms of the relative concentration: 161 

ܿ௜(𝑧, (ݐ = ,௜(𝑧ܥ 0ܥ(ݐ , ݅ = GCL, SL (12) 

where ܥ௜(𝑧,  is the prescribed 162  0ܥ is the pore-water contaminant concentration in layer ݅ , and  (ݐ

contaminant concentration in the overlying leachate. Because the spatial coordinate is normalized 163 

separately in each layer, the derivatives in the governing-equation residuals must be scaled using 164 

the corresponding layer thickness. The normalized coordinates are: 165 

𝑧௚ = 𝑧ீܮ஼௅ , 0 ≤ 𝑧௚ ≤ 1 (13) 𝑧௦ = 𝑧 − SLܮGCLܮ , 0 ≤ 𝑧௦ ≤ 1 (14) 



߬ =  ௙ (15)ݐݐ

where ܮGCL  and ܮSL  are the thicknesses of the GCL and SL, respectively, and ݐ௙  is the final 166 

simulation time. 167 

Because GCL and SL have substantially different thicknesses and material properties, two separate 168 

neural networks were adopted. The first neural network approximates the relative concentration 169 

field in the GCL, while the second neural network approximates the relative concentration field in 170 

the SL. This two-network structure allows the model to handle the strong contrast in material 171 

properties between the thin GCL and the much thicker soil liner. 172 

The GCL concentration field is approximated as: 173 ܿ̂ீ஼௅(𝑧௚, ߬) = ఏܰ೒(𝑧௚, ߬;  (16) (ࢍࣂ

where ܿ̂GCL is the PINN-predicted relative concentration in the GCL, ఏܰ೒  denotes the GCL neural 174 

network, and ࢍࣂ represents its trainable parameters.  175 

Similarly, the SL concentration field is approximated as: 176 ܿ̂ௌ௅(𝑧௦, ߬) = ఏܰೞ(𝑧௦, ߬;  (17) (࢙ࣂ

where ܿ̂SL is the predicted relative concentration in the SL, ఏܰೞ denotes the SL neural network, and 177 ࢙ࣂ represents its trainable parameters. 178 

Both neural networks are fully connected feedforward neural networks. For a general network with 179 ܯ hidden layers and ܰ neurons per hidden layer, the mapping can be expressed as: 180 

(0)ܐ =  (18) ܠ

(௠)ܐ = ߪ ((௠)܊+(1−݉)ܐ(௠)܅) , ݉ = 1,2, … ,  (19) ܯ

ܿ̂ = (ெ)ܐ(1+ܯ)܅ +  (20) (1+ܯ)܊



where ܅(௠)  and ܊(௠)  are the trainable weight matrix and bias vector of the m-th layer, 181 

respectively, and ߪ(⋅)  is the activation function. Xavier initialization was used for the neural-182 

network weights, and the biases were initialized as zero. 183 

 184 

 185 

 186 

Fig. 2. The schematic of PINN-based models (a) Std-PINN, and (b) H-PINN for analyzing contaminant 187 

transport in GCL/SL composite liner system  188 

(a) 

(b) 



3.2 Soft-constrained PINN Formulation 189 

In the soft-constrained PINN, also referred to as the standard PINN or Std-PINN, the raw neural-190 

network outputs are directly used as the approximate concentration fields in the GCL and SL. The 191 

governing equations, initial condition, boundary conditions, and GCL/SL interface-continuity 192 

conditions are enforced through penalty terms in the total loss function as shown in Fig. 2 (a). 193 

The residual of the steady advection-dispersion-biodegradation equation of GCL layer is defined 194 

as: 195 

ℛீ஼௅ = ஼௅2ீܮ஼௅ீܦ ߲2ܿ̂ீ஼௅߲𝑧௚2 + ஼௅ீܮ஼௅ீݒ ߲ܿ̂ீ஼௅߲𝑧௚ +  ஼௅ܴீ஼௅ܿ̂ீ஼௅ (21)ீߣ

where ܦGCL , ݒGCL , ߣGCL  are the hydrodynamic dispersion, seepage velocity, and first-order 196 

biodegradation coefficient in the GCL, respectively. The GCL residual loss is: 197 

௉஽ா,ீ஼௅ܮ = 1௉ܰ஽ா,ீ஼௅ ∑ ∣ ℛீ஼௅(𝑧௚௞, ߬௞) ∣2ேುವಶ,ಸ಴ಽ
௞=1  (22) 

where PܰDE,GCL is the number of collocation points sampled in the GCL domain. 198 

Similarly, for the SL layer, the PDE residual is written as: 199 

ℛௌ௅ = ܴௌ௅ݐ௙ ߲ܿ̂ௌ௅߲߬ − ௌ௅2ܮௌ௅ܦ ߲2ܿ̂ௌ௅߲𝑧௦2 + ௌ௅ܮௌ௅ݒ ߲ܿ̂ௌ௅߲𝑧௦ +  ௌ௅ܴௌ௅ܿ̂ௌ௅ (23)ߣ

where ܦSL, ݒSL, ܴSL, and ߣSL are the corresponding transport and degradation parameters in the 200 

soil liner. The SL residual loss is: 201 

௉஽ா,ௌ௅ܮ = 1௉ܰ஽ா,ௌ௅ ∑ ∣ ℛௌ௅(𝑧௦௞, ߬௞) ∣2ேುವಶ,ೄಽ
௞=1  (24) 

At the GCL/SL interface, both concentration continuity and mass-flux continuity are imposed. The 202 

concentration-continuity residual is defined as: 203 

ℛூி,௖ = ܿ̂ீ஼௅(𝑧௚ = 1, ߬) − ܿ̂ௌ௅(𝑧௦ = 0, ߬) (25) 

and the corresponding loss: 204 



ூி,௖ܮ = 1ܰூி ∑ ∣ ℛூி,௖(߬௞) ∣2ே಺ಷ
௞=1  (26) 

The mass-flux-continuity residual is expressed as: 205 

ℛூி,௃ = ݊ீ஼௅ீܦ஼௅ீܮ஼௅ ∂ܿ̂GCL∂𝑧 − ݊ௌ௅ܦௌ௅ܮௌ௅ ∂ܿ̂SL∂𝑧  (27) 

where ݊GCL and ݊SL are the porosities of the GCL and SL, respectively. The corresponding flux-206 

continuity loss is: 207 

ூி,௃ܮ = 1ܰூி ∑ ∣ ℛூி,௃(߬௞) ∣2ே಺ಷ
௞=1  (28) 

Thus, the total interface-continuity loss is: 208 

ூிܮ = ூி,௖ܮ +  ூி,௃ (29)ܮ

The boundary conditions loss at the top of the GCL is imposed as 209 

஻஼,௧ܮ = 1஻ܰ஼,௧ ∑ ∣ ܿ̂ீ஼௅(𝑧௚ = 0, ߬௞) − 1 ∣2ேಳ಴,೟
௞=1  (30) 

The bottom boundary condition of the SL is imposed as: 210 

஻஼,௕ܮ = 1஻ܰ஼,௕ ∑ ∣ ߲ܿ̂ௌ௅߲𝑧௦ (𝑧௦ = 1, ߬௞) ∣2ேಳ಴,್
௞=1  (31) 

The initial-condition loss of  SL is imposed as 211 

ℒIC = 1ூܰ஼,ௌ௅ ∑ [ܿ̂ௌ௅(𝑧௜, 0)]2ே಺಴,ೄಽ
௜=1  (32) 

The total loss function of the Std-PINN is therefore 212 

ℒௌ௧ௗ = ஼௅ℒ௉஽ா,ீ஼௅ீݓ + ௌ௅ℒ௉஽ா,ௌ௅ݓ + ூிℒூிݓ + ௧ℒ஻஼,௧ݓ + ௕ℒ஻஼,௕ݓ +  ூ஼ℒூ஼ (33)ݓ

where ݓGCL , ݓSL , ݓIF , ݓ௧ , ݓ௕ , and ݓIC  are weighting factors used to balance the different loss 213 

components. 214 



3.3 H-PINN Formulation 215 

As shown in Fig. 2(b), in the H-PINN, selected physical constraints are embedded directly into the 216 

neural-network trial functions instead of being imposed only through penalty terms in the loss 217 

function. This formulation reduces the optimization burden associated with simultaneously 218 

minimizing multiple competing loss components. In this study, the prescribed concentration 219 

boundary at the top of the GCL and the initial condition in the SL are imposed exactly through 220 

output transformations.  221 

For the GCL, the hard-constrained solution is defined as 222 

ܿ̂GCLHC (𝑧௚, ߬) = 1 + 𝑧̄௚ ఏܰ೒(𝑧௚, ߬;  (34) (ࢍࣂ

When 𝑧̄௚ = 0 at the top of the GCL, Eq. (34) gives: 223 

ܿ̂GCLHC (0, ߬) = 1 (35) 

Therefore, the prescribed source concentration at the GCL/leachate boundary is satisfied exactly 224 

for all training iterations. No separate top-boundary loss term is required in the hard-constrained 225 

formulation. 226 

For the SL, the hard-constrained trial solution is constructed as: 227 

ܿ̂SLHC = ߬̄ ఏܰೞ(𝑧̄௦, ߬;  (36) (࢙ࣂ

At the initial time, where ߬ = 0, 228 

ܿ̂SLHC(𝑧, 0) = 0 (37) 

Thus, the initial contaminant-free condition in the SL is also satisfied exactly. No separate SL 229 

initial-condition loss term is required in the hard-constrained formulation. 230 



The remaining physical constraints, including the GCL governing-equation residual, the SL 231 

governing-equation residual, and the GCL/SL interface-continuity conditions, are still enforced 232 

through the loss function. The interface concentration and flux conditions are retained as soft 233 

constraints because they couple the two neural networks and depend on the material properties of 234 

both layers. Therefore, the total loss function for the H-PINN is written as: 235 

ℒு஼ = ஼௅ℒ௉஽ா,ீ஼௅ு஼ீݓ + ௌ௅ℒ௉஽ா,ௌ௅ு஼ݓ + ூிℒூிு஼ݓ + ௕ℒ஻஼,௕ு஼ݓ  (38) 

where the superscript HC indicates that the residuals are evaluated using the hard-constrained trial 236 

solutions. 237 

3.4 Inverse Modeling Formulation 238 

In addition to forward prediction, the proposed PINN framework was extended to inverse 239 

modeling to estimate uncertain degradation parameters from limited concentration observations. 240 

In practical GCL/SL composite liner systems, biodegradation parameters are often difficult to 241 

determine directly because they depend on contaminant type, microbial activity, moisture 242 

condition, temperature, and geochemical environment. Therefore, the SL biodegradation half-life, 243 1/2ݐ,ௌ௅, was selected as the target inverse parameter in this study. 244 

In the inverse problem, the neural-network weights, biases, and selected physical parameters are 245 

optimized simultaneously. The observation dataset is denoted as: 246 

ࣞ௢௕௦ = {𝑧௝ , ௝ݐ , ௝ܿ௢௕௦}௝=1ே೚್ೞ
 (39) 

where 𝑧௝ and ݐ௝ are the observation location and time, respectively, ௝ܿ௢௕௦ is the observed relative 247 

concentration, and ௢ܰ௕௦ is the total number of observation points. In this study, the observation 248 

data were generated from the reference solution at selected locations within the SL layer and at the 249 



bottom of the liner system. These data represent limited monitoring information that may be 250 

available in practical contaminant-transport assessment. 251 

The data loss is defined as： 252 

ℒௗ௔௧௔ = 1௢ܰ௕௦ ∑ [ܿ̂௉ூேே (𝑧௝, (௝ݐ − ௝ܿ௢௕௦]2ே೚್ೞ
௝=1  (40) 

where ܿ̂௉ூேே (𝑧௝,  ௝)  is the predicted relative concentration at the observation point. For 253ݐ

observation points located in the SL layer, the prediction is evaluated using the SL neural-network 254 

prediction.  255 

For the H- PINN, the inverse loss function is written as 256 

ு஼ܮ = ௉஽ா,ீ஼௅ு஼ܮ஼௅ீݓ + ௉஽ா,ௌ௅ு஼ܮௌ௅ݓ + ூிு஼ܮூிݓ + ஻஼,௕ு஼ܮ௕ݓ +  ௗℒௗ௔௧௔ (41)ݓ

where ℒௗ௔௧௔, ݓௗ௔௧௔ are the concentration observation loss, and weighting factors respectively. 257 

For the noisy-observation cases, synthetic noise was added to the reference concentration data as: 258 

ܿ௢௕௦௡௢௜௦௘ = ܿ௢௕௦(1+ߝߜ) 

 
(42) 

where ߜ is the prescribed relative noise level and ߝ is a random variable sampled from a standard 259 

normal distribution. The noise levels considered in this study were 0%, 10%, 20%, 30%, and 50%.  260 

4. Model Implementation  261 

For the proposed Std-PINN and H-PINN models, two independent fully connected neural networks 262 

were used to approximate the relative concentration fields in the GCL and SL, respectively. Unless 263 

otherwise stated, each neural network contained four hidden layers with 128 neurons per hidden 264 

layer. All neural network training was executed in Python 3.12.3 with PyTorch 2.5.0, on an 265 

NVIDIA GeForce RTX 4090. For the forward simulations, the GCL domain was discretized from 266 



𝑧 =  0 to 0.0138 m using 101 uniformly distributed collocation points. The SL domain was 267 

discretized from 𝑧 = 0.0138 to 5.0138 m and from ݐ =0 to 100 years using a structured 401 × 401 268 

space-time grid. The spatial and temporal inputs were normalized before being passed into the 269 

neural networks to improve training stability. 270 

The neural-network weights were initialized using Xavier initialization, and the biases were 271 

initialized as zero. The Tanh activation function was adopted for both Std-PINN and H-PINN 272 

because it is smooth and differentiable, making it suitable for automatic differentiation of the first- 273 

and second-order derivatives required in the governing transport equations. All derivatives in the 274 

PDE residuals and interface-continuity terms were computed using PyTorch automatic 275 

differentiation. The models were trained using a two-stage optimization strategy. Adam was first 276 

used to obtain a stable initial solution, followed by L-BFGS optimization to further reduce the 277 

physics-based residuals. The Std-PINN and H-PINN models were trained using 20,000 Adam 278 

iterations followed by L-BFGS optimization.  279 

4.1 Model Evaluation Indices  280 

The analytical solution of Guan et al. (2014) was used for breakthrough-curve validation, whereas 281 

the COMSOL finite-element solution was used to generate full spatiotemporal concentration fields 282 

for contour-level error evaluation. Unless otherwise noted, all Std-PINN and H-PINN results are 283 

compared against these FEM and analytical solutions. 284 

For the GCL/SL composite liner system, error indices can be calculated over the entire 285 

computational domain or separately within the GCL and SL layers. The prediction accuracy of the 286 

PINN models was evaluated using the mean absolute error (MAE) and mean relative error (MRE). 287 

The MAE measures the average absolute difference between the PINN prediction and the reference 288 

solution, while the MRE quantifies the relative prediction error in percentage form. 289 



ܧܣܯ = 1ܰ ∑ ∣ ܿ௜௉ூேே − ܿ௜௥௘௙ ∣ே
௜=1  (43) 

ܧܴܯ = 1ܰ ∑ ∣ ܿ௜௉ூேே − ܿ௜௥௘௙ ∣∣ ܿ௜௥௘௙ ∣ ߝ+
ே

௜=1 ∗ 100% (44) 

where ܿ௜PINN  and ܿ௜ref  are the predicted and reference normalized concentrations at the i-th 290 

evaluation point, respectively; ܰ is the total number of evaluation points; and ߝ is a small constant 291 

used to avoid division by zero when the reference concentration approaches zero.  292 

5. Results and Discussion 293 

This section presents the results with reference to the analytical solution for one-dimensional solute 294 

transport through a GCL/SL composite liner considering biodegradation, as reported by Guan et 295 

al. (2014). The liner system consists of a 0.0138 m thick GCL overlying a 5.0 m thick soil liner. 296 

Benzene was selected as the representative organic contaminant, and the initial contaminant 297 

concentration in the leachate was taken as 0ܥ =1 mg/L. The porosities of the GCL and SL are 0.86 298 

and 0.40, respectively, and the retardation factor of the SL is ܴௗ = 2.134. In the PINN simulations, 299 

the diffusion coefficient of the GCL and SL are 3.6 ×10-10 and .8.9 ×10-10 m²/s, respectively. The 300 

first-order biodegradation coefficient is .2.2  × 10-9  s-1 corresponding to a contaminant half-life of 301 

10 years. Three leachate heads, ܪ௪ = 0.3, 3.0, and 10.0 m, were considered to evaluate the effect 302 

of leachate head on breakthrough behavior of GCL/SL composite liner. The seepage velocities 303 

used in the GCL and SL layers under different leachate-head conditions were determined according 304 

to the calculation procedure reported by Guan et al. (2014). All Std-PINN and H-PINN predictions 305 

are compared against the analytical solution of Guan et al. (2014) and the numerical reference 306 

solution used for verification. The parameters used in the GCL/SL contaminant-transport model 307 

are shown in Table 1. 308 



Table 1 Material properties of the GCL/SL composite liner 309 

Parameter Symbol GCL SL Unit 
Layer thickness L 0.0138 5.0 m 

Porosity n 0.86 0.40 - 
Diffusion coefficient  D* 3.6 × 10⁻¹⁰ 8.9 × 10⁻10 m²/s 

Retardation factor Rd - 2.134 - 
Dry density ρb - 1.62 g/cm³ 

Distribution coefficient Kd - 0.28 mL/g 
First-order degradation coefficient λ 2.20 × 10⁻⁹ 2.20 × 10⁻⁹ s⁻¹ 

Corresponding half-life t1/2 10 10 year 
Initial leachate concentration C0 1.0 1.0 mg/L 

Simulation duration tf 100 100 year 

5.1 Training Behavior of Std-PINN and H-PINN 310 

Fig. 3 shows the evolution of individual loss components during training for the Std-PINN and H-311 

PINN under the representative leachate head condition of ܪ௪ = 0.3 m. Both models exhibit a rapid 312 

decrease in total loss during the early stage of Adam optimization, indicating that the neural 313 

networks quickly learn the dominant features of the concentration field and the associated physical 314 

constraints. After the initial reduction, the losses enter a slower convergence stage, where small 315 

oscillations and occasional spikes are observed, particularly in the PDE residual. These spikes are 316 

expected in PINN training because the PDE loss involves higher-order automatic differentiation 317 

and is more sensitive to local changes in the network parameters. 318 

For the Std-PINN, the total loss decreases rapidly at the beginning and then gradually stabilizes 319 

during the remaining Adam iterations. The IC, PDE, and IF losses are reduced to relatively low 320 

levels, while the BC loss remains one of the dominant components of the total loss. This indicates 321 

that the Std-PINN can satisfy the governing equation and interface continuity reasonably well, but 322 

the enforcement of boundary conditions through soft penalty terms remains comparatively more 323 

difficult. The subsequent L-BFGS optimization provides further refinement, although the 324 

improvement is moderate because the main reduction has already been achieved during the Adam 325 

stage. 326 



For the H-PINN, the initial condition is embedded directly into the trial solution; therefore, no 327 

separate IC loss term is required. The PDE, BC, and IF losses generally decrease during training, 328 

and the total loss remains stable after the early rapid reduction. Compared with the Std-PINN, the 329 

H-PINN shows a clearer separation of loss components, with the boundary-condition loss 330 

contributing significantly to the total loss during most of the training process. The interface loss 331 

remains relatively small, suggesting that the coupling between the GCL and SL domains is 332 

effectively maintained. Although the PDE loss exhibits several sharp fluctuations during Adam 333 

optimization, it remains at a relatively low magnitude after convergence. The L-BFGS stage 334 

further reduces the total loss and smooths the final convergence behavior. This behavior supports 335 

the advantage of the hard-constrained formulation in reducing the number of competing loss terms 336 

and improving the physical consistency of the learned solution. 337 
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Fig. 3. Evolution of loss components during training: (a) Std-PINN and (b) H-PINN with Hw = 0.3 m  338 

5.2 Comparison with Reference Solution 339 

Breakthrough time is defined as the time required for the concentration of a solute, e.g., benzene, 340 

to reach the breakthrough concentration at the bottom of the liner system (Acar and Haider, 1990) 341 

in this case. The breakthrough concentration for benzene is 0.005 mg/L on the basis of the drinking 342 



water standard of (USEPA, 2001). Fig. 4 compares the breakthrough curves at the bottom of the 343 

soil liner under different leachate heads. The relative concentration 0ܥ/ܥ increases with time for 344 

all cases and eventually approaches a quasi-steady value. As the leachate head increases from 345 ܪ௪ = 0.3 m to ܪ௪ = 10.0 m, the breakthrough shifts upward and to the left, indicating that a larger 346 

leachate head accelerates advective contaminant transport and results in earlier breakthrough. The 347 

final relative concentration also increases with leachate head, from approximately 0.55 for ܪ௪ = 348 

0.3 m to about 0.67 for ܪ௪ = 3.0 m and 0.80 for ܪ௪ = 10.0 m. This trend confirms that leachate 349 

head is a key factor controlling the long-term containment performance of the GCL/SL composite 350 

liner system. The H-PINN predictions show closer agreement with both the FEM results and the 351 

analytical solution for all three leachate-head cases. In comparison, the Std-PINN captures the 352 

general breakthrough trend but shows larger deviations, especially for the higher leachate-head 353 

cases. This indicates that the hard-constrained formulation improves the prediction of transient 354 

contaminant breakthrough by better satisfying the imposed physical constraints.  355 
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Fig. 4. Breakthrough curves at the bottom of the soil liner under different leachate heads. 357 



Fig. 5 compares the FEM reference solution, Std-PINN prediction, and corresponding absolute 358 

error for the relative concentration field C/C0 under different leachate heads. Overall, the Std-PINN 359 

captures the main spatiotemporal migration pattern of contaminant transport. For all three leachate 360 

heads, the concentration remains relatively high near the GCL/leachate interface and gradually 361 

propagates downward into the SL with time. As the leachate head increases from ܪ௪ = 0.3 m to 362 ܪ௪ =  10.0 m, the contaminant front advances more rapidly, indicating that a larger hydraulic 363 

gradient accelerates advective transport through the liner system. The FEM results show a clear 364 

transition zone between the high-concentration region near the top of GCL and the low-365 

concentration region near the bottom of SL , and this transition becomes steeper under larger 366 

leachate heads. 367 

Although the Std-PINN reproduces the overall concentration distribution, noticeable discrepancies 368 

are observed during the early to intermediate transport period. The absolute-error contours indicate 369 

that the largest errors are mainly concentrated around the steep-gradient region rather than in the 370 

fully contaminated or nearly uncontaminated zones. This behavior suggests that the Std-PINN can 371 

approximate the smooth regions of the solution but has difficulty accurately resolving the sharp 372 

concentration transition caused by coupled advection-diffusion transport. The error magnitude also 373 

increases with leachate head, with the largest localized error occurring for ܪ௪ = 10.0 m, where 374 

the concentration front develops more rapidly and the transport process becomes more advection 375 

dominated.  376 

Fig. 6 presents the corresponding results obtained using the H-PINN model. Similar to the Std-377 

PINN, the H-PINN successfully captures the acceleration of solute transport with increasing 378 

leachate head. However, compared with Fig. 5, the H-PINN produces a closer agreement with the 379 

FEM reference solution, particularly near the concentration transition front. The absolute-error 380 



contours show that the error is more localized and generally reduced, especially at later times after 381 

the concentration profile becomes smoother. This improvement indicates that the hard-constrained 382 

formulation enhances physical consistency by embedding prescribed constraints directly into the 383 

neural-network approximation, thereby reducing the burden on the loss-function optimization. 384 

For the low and moderate leachate-head cases, the H-PINN maintains relatively small errors over 385 

most of the computational domain, with localized discrepancies mainly appearing near the early-386 

time concentration front. For the high leachate-head case, some errors remain near the  soil liner 387 

during the early stage, but the error decreases substantially as time progresses. These results 388 

demonstrate that the H-PINN provides a more stable prediction than the Std-PINN under different 389 

leachate heads, particularly when the transport process involves strong concentration gradients and 390 

rapid contaminant migration.  391 

   

 
  

(a) (b) (c) FEM (Hw = 0.3 m) Std-PINN (Hw = 0.3 m) Absolute Error 

 (Hw = 0.3 m) 
 

FEM (Hw = 3.0 m) Std-PINN (Hw = 3.0 m) Absolute Error 

 (Hw = 3.0 m) 
 

(d) (e) (f) 



   
Fig. 5. Spatiotemporal distributions of relative concentration C/C0 and absolute error for the Std-PINN 392 

under different leachate heads: (a-c) ܪ௪ = 0.3 m, (d-f) ܪ௪ = 3.0 m, and (g-i) ܪ௪ = 10.0 m. 393 

   

 
  

   
Fig. 6. Spatiotemporal distributions of relative concentration C/C0 and absolute error for the H-PINN under 394 

different leachate heads: (a-c) ܪ௪ = 0.3 m, (d-f) ܪ௪ = 3.0 m, and (g-i) ܪ௪ = 10.0 m. 395 

Fig. 7 quantitatively compares the prediction accuracy of the Std-PINN and H-PINN models under 396 

different leachate heads using MAE and MRE. Overall, the H-PINN produces substantially lower 397 
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errors than the Std-PINN for all leachate heads, confirming the improved accuracy observed in the 398 

contour plots. For the Std-PINN, the MAE values are 0.058, 0.066, and 0.067 for leachate heads 399 

of 0.3, 3.0, and 10.0 m, respectively, while the corresponding MRE values are 9.10%, 18.18%, and 400 

19.16% as shown in Table 2. The relatively large MRE values indicate that the Std-PINN has 401 

difficulty accurately resolving the concentration field, particularly during the early transport stage 402 

when the concentration front develops rapidly and the solution gradient is steep. In contrast, the 403 

H-PINN significantly reduces both MAE and MRE. The MAE values decreased to 0.011, 0.011, 404 

and 0.023 for leachate heads of 0.3, 3.0, and 10.0 m, respectively. Similarly, the MRE values of 405 

the H-PINN remain very small, generally below 3.2 % for all cases. This demonstrates that 406 

embedding the physical constraints directly into the neural-network approximation improves both 407 

global prediction accuracy and numerical stability. 408 

The improvement is especially evident for ܪ௪ = 3.0 m, where the Std-PINN shows the largest 409 

MRE of 18.18%, while the H-PINN reduces the MRE to 2.1%. Although the H-PINN error slightly 410 

increases under the highest leachate head, this is expected because the larger hydraulic gradient 411 

accelerates contaminant migration and produces a sharper concentration front. Nevertheless, the 412 

H-PINN still outperforms the Std-PINN by a large margin, indicating that the hard-constrained 413 

formulation is more robust for contaminant transport problems involving strong advective effects 414 

and rapidly evolving concentration gradients. 415 

Table 2 Quantitative comparison of Std-PINN and H-PINN prediction accuracy  416 

Leachate head, ܪ௪ (m) Std-PINN H-PINN 

 MAE MRE (%) MAE MRE (%) 
0.3 0.058 9.10 0.011 2.20 

3.0 0.066 18.18 0.011 2.08 

10.0 0.067 19.16 0.023 3.14 

Note: MAE = mean absolute error; MRE = mean relative error. 417 
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Fig. 7. Quantitative evaluation of model accuracy for Std-PINN and H-PINN under different leachate-head 419 

conditions: (a) MAE and (b) MRE. 420 

5.3 Parameter Study 421 

5.3.1 Effect of activation functions 422 

The effect of activation functions on the performance of the H-PINN model was evaluated in this 423 

study. The ReLU, Sigmoid, ELU, and Tanh functions are four of the main nonlinear activation 424 

functions used in deep learning (Nwankpa et al., 2018). Fig. 8 compares the predicted normalized 425 

concentration histories at the bottom of the SL layer and the corresponding MRE values obtained 426 

using different activation functions. As shown in Fig. 8(a), the Tanh activation function provides 427 

the closest agreement with the analytical solution. ELU and Sigmoid also capture the overall 428 

concentration evolution, but with relatively larger deviations. In contrast, the ReLU activation 429 

function shows a delayed concentration response and noticeable oscillations near the rapid 430 

concentration increase stage. This indicates that Tanh is suitable for representing the smooth 431 

concentration field in the GCL/SL contaminant transport problem. The quantitative comparison in 432 

Fig. 8(b) further confirms this observation. The Tanh activation function gives the lowest MRE, 433 

followed by ELU, Sigmoid, and ReLU. Therefore, Tanh was selected as the activation function for 434 

the subsequent PINN simulations in this study. 435 
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Fig. 8. Effect of activation functions on PINN prediction accuracy: (a) normalized concentration history at 436 

the bottom of the SL layer; and (b) comparison of MRE values for different activation functions with ܪ௪ = 437 

3.0 m 438 

5.3.2 Effect of neural-network structure 439 

Fig. 9 shows the influence of neural-network structure on the prediction accuracy of the H-PINN 440 

model for the ܪ௪ = 3.0 m. The number of hidden layers varied from 2 to 5, and the number of 441 

neurons per hidden layer varied from 32 to 256. All other model settings, including the activation 442 

function, collocation-point allocation, loss weights, and training procedure, were kept unchanged.  443 

The results indicate that the network structure has a noticeable effect on prediction accuracy. When 444 

a relatively small network is used, such as 2 hidden layers with 32 neurons per layer, the model 445 

gives the largest error, suggesting that the network capacity is insufficient to accurately 446 

approximate the nonlinear concentration field in the GCL/SL composite liner system. Increasing 447 

the network depth from 2 to 4 hidden layers generally reduces the MAE, indicating that additional 448 

hidden layers improve the representational capability of the H-PINN model. 449 

However, further increasing the depth to 5 hidden layers does not lead to significant improvement. 450 

When the network depth increases from 4 to 5 hidden layers, the reduction in MAE becomes 451 

negligible. Similarly, increasing the network width from 128 to 256 neurons provides only 452 



marginal improvement in some cases and may slightly increase the error in others. This suggests 453 

that the prediction accuracy reaches a plateau once sufficient network capacity is achieved, and 454 

that an excessively large network may not improve model performance due to increased 455 

optimization difficulty and computational cost. Among the tested structures, the H-PINN model 456 

with 4 hidden layers and 128 neurons per hidden layer gives the lowest MAE, with a value of 457 

0.0107.  458 

 459 

Fig. 9. Effect of neural-network structure on the prediction accuracy of the H-PINN model. 460 

5.3.3 Effect of SL biodegradation 461 

Fig. 10 illustrates the influence of degradation in the SL on the solute breakthrough behavior of 462 

the GCL/SL composite liner system with ܪ௪ = 3.0 m. The degradation effect was represented by 463 

the contaminant half-life in the SL, with half-life values of 10, 30, and 100 years.  464 

As shown in Fig. 10, the H-PINN model accurately reproduces the FEM breakthrough curves for 465 

all three half-life values. The breakthrough curves exhibit a clear dependence on the degradation 466 

rate in the SL. When the half-life is relatively short, such as 10 = 1/2ݐ years, stronger degradation 467 

occurs during contaminant migration through the SL, resulting in a lower normalized concentration 468 

at the bottom boundary. In contrast, increasing the half-life to 30 and 100 years weakens the 469 



degradation effect, leading to progressively higher values of (C/C0). This trend is well captured by 470 

the H-PINN model, indicating that the degradation term in the governing equation is effectively 471 

incorporated into the physics-informed learning framework. 472 

The comparison between the H-PINN and FEM results further demonstrates that the proposed 473 

model can capture both the timing and magnitude of solute breakthrough under different 474 

degradation conditions. Minor deviations are mainly observed near the steep transition region of 475 

the breakthrough curves, where the concentration changes rapidly with time.  476 
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Fig. 10. Effect of SL degradation on solute breakthrough curves of the GCL/SL system with ܪ௪ = 3.0 m. 478 

5.4 Inverse Identification of Soil Liner Degradation Half-Life  479 

To further evaluate the capability of the proposed H-PINN framework for parameter identification, 480 

inverse simulations were conducted to estimate the degradation half-life of the soil liner. Fig. 11 481 

shows the convergence histories of the identified SL half-life under  ܪ௪ = 3.0 m, with prescribed 482 

exact half-life values of 10, 30, and 100 years. For the case with an exact half-life of 10 years, the 483 

estimated 1/2ݐ rapidly approaches the target value after a short initial fluctuation and remains close 484 



to the exact solution during the later training stage. When the exact half-life is 30 years, the 485 

estimated 1/2ݐ initially overshoots the target value, reaching a higher intermediate value before 486 

gradually decreasing and stabilizing near the prescribed value. A similar but more pronounced 487 

overshooting behavior is observed for the case with an exact half-life of 100 years, where the 488 

inferred 1/2ݐ  shows a larger transient deviation before converging toward the target value. These 489 

results indicate that the proposed inverse H-PINN can recover degradation-related transport 490 

parameters over a broad range of half-life values. The larger overshoot and slower stabilization 491 

observed for longer half-lives suggest that weak degradation conditions introduce greater 492 

parameter sensitivity and increase the difficulty of inverse identification.  493 
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Fig. 11. Convergence histories of the inversely identified soil liner degradation half-life under ܪ௪ = 3.0 m: 494 

(a) exact 1/2ݐ =10 years, (b) exact 1/2ݐ = 30 years, and (c) exact 1/2ݐ = 100 years. 495 

The robustness of the inverse PINN framework was further evaluated by introducing different 496 

levels of observation noise into the training data. Table 3 summarizes the inverted SL half-life 497 

values and their corresponding relative errors for exact half-life of 10, 30, and 100 years. As shown 498 

in Table 3 and Fig. 12, the relative error of the identified soil liner half-life remains relatively small 499 

when the noise magnitude is low, particularly for noise levels up to approximately 20%. For all 500 

three target half-life cases, the relative errors remain below approximately 6.1% under noise-free 501 

to 20% noise conditions, indicating that the inverse model can tolerate a certain degree of data 502 

uncertainty. However, when the noise magnitude increases to 30% and 50%, the relative error 503 

increases noticeably. At 30% noise, the relative errors increase to 10.3%, 11.7%, and 17.2% for 504 

exact half-life of 10, 30, and 100 years, respectively. At 50% noise, the errors further increased to 505 

31.3%, 29.2%, and 27.3%, respectively. These results suggest that strong measurement noise can 506 

reduce the reliability of parameter identification. This trend is particularly evident at higher noise 507 

levels, where the inferred half-life becomes more sensitive to perturbations in the observed 508 

concentration data. Overall, the results indicate that the proposed inverse PINN framework 509 



exhibits acceptable robustness under low-to-moderate noise levels, while excessive noise may 510 

significantly affect the accuracy of the estimated degradation parameter. 511 
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Fig. 12. Relative error of the inversely identified soil liner degradation half-life under different magnitudes 514 

of observation noise when ܪ௪ = 3.0 m. 515 

Table 3 Inverted values and their corresponding relative errors (ܪ௪ = 3.0 m) 516 

Noise Level 
(%) 

Exact 1/2ݐ =10 years Exact 1/2ݐ =30 years Exact 1/2ݐ =100 years 

Estimated 1/2ݐ 

SL (years) 
Relative error 

 (%) 
Estimated 1/2ݐ 

SL (years) Relative error (%) Estimated 1/2ݐ 

SL (years) Relative error (%) 

Noise-free (0) 9.8 2.5 29.2 2.8 104.4 4.4 

10 9.7 2.6 30.9 3.1 95.0 4.9 

20 10.5 5.3 31.8 6.1 105.6 5.6 

30 11.0 10.3 33.5 11.7 82.8 17.2 

50 6.88 31.3 38.8 29.2 127.3 27.3 

6. Summary and Conclusion 517 

This study developed a physics-informed neural network framework for modeling biodegradable 518 

contaminant transport through a two-layer GCL/SL composite liner system. The governing 519 

advection-dispersion-biodegradation equations, boundary conditions, and GCL/SL interface-520 

continuity conditions were incorporated into the PINN formulation. Both a standard soft-521 

constrained PINN (Std-PINN) and a hard-constrained PINN (H-PINN) were evaluated for forward 522 



prediction, and the hard-constrained PINN was further extended to inverse identification of 523 

degradation half-life. Based on the results obtained in this study, the following conclusions can be 524 

drawn: 525 

1. The proposed two-network PINN framework can effectively represent contaminant 526 

transport through the GCL and SL layers, where the two materials have distinct thicknesses 527 

and transport properties. By using separate neural networks for the GCL and SL, the model 528 

can explicitly account for the layered structure of the composite liner and enforce 529 

concentration and flux continuity at the material interface.  530 

2. The H-PINN provides more stable and accurate predictions than the Std-PINN. By 531 

embedding the prescribed concentration boundary condition and initial condition directly 532 

into the trial solutions, the hard-constrained formulation reduces the optimization burden 533 

associated with boundary- and initial-condition penalties. As a result, the model can focus 534 

more effectively on satisfying the governing-equation residuals and interface-continuity 535 

conditions.  536 

3. The selection of activation function and neural-network structure has a clear influence on 537 

model performance. Among the activation functions considered, the Tanh function 538 

provides the best agreement with the reference solution and was therefore selected for 539 

subsequent simulations. The network-structure study indicates that increasing model 540 

capacity improves prediction accuracy up to an optimal range, while excessively deep or 541 

wide networks provide limited additional benefit and may increase optimization difficulty.  542 

4. The inverse-modeling results demonstrate that the proposed H-PINN framework can 543 

successfully identify the degradation of half-life of the soil liner from limited concentration 544 



observations. The inferred half-life values converge toward the prescribed exact values 545 

under different target half-life cases. The noise-sensitivity analysis shows that the inverse 546 

PINN framework has acceptable robustness under low-to-moderate observation noise. The 547 

relative error of the identified half-life remains relatively small when the noise level is 548 

moderate but increases noticeably when the noise magnitude reaches high levels.  549 

Although the proposed H-PINN framework demonstrates improved accuracy and stability 550 

compared with the Std-PINN model, several limitations should be acknowledged. The present 551 

study considers an idealized one-dimensional GCL/SL composite liner system with homogeneous 552 

or piecewise-homogeneous material properties. In actual landfill liner systems, spatial variability 553 

in hydraulic conductivity, diffusion coefficient, porosity, retardation factor, and degradation 554 

behavior may influence contaminant migration. In addition, the current formulation assumes 555 

prescribed material parameters and simplified transport mechanisms, while coupled hydro-chemo-556 

mechanical effects, chemical compatibility of the GCL, clogging, desiccation, and long-term aging 557 

of liner materials are not explicitly considered.  558 

Future studies should extend the proposed framework in several directions. Experimental column-559 

test data or field monitoring data should be incorporated to further evaluate the practical 560 

applicability of the H-PINN model for real composite liner systems. The governing equations can 561 

also be expanded to account for multi-species reactive transport, nonlinear adsorption, time-562 

dependent degradation, and concentration-dependent hydraulic and diffusion properties. In 563 

addition, future work may consider two-dimensional or three-dimensional contaminant migration, 564 

including defects, wrinkles, overlap zones, and nonuniform leachate heads, which are commonly 565 

encountered in practical liner applications.  566 
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