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ARTICLE INFO ABSTRACT
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Contamination of soil and groundwater presents a widespread global problem, significantly impacting both
human well-being and environmental stability. Conventional models employed for estimating pollutant con-
centrations under varying climatic conditions demand extensive computational power and high-performance
computing resources. In response to this issue, we have devised an innovative method utilizing a physics-
informed machine learning technique, known as the U-Net Enhanced Fourier Neural Operator (U-FNO), to
generate rapid surrogate models for flow and transport. These models are capable of forecasting groundwater
pollution levels under diverse climatic situations and subsurface characteristics without necessitating a
supercomputer. In our research, we centered our attention on the Department of Energy’s Savannah River
Site (SRS) F-Area and established two time-dependent structures: U-FNOB and U-FNOB-R. Both frameworks
incorporate a tailored loss function, including specific physical constraints of groundwater flow and transport
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f]u;’;r(;;mpmer such as spatial derivatives, and contaminant boundary conditions. The findings of our study indicate that
U-FNOB-R the U-FNO models can consistently foresee spatialtemporal fluctuations in groundwater flow and pollutant

transportation properties, such as contaminant concentration, hydraulic head, and Darcy’s velocity. Our
research reveals that the U-FNOB-R architecture is especially adept at predicting the effects of alterations
in recharge rates on groundwater contamination sites, delivering superior time-dependent forecasts compared
to the U-FNOB structure. Our novel approach holds the potential to revolutionize environmental monitoring
and remediation efforts by providing rapid, precise, and cost-efficient estimations of groundwater pollution
levels under uncertain climate conditions.

Physics situations

1. Introduction result of various industrial operations, such as mining, nuclear weapon

production, chemical plants, or intensive agricultural activities. These

Groundwater contamination is a pervasive problem that affects
humans and the environment worldwide. In the United States, 130
million people rely on groundwater for drinking water, but one of
every five wells (22% out of 6600 wells) sampled in the part of
aquifers used for drinking water exceeds the safe contaminant level
for human health (Desimone et al., 2014). Groundwater contamination
sites present a range of health and environmental risks because of their
large size, prominence, and contamination with harmful chemicals as a
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toxic substances can enter surrounding ground or surface water and
contaminate drinking water reservoirs. Contamination sites are often
remediated through various engineering treatments such as pump-
and-treat (Mackay and Cherry, 1989), in-situ treatment (Nyer, 2000),
or monitored natural attenuation (Clement et al., 2002). However,
contamination plumes remain in the subsurface for an extended time,
and/or the residual contaminants in the unsaturated zone often require
long-term monitoring (Schmidt et al,, 2018; Denham et al., 2020;
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A. Meray et al.

Meray et al., 2022) in order to control the risks to humans and the
environment.

Climate change causes more challenges in contamination site re-
mediation. The frequency of extreme precipitation events, such as
heavy rains or prolonged droughts, has already increased globally (Katz
and Brown, 1992; Orlowsky and Seneviratne, 2012; Rahmstorf and
Coumou, 2011), which can change the water balance spatiotempo-
rally. Water balance changes in each local scale can impact the plume
mobility or remobilize the contaminants with increased infiltration or
groundwater gradient change. Such future impacts can be assessed
by simulating groundwater flow and contaminant transport to pre-
dict contaminant concentrations in different climate scenarios (Libera
et al., 2019; Xu et al., 2022). Libera et al. (2019) studies the ef-
fect of increased precipitation using a groundwater model and found
that it causes dilution in the system immediately after but ultimately
leads to contaminant concentration increases. Xu et al. (2022) further
investigates the water balance impact using the downscaled climate
projection data (CMIP5) as the input for the reactive transport model
and evaluates the impact on contaminants with uncertain hydrologic
shifts.

However, these physical simulations are often time-consuming and
require us to run new simulations with every uncertain climate sce-
nario on high-performance computers (HPC). Although Libera et al.
(2019) and Xu et al. (2022) used groundwater flow and transport
models, they performed scenario-based studies without full uncertainty
quantification. In addition, they did not address the uncertainty in
subsurface parameters, and their effect on the climate change impacts.
Such simulations are very computationally expensive to run. Site man-
agers and practitioners need a fast evaluation tool for examining the
potential effects of many climate projections on the fate and transport
of contaminants.

Recent advances in machine learning (ML) have demonstrated the
capability to rapidly emulate physical simulations and directly solve
partial differential equations (PDEs) (Lu et al., 2019; Li et al., 2020). A
widely recognized method, known as neural operator learning, employs
neural networks to acquire mesh-independent, resolution-invariant so-
lution operators for PDEs, with training necessitating only simulation
data rather than precise governing PDE equations. Li et al. (2020) intro-
duced the Fourier Neural Operator (FNO), a neural operator formulated
in infinite-dimensional Fourier spaces. Operating within the Fourier do-
main, FNO provides resolution-invariant solutions and exhibits robust-
ness against high-frequency noise. FNO has been successfully applied
to various flow dynamics problems, including Darcy’s flow, Burger’s
equation, Navier-Stokes equation, and multi-phase flow (Li et al.,
2020; Zhang et al., 2022). In an attempt to enhance FNO, Wen et al.
(2022) incorporated a U-Net architecture (Ronneberger et al., 2015)
and proposed U-FNO, a U-Net augmented version designed to emulate
ensemble simulations of spatiotemporal image-like outputs. Despite the
loss of flexibility in training with different resolution data, U-FNO
achieved lower training and test errors for multi-phase flow predictions.
The Physics-Informed Neural Network (PINN) framework has emerged
as an alternative for emulating PDE-based simulations using limited
training data while maintaining high accuracy (Raissi et al., 2019;
He and Tartakovsky, 2021; Li et al., 2021; Haghighat et al., 2022).
PINN incorporates simulation data, governing relations, and initial as
well as boundary conditions within the neural network loss functions.
By enforcing additional loss functions with physical laws, the PINN
framework can learn PDE solutions more quickly and accurately.

In this paper, we show how to build a class of multiphysics emulator
based on Neural Operator learning (Li et al., 2020; Lavin et al., 2021;
Wen et al., 2022) in order to effectively model groundwater flow
and contaminant transport in real-world environments. Effective, in
this case, goes beyond physical accuracy and reliability in generaliza-
tion: our approach addresses the most significant bottleneck in this
area of climate and Earth systems, by eliminating the need to run
many individual physics simulations, which are prohibitively expensive
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computationally, and far too time-consuming to robustly assess con-
taminant impacts on the environment. We design two architectures to
emulate the flow and transport model: U-FNOB-R and U-FNOB, which
have different architectures to address the time dependency of contam-
inant transport. We also compare these two architectures in evaluating
the time-varying impacts of water balance. Inspired by PINN, we
introduce multiple loss functions under a data-driven framework and
consider physical boundary constraints in our machine-learning sur-
rogate model. We apply this method using the groundwater model
developed for a live site: the Savannah River Site (SRS) F-Area. With
the architectures described here, validated on real operational data, we
provide a computationally-efficient, lightweight approach to emulating
spatiotemporal variations of groundwater contamination, capable of
distributed computing, running on personal computers, and iterating
through magnitudes more experiments to explore different options and
conditions, all with potential for decision-making in critical climate
scenarios.

2. Methodology

In this section, we present two neural network architectures, U-
FNOB and U-FNOB-R, designed to build a surrogate model for ground-
water flow and transport physical simulations. Both maintain funda-
mentally similar architecture as their base model, the U-Net enhanced
Fourier Neural Operator (U-FNO). The distinction lies in the introduc-
tion of boundary conditions within the loss functions of both U-FNOB
and U-FNOB-R, hence the added “B”. For completeness, we include
descriptions of the Fourier Neural Operator (Li et al.,, 2020), U-Net
enhanced FNO (Wen et al., 2022), and hybrid physics-based (Raissi
et al., 2019). We then highlight our approach to handling boundary
conditions in the loss functions of U-FNOB and U-FNOB-R for our
surrogate model training.

2.1. Neural network architectures

2.1.1. Fourier neural operator and U-Fourier layer

The goal of Fourier Neural Operator (FNO) (Li et al., 2020) is to
learn mappings between infinite-dimensional spaces from input-output
pairs. In our example, the input-output pairs are m(x,7) and y(x,1)
defined in 2D spatial domain x; and time ;. FNO transfers the function
v;(x,1) into the Fourier domain (F(v;))(x, 1), where v;(x,?) is an interme-
diate function after multiple layers applied to m(x, ). v}, vy, ..., v I is
a sequence of architectures, where j indicates the architecture index.
FNO then performs a linear transformation R in the Fourier frequency
domain, and inversely transforms 7~! from the Fourier domain to the
spatiotemporal domain. The entire transformation from one Fourier
layer is:

0160 = (P (R-F0))x,0 + Wo,x,0) ) )

o is the activation function. Here in this work, we use the Gaussian
Error Linear Units (GELU) activation function from Hendrycks and
Gimpel (2016). W is an additional linear transformation on the v;
function space. We can use the Fourier frequency modes to represent
any resolution for inputs and outputs because the Fourier basis is
defined in everywhere of R%.

U-FNO is a U-Net enhanced version of FNO and adds an additional
U-Net architecture: U for each Fourier layer. Then one U-Fourier layer
does:

Vi1 (%, 1) < a<F—‘ (R-F))x.0)+ V@), 1)+ Wo(x, z)) 2

Although this additional U-Net convolutional mapping loses the
FNO’s flexibility on training with data in different resolutions, it im-
proves lower training/test error for multi-phase flow predictions (Wen
et al., 2022). U-FNO architecture has iterative Fourier layers followed
by iterative U-Fourier layers. Then with additional fully connected
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a) Architecture 1: U-FNOB
e m(xt) —

b) Architecture 2: U-FNOB-R

m(x,0)

U-FNOB-R
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Learn physics for At

Fig. 1. U-FNO architectures: U-FNOB and U-FNOB-R.

neural network P,Q as the first and the last layer, the final U-FNO
architecture is:

m(x,1) > P(m(x,1)) = Uy (K, 1) e 0, (X, 1) 5 0 (X,1)

3

P v (5,0 B O, (X,1) = §(X,1)

L is the number of Fourier layers, K is the number of U-Fourier layers.

2.1.2. Architectures: U-FNOB and U-FNOB-R

In the present study, we develop a pair of distinct neural opera-
tor frameworks: U-FNOB and U-FNOB-R, which are designed to fore-
cast spatialtemporal contaminant concentrations and characteristics of
groundwater flow, based on the U-Net enhanced FNO architectures.
Our two architectures address the temporal dimension differently.

Px.0) = fupnop(mx.0), ....mGx, 1), m(x,t + 1), ....m(x,T)),t =1,2,....T
C)]

9x. 0 = fupnopr(mx.0),....m(x,0),t=1,2,....T (5)

U-FNOB, as described in Eq. (3) or its simplified counterpart in
Eq. (4), integrates all input time-series data and concurrently predicts
transient output characteristics (Fig. 1a). Conversely, U-FNOB-R in
Eq. (5) yields output j(x,t), contingent solely upon input up to and
including time ¢ (Fig. 1b).

U-FNOB encompasses Fourier and U-Fourier layers applicable to
three-dimensional spaces, which consist of two spatial dimensions and
a single temporal dimension. In contrast, U-FNOB-R carries out Fourier
transformations and U-Net convolutions exclusively within the 2D
spatial domain, and perpetuates recurrently through time (Li et al.,
2020). For each time instance 7, the input and output take the form
m(x, 1), y(x,t — 1) and y(x, 1), respectively. The input for 7+1 incorporates
an additional element: the output from the preceding step ¢. U-FNOB-
R acquires the physical properties between every fixed time interval
At, where At is equivalent to five years. As the initial stage + = 0 for
U-FNOB-R lacks predictions from prior steps, an alternative U-FNOB-R
model is trained (the green block in Fig. 1b) specifically for the initial
stage t = 0, utilizing input m(x,0) and output y(x,0).

The most significant benefit of employing U-FNOB-R lies in its abil-
ity to distinctly represent temporal dependencies within the context of
the recurrent network. In U-FNOB, the time domain has been included
in all convolutions and Fourier transformations, then the input param-
eters at any time, even after ¢, impact j(x, t). For example, if we want to
investigate how future recharge rates change plume mobilizations, then
logically, the previous contaminant concentration should stay the same,
only the future concentration change. In the Results and Discussion

section, we will test the trained surrogate model with varying future
recharge rates and present the differences between using U-FNOB and
U-FNOB-R. Additionally, U-FNOB has a huge set of parameters to train
while the U-FNOB-R has only % of U-FNOB parameters.

However, this additional time dependency in U-FNOB-R makes its
training practically harder and takes a longer time. There are accu-
mulated errors through the recurrent neural network. U-FNOB-R has
also less flexibility in time discretization: [0, T] is discretized into time
snapshots #(,1;...,t;7 with the same time interval 7,,; — t; = AT. In U-
FNOB, [0, T] is discretized arbitrarily into any time snapshots z,, ..., .
Additionally, U-FNOB only needs inference once to predict a time series
of plumes, while U-FNOB-R needs many recurrent inferences.

2.2. Combining physics-based and data-driven loss functions

We present four distinct loss functions incorporating both data-
driven components and physical boundary constraints. Our surrogate
model generates predictions j(x,7) = il(X,I),(fx(X, 1), ¢, (x,1), é(x,1). The
ground truth y(x,f) stems from Amanzi numerical solver results. Con-
sequently, the devised loss functions address both the data-driven dis-
crepancies between predictions j(x,7) and y(x, t) and, more intriguingly,
the physical constraints inherent in solving PDEs, such as boundary
conditions.

Mean relative error: Initially, we evaluate the data-driven discrep-
ancy by employing the mean relative error (MRE), which considers the
¢, norm:
lly =3l

lIvlla

Spatial derivatives: We also account for the first derivatives in
the horizontal direction x and the vertical direction z. These spatial
derivatives enable us to match not only the output values but also their
derivatives. It is worth noting that factors such as the hydraulic head
primarily influence flow and transport, rather than the actual values.

l9y/0x — 039/0xll, | l9y/0z — d9/0zl,
ll9y/0xll, lloy/ozll,

Indeed, these spatial derivatives encompass the output’s actual val-
ues. Egs. (7) and (6) are not mutually exclusive.

Spatial derivatives on the contaminant boundary: The Maximum
Contaminant Level (MCL), as recommended by the Environmental
Protection Agency (EPA) (Libera et al., 2019), denotes the highest
permissible concentration of a contaminant in drinking water. Accord-
ingly, predicting contaminant boundaries exceeding the MCL is crucial
for site managers to safeguard water resources. We incorporate the first
derivatives on the contaminant boundary, where ¢ > M CL. These first

Lyre®,9) = (6)

‘Cder(y’ »= @)



A. Meray et al.

(A) F-Area

South Carolina, USA

Computers and Geosciences 183 (2024) 105508

Savannah

Tan clay c.z.
Lower UTRA a.z.
2 | e s el | GC - Gordonc.z.
Gordon a.z.
« I D T 00— !
( ) A Seepage  rgpospic A
N Recharge F-3 BaS| FSB110D
gl oo R A S A Seepage face Fourmile
i 0 | e
oi - =0 3 Branch
O; ox
v

Fig. 2. (a) Geographical positioning of leakage basins (F1, F2, F3) within the F-Area at SRS, South Carolina; (b) Hydrostratigraphic divisions established for the F-Area; (c)
Two-dimensional cross-sectional representation of the model domain. These figures have been sourced from the studies conducted by Bea et al. (2013) and Xu et al. (2022).

derivatives have high values at the boundary and zero values for the
rest of the 2D domain.

llac' Jox — ¢’ Jox|l,  loc’ /oz — a¢' [oz|l,

Leone(9) =

[loc’ foxll, lloc’ /oz]|,
0, <MCL N 0, é<MCL
where ¢/ = ¢ , = ¢ (8)
1, ¢e>MCL 1, ¢>MCL

Physics-informed boundary conditions: We add no-flow bound-
ary condition constraints in loss functions using physics-informed neu-
ral networks (Raissi et al., 2019) to help solve the PDEs. In Amanzi
physical simulations, no-flow boundary conditions are assigned along
the two vertical sides because of the groundwater divides, where as-
suming topographic prevents any regional groundwater flux, and also
assigned along the bottom of the computational domain because of
the impermeable clay-rich layer at the bottom (Xu et al., 2022). The
additional no-flow boundary loss function helps the surrogate model
learn these boundary constraints. We denote the boundary of the spatial
domain D as dD.

Lpc® = ldxloplla + ld:zloplla + 10715l ©)]

Composite loss function: The composite loss function integrates all
the previously defined loss functions, each associated with its respective
hyperparameter f.

LYY =Lyre, D)+ BiLyey(V, D) + BoLoone (v, 9) + B3Lpc (D) 10
3. Application
In this section, we apply our study’s findings to a real-world context,

focusing on the groundwater system at the Department of Energy’s SRS
F-Area in South Carolina. We provide an in-depth description of the

case study, discuss the data transformation and model training process,
and evaluate different model architectures and loss functions. We also
highlight the computational efficiency of our approach and present
predictions for transient flow and transport properties. Lastly, we as-
sess the adaptability of groundwater contamination sites to changing
recharge rates, emphasizing the practical implications of our research
in the context of climate change and environmental response.

3.1. Description of the case study

We used the same model and domain setting as Libera et al. (2019)
and Xu et al. (2022). This model was established for the groundwater
system at the Department of Energy’s (DOE) SRS F-Area, depicted in
Fig. 2. Situated in South Carolina, the SRS F-Area spans approximately
800 km? and is located around 100 miles from the Atlantic Ocean.
During the Cold War era, this site played a crucial role in the production
of specific radioactive isotopes, such as tritium, uranium, and cesium-
137. The disposal of low-level radioactive waste was carried out in
three distinct basins, namely F-1, F-2, and F-3, during the period from
1955 to 1988. Subsequently, in 1988, these basins were sealed with a
low-permeability material.

The hydrostratigraphy of the SRS F-Area comprises three units: an
upper aquifer zone, a tan clay confining zone, and a lower aquifer
zone. Historical monitoring data indicates that contaminants from the
waste have affected both the upper and lower aquifer zones, which
are interconnected. The Amanzi model, as described in Libera et al.
(2019) and Xu et al. (2022), is designed to simulate a 2D cross-section
of the SRS F-Area, incorporating the F-3 basin. The 2D cross-section
(Fig. 3) measures approximately 2600 m in length and 100 m in depth,
representing a cross-section at the center of the SRS’s F-3 basin. The
horizontal grid resolution along the cross-section is set at 10 m, while
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Parameters of the physical model employed in flow and transport simulations. U (a, b) denotes the uniform distribution with the minimum value a and the maximum value b. For
different physical simulations, we draw distinct model parameters from these uniform distributions.

Hydrostratigraphic unit Upper aquifer Tan clay Lower aquifer
Porosity (-) U@B.le—1,47e—-1) 0.39 0.39
Permeability (m?) U(2.5¢e — 12,7.5e — 12) 1.98e-14 5e-12

a (=) U(3.2e —4,4.8¢ — 4) 5.1e-5 5.1e-5
Residual water content [Sr] (=) U(ld4e-1,22e-1) 0.39 0.41

m (-) U@de—1,6e—1) 0.5 0.5

Source concentration (mol/L) U(le—9,1e —8) - -

Infiltration rate before the cap (kg-water m=2 s71) U(le —4,2.5¢e — 4) - -

Infiltration rate after the cap (kg-water m=2 s1) UQRe—9,1e—8) - -
Time-varying recharge (kg-water m~2 s71) U(2e - 6,2¢ - 5) - -

Natural recharge

RN

X

Capped basin

Fig. 3. Depiction of the hydrological model employed in the physical simulations at the SRS, presenting a vertical two-dimensional cross-section through the central axis of the

contamination origin area.
Source: Adapted from Xu et al. (2022).

the vertical discretization comprises 48 layers, with thicknesses ranging
from 0.15 m to 1.86 m.

To construct the surrogate model for this study, we utilized Amanzi,
a solver for groundwater flow and advection—dispersion transport equa-
tions that enables simulation of both unsaturated and saturated flow.
The Amanzi model used in this experiment is identical to the one
described in Libera et al. (2019), and it simulates groundwater flow
and tritium transport and decay processes.

We conducted 1000 simulations, incorporating both climate and
subsurface uncertainties. To address the subsurface uncertainties, we
employed random sampling from a uniform distribution for each pa-
rameter. The uncertainties in climate and subsurface parameters are
represented by uniform distributions listed in Table 1. We implemented
climate uncertainty by introducing periodic recharge rates from 1954
to 2100, which differ across three periods: historical (1954-2020), mid-
century (2020-2060), and late-century (2060-2100). We inferred and
amplified the uniform distribution of recharge rates U(2¢e — 6,2¢ — 5)
kg-water m~2 s~! in Table 1 based on (1) the historical recharge rate
estimate presented in Bea et al. (2013) and (2) the recharge distribu-
tions from various climate projections (RCP 2.6, RCP 4.5, RCP 6.0, RCP
8.5) in CMIP5 (Knutti and Sedlacek, 2013). The subsurface parameters
include porosity and permeability for the upper aquifer, inverse air
entry suction (denoted as a), residual water content, and the measure
of the pore-size distribution (indicated as m) in the van Genuchten
water retention curve. Additional parameters accounted for are the
infiltration rate uncertainty at the F-3 basin both before and after 1988,
along with an indeterminate tritium concentration in the infiltrating
water, represented as the source concentration. The Amanzi model
could encounter numerical convergence issues, potentially leading to
unsuccessful simulations.

It was observed that failures in the Amanzi model were primar-
ily due to combinations of unrealistic recharge parameters and low

permeabilities, creating unfeasible conditions. As a result, simulations
presenting such scenarios were filtered out, maintaining focus on rel-
evant, realistic scenarios and enhancing the reliability of our results.
The decision to run a total of 1000 simulations was optimized based on
available computational resources —providing an adequate exploration
of the parameter space while maintaining robustness of the model.
This resulted in the completion of 664 successful simulations, thereby
ensuring compliance with the conditions mentioned and constituting
the basis for this project.

3.2. Input and outputs for surrogate model training

In this investigation, our data consist of specific input and output
variables. The input involves uncertain physical model parameters,
denoted as m(x,t), and mentioned in Table 1. The output, represented
by y(x,1), reflects the site’s two-dimensional cross-section incorporat-
ing the spatiotemporal flow and transport properties. The output is
therefore expressed as follows: y(x,1) = q,(X,1), q,(x,1), h(X, 1), c(X, 1)

Here, ¢,(x,7) and ¢,(x,?) denote Darcy’s velocity in the x and z
directions, respectively, while h(x,?) signifies the hydraulic head and
c(x, 1) denotes the tritium concentration. The x in y(x,t) symbolizes the
location vector within the 2D spatial cross-section, oriented along the
x-axis and z-axis, while 7 earmarks the temporal variable from 1954 to
2100.

To optimize these input and output variables for machine learning
surrogate model training, we apply a series of transformations. We
re-grid the output layers into a uniform discretization, with a 10-m
resolution on the x-axis and a 2.5-m resolution on the z-axis. Conse-
quently, we obtain 257 x 24 cells in the x and z directions, respectively.
The scalar input variables are broadcasted into the output size to
guarantee the same dimensional shape for the inputs and outputs.
Constant values in the Tan Clay and the Lower Aquifer, as well as
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Fig. 4. Spatially imputed inputs with 11 different variables.

uncertain values in the Upper Aquifer, are filled into different layers
of the cross-section. These layers can be seen in the first five columns
of Fig. 4.

Furthermore, we merge time-varying recharge rates in history
(1954-2020), mid-century (2020-2060), and late-century (2060-2100)
into one channel, and impute the recharge rate only at the top cell of
the 2D cross-section. This same transformation applies to the seepage
rate and cap rate at the top cells within the seepage basin, where the
seepage rate only applies before 1988 and the cap rate only after 1988.
Lastly, the horizontal and vertical locations of the grid, along with
the timestamp, are encoded (represented as grid_x, grid_z, and grid_t).
With these transformations, the final dimensional shape for each input
sample m(x,1) can be represented as (nz,nx, nt,nc), such that nz is the
size of z, nx is the size of x, nt is the number of time steps, and nc is the
number of encoded parameters. This results in our 664 x (24,257,30, 11)
input shape.

In a similar vein to the input, we transform the output save for
the final dimension, which stands for the quantity of predicted out-
put parameters. Consequently, the output y(x,7) shape takes on the
(nz,nx,nt,no) form. This results then in our adopted output format
of 664 x (24,257,30,4). After the transformations mentioned above,
we then standardize our data to make it suitable for our machine
learning model. Given the heterogeneous nature of the input and output
variables, we apply MinMax scaling uniquely to each variable. This step
normalizes the range for all variables, ensuring uniformity and limiting
the influence of high-magnitude variables. Therefore, each variable in
both the input and the output data is scaled individually to have a range
between 0 and 1. This operation is critical not only for maintaining the
integrity of each variable’s dynamics but also for easing and enhancing
the models’ learning and convergence process.

3.3. Performance of different architectures and loss functions

In this study, we conducted a series of experiments to evaluate
and compare the performance of different architecture configurations
and loss functions. All experiments used the same training set, which
consisted of 80% of Amanzi simulations. A separate 10% of the simu-
lations was reserved for validation during the training process, while
the remaining 10% served as the test set for later model performance
evaluation. These distinct datasets ensured consistency and fairness
across all experiments.

The various experiments were designed to systematically compare
and optimize architectures, as well as loss function components. The
initial experiments compared the performance of Fourier Neural Op-
erator (FNO) with two different architectures (FNO-2D and FNO-3D)
and the proposed U-FNOB and U-FNOB-R architectures with zero hy-
perparameters for the loss function components (meaning, f;, = f, =
p5 = 0) in Eq. (10). FNO-2D and FNO-3D, as brought forth by Li et al.
(2020), utilizes Fourier theory to resolve partial differential equations.

Specifically, FNO-2D denotes a 2-D Fourier neural operator structured
around a recurrent neural network (RNN) in time, while FNO-3D points
to a 3-D Fourier neural operator directly convolving in the space-time
continuum. These initial comparisons demonstrated the performance
improvement brought on by the proposed U-FNOB and U-FNOB-R
architectures.

Second, as we sought to optimize the loss function, different com-
binations of non-zero hyperparameters f,, f,, f; were tested with our
proposed U-FNOB architecture. The intention of this experiment was
to find the optimum balance of these hyperparameters that would
yield the lowest prediction error. Table 2 includes the results from all
experiments, for consistency and transparency. It includes the mean
relative error (MRE) and mean squared error (MSE) values obtained
from the validation data across these different experiments — the
baseline FNO-2D and FNO-3D, the proposed U-FNOB and U-FNOB-R
architectures with zero hyperparameters in loss functions, and then
the various configurations of non-zero hyperparameters for the loss
functions with the U-FNOB architecture.

Finally, having decided on the best-performing architecture (U-
FNOB) and the optimized loss function (with g, = g, = p; = 0.1),
we did further training for a higher number of epochs (150 in total).
Here, only U-FNOB and U-FNOB-R architectures were tested against the
test data with optimized hyperparameters substituting into Eq. (10).
The resulting performances of this final set of models are presented in
Table 2 at experiment 9 and 10.

This robust approach allowed us to effectively compare and bench-
mark the results, showcasing that the best performance was achieved by
implementing the U-Net architecture in conjunction with our proposed
hybrid loss function, which considered all spatial derivatives and no
flow boundaries. Moreover, the results validated the importance of
both an effective architecture and a carefully tailored loss function for
optimal surrogate model building for physical simulations (see Fig. 5).

3.4. Computational efficiency

Efficiency is central to our proposed approach in simulating ground-
water flow and transport. Although the initial stages of the process
— simulation and model training — require an upfront computational
commitment, the ultimate benefit is found in the accelerated speed of
simulation reproductions made possible once these stages are complete.
This efficiency trade-off is further illustrated in Fig. 6, where the
total computational time for different numbers of simulation runs is
compared between the traditional numerical simulator and our models.

Each simulation takes on average about 8.9 min. This is less of a
burden than it might appear, as there are ample opportunities for par-
allelization, contributing to significant time efficiency. Training the U-
FNOB architecture takes approximately 72 min for 30 epochs. Compar-
atively, using the U-FNOB-R architecture requires a lengthier 273 min,
making the U-FNOB approximately four times faster.
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Fig. 5. Mean relative errors for different architectures and loss functions. (a) Comparison between U-FNO and FNO. (b) Comparison between different loss functions. g, ,,f; are
the hyperparameters in Eq. (10). All experiments in (a) and (b) were trained for 30 epochs. (a) have all g, = g, = ; =0, (b) are trained on U-FNOB. Note: If only one beta value

is shown, the other betas are set to zero.
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Fig. 6. Trade-Off between Numerical Simulator and Machine Learning Approaches (U-FNOB & U-FNOB-R). The computational times depicted include the respective methods of
the numerical simulator and the machine learning model generation process. For the ML models, the assigned times incorporate the average time for dataset collection (664
simulations), model training time, and inference. Despite these more substantial initial time investments, ML models show increased efficiency for larger scale simulations.

Table 2

Evaluation of mean relative errors (MRE) and mean squared errors (MSE) across all experiments conducted.

Experiment Architectures Epochs Loss (f,,5,,6;) MRE MSE Evaluation on
1 FNO-2D 30 (0,0,0) 0.051 2.71e-4

2 FNO-3D 30 (0,0,0) 0.055 2.98e—4

3 U-FNOB-R 30 (0,0,0) 0.035 1.51e-4

4 U-FNOB 30 (0,0,0) 0.037 1.29e-4 Validation
5 U-FNOB 30 (0.1,0,0) 0.029 8.83e-5

6 U-FNOB 30 (0,0.1,0) 0.033 1.10e-4

7 U-FNOB 30 (0,0,0.1) 0.034 1.27e-4

8 U-FNOB 30 (0.1,0.1,0.1) 0.028 8.14e-5

9 U-FNOB-R 150 (0.1,0.1,0.1) 0.020 4.49e-5 } Test

10 U-FNOB 150 (0.1,0.1,0.1) 0.014 2.44e-5

Herein lies the value of the upfront computational investment. Upon
completion of the model training, the rapid computation capability of
the trained models comes into play. These models significantly curb
both the time requirement and computational cost when generating
output. Specifically, the inference time on these models averages less
than a second, enabling the fast generation of a large volume of data
across various input parameters.

Taken together, this process offers an extremely efficient way to
simulate groundwater flow and transport, combining the speed of the

U-FNOB architecture with the prowess of trained models. As demon-
strated in Fig. 6, the resulting process provides not only a significant re-
duction in computational demand but also a speedy output generation,
a critical attribute when planning for and responding to environmental
changes.

3.5. Predicting transient flow and transport properties

In this study, we predict four key flow and transport properties,
including Darcy’s velocity in the x and z directions, hydraulic head,
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Fig. 7. Flow and transport properties predictions with U-FNOB, Index 10 in Table 2. Specific input parameters used for this sample, consisting of subsurface and climate variables,

are detailed in the supplementary material Table S1.
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Fig. 8. Flow and transport properties predictions with U-FNOB-R, Index 9 in Table 2. The specific input parameters used for this sample, consisting of subsurface and climate

variables, are detailed in the supplementary material Table S2.
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Fig. 9. Mean relative errors on test data

and tritium concentration. Utilizing our trained U-FNOB and U-FNOB-R
models, we present predictions on two samples from the test data over
time in Figs. 7 and 8. Detailed input parameters for these samples are
provided in the Supplementary Material. Our predictions are found to
be in close agreement with the ground truth obtained from physical
simulations. However, some discrepancies are observed near plume
boundaries and water tables. Overall, the results indicate that our

over time for both U-FNOB and U-FNOB-R.

approach is able to effectively capture the spatiotemporal variations of
plumes and corresponding flow properties.

To further evaluate the performance of the U-FNOB and U-FNOB-
R models, we calculate the MRE on test data (10% of our simulation
dataset) over time (Fig. 9). The results show that the U-FNOB-R model
has a larger MRE in general compared to the U-FNOB model. Addi-
tionally, we observe that the prediction errors of historical data are
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Fig. 10. Predictions with different recharge rates: differences on hydraulic head and tritium concentration after changing recharge rates for 150 years (1954-2020) or changing
recharge rate for mid-century (2020-2060). (a) U-FNOB (b) U-FNOB-R. Differences are between le—5/2e—5 kg-water m~> s~! and 2e—6 kg-water m~2 s~!. The test sample used
for these simulations was derived from Table S2. The colorbar for hydraulic head and difference between hydraulic head, tritium concentration and difference between tritium
concentration is in changing recharge rate for mid-century, 2025 comparison. Red means the value increases, blue means the value decreases, white means no change.

higher than those of future projections. Furthermore, the error of the U-
FNOB-R model increases more significantly after the first time snapshot
(1955) compared to the U-FNOB model. This discrepancy in error
could be attributed to the use of two different U-FNOB-R models, one
trained for the first time snapshot and one for the rest of the time
snapshots, which may result in discrepancies that cannot be updated
simultaneously.

3.6. Evaluating the reliance of groundwater contamination site to changing
recharge rates

Climate change has the potential to induce severe precipitation
occurrences and alterations in precipitation and evapotranspiration pat-
terns, consequently affecting the infiltration process within the vadose
zone and the recharge rate at groundwater contamination locations.

=]
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Projections of future precipitation and evapotranspiration are offered
by global climate models, including CMIP5, but these forecasts are
accompanied by a degree of uncertainty. In this section, we explore the
adaptability of groundwater contamination sites in response to fluctu-
ations in recharge rates, aiming to evaluate the possible consequences
of climate change on these ecosystems. To test the climate resilience
of the contamination sites, we manipulate the recharge rate from 2
x 107 kg-water m™2 s~! to 1 x 10~ and 2 x 10~ kg-water m~2 s~!
(5% and 10x larger). We evaluate two scenarios: (1) changing recharge
rates for only the mid-century (2020-2060) and (2) changing recharge
rates for the entire period (1954-2100) on one test sample, specifically
referring to the sample described in Table S2. Figs. 10(a) and 10(b)
present differences in hydraulic head and tritium concentration with
changing recharge rates.

In the first experiment, where we change recharge rates only for the
mid-century (2020-2060), we find that U-FNOB (Fig. 10(a) bottom) has
greater biases of hydraulic head and tritium concentrations at 1980,
even when we keep the recharge rate before 2020 static. This behavior
is unexpected since the model should be able to accurately capture the
effects of changing recharge rates on the flow and transport properties.
However, the U-FNOB-R architecture, as shown in Fig. 10(b), reason-
ably simulates the impacts by changing recharge rate and suggests that
there is more remobilization near the source of the plume and more
dilution for the downstream flow. Therefore, we prefer the U-FNOB-R
architecture as it provides a more accurate time dependency between
recharge rates and flow/transport properties.

In the second experiment, where we change recharge rates for
nearly 150 years, we observe that higher recharge rates increase the
hydraulic head on the upstream and decrease the hydraulic head
on the downstream. Both U-FNOB (Fig. 10(a) top) and U-FNOB-R
(Fig. 10(b) top) architectures show more remobilized contaminants
near the capped area and more diluted solution near the plume bound-
ary if recharge rates change from 2e—6 to le—5. However, if we
increase recharge rates further from le—5 to 2e-5, the concentration
increases are not as widespread and are more localized near the surface.
This highlights the complexity of these physical systems to varying
recharge rates, proving that our machine learning-based surrogate
model is able to apply in climate resilience analysis.

The experimental results suggest that the U-FNOB-R architectural
model provides a different perspective for projecting the influence of
changes in recharge rate on groundwater contamination sites. One
plausible explanation for this is that the U-FNOB-R architecture is
Markovian, meaning that it only considers the immediate preceding
time steps when making predictions. Conversely, the U-FNOB model
encompasses the entire history of recharge rate changes. This nuanced
difference in approaches brings about varying levels of complexity —
the U-FNOB model’s broader perspective may raise the risk of overfit-
ting, which could potentially reduce the model’s precision in predicting
the effect of recharge rate changes on groundwater contamination sites.

4. Discussion and conclusions

In this study, machine learning methods, specifically U-FNOB and
U-FNOB-R neural network architectures, were employed to model and
predict transient flow and transport properties in groundwater systems
based on physical simulation data. Building on the potential of machine
learning, we developed efficient surrogate models that offer a less
time-consuming and less expensive alternative to physical simulations.
Implementing an additional U-Net architecture resulted in a significant
decrease in the mean relative errors for both the FNO-2D and FNO-
3D architectures, with the U-FNOB architecture demonstrating higher
training efficiency. The inclusion of all data-driven and physical bound-
ary constraints, such as spatial derivatives and no-flow conditions,
further improved model accuracy.

On investigation of the impact of varying recharge rates, significant
responses in the hydraulic head and tritium concentration were ob-
served. This shows the sensitivity of subsurface systems to recharge rate

10

Computers and Geosciences 183 (2024) 105508

changes and the U-FNOB-R architecture, which includes a recurrent
network, accurately evaluated the impact of these variations. From
a computational standpoint, as detailed in Section 3.4, our surro-
gate models displayed a substantial reduction in computational time
compared to traditional forward model simulations. In terms of pro-
cessing speed, the surrogate models outperformed traditional methods,
demonstrating a more than 500-fold increase in speed. This significant
improvement in efficiency showcases the potency of machine learning
methodologies for practical applications.

The choice of architecture and loss function is pivotal to the per-
formance of the surrogate models. With careful selection, our models
can effectively predict system responses to changes in recharge rates
while also saving substantial computational time once they are trained.
This study emphasized a 2D spatial model with x and z directions but
future work intends to implement the methodology on a 3D model.
Though this will require greater computational resources and signifi-
cantly more parameters for training, we are currently developing an
efficient surrogate model for 3D flow and contaminant transport.

The insights generated from this study can be applied significantly
in groundwater monitoring and remediation tasks, especially for sites
like the Savannah River. The initial significant amount of data required
for training these models is outweighed by the computational time and
resources saved once the machine learning-based surrogate models are
trained and operational.
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