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Abstract

Soil and aquifer contamination pose a persistent environmental challenge; however,
contamination monitoring is severely limited by the high cost, destructive nature,
and logistical constraints associated with sampling. Constructing dense contamina-
tion maps from sparse measurements is, therefore, a critical yet unresolved task. This
study presents a data-driven interpolation method that successfully adapts a artificial
intelligence, encoder-decoder framework from air pollution to the domain of soil con-
tamination. This effective implementation underscores the framework’s adaptability
and potential as a unifying approach to interpolation. Interpolation is cast here as
a signal reconstruction problem, where sparse soil measurements act as the encoded

input and a trained decoder reconstructs the entire contamination field. A synthetic



dataset was generated using a contaminant transport simulator in a porous medium,
utilizing a particle tracker that follows the simulated flow and stochastic diffusion. In
this way, the decoder statistically emulates a physical process, learning the dependen-
cies between sparse sampling points and the underlying concentration field. Results
demonstrate that the framework successfully reproduces high-resolution contamination
maps and outperforms classical interpolation techniques, such as Kriging and Inverse
Distance Weighting. This preliminary study adopts a favorable scenario—with high
sensor density and known conductivity—to demonstrate the approach’s feasibility and

robustness, supporting its future application in more realistic and challenging settings.

Introduction

Monitoring the transport of contaminants in soils and aquifers presents a persistent challenge
in hydrology and environmental science. Accurate characterization of chemical migration
through porous media—including soils, aquifers, and fractured rock formations—is essential
for predicting reactive transport processes and guiding remediation efforts.'™® Subsurface
heterogeneity plays a central role in shaping contaminant behavior, giving rise to preferential
flow pathways that result in non-Fickian dispersion, diffusion, and heavy-tailed breakthrough
curves.” 12

These preferential pathways channel contaminants through narrow, tortuous routes, pro-
ducing highly heterogeneous spatial concentration distributions. Such distributions often
include under-sampled regions, complicating efforts to monitor and assess contamination
accurately. > 15 Sampling networks, typically constrained by economic, logistical, and acces-
sibility limitations, may fail to capture the full extent of contaminant spread.'¢~!® Estimating
contaminant distributions from discrete sensor networks is therefore inherently challenged by
subsurface complexity and sensor placement limitations. This highlights the need for more
19,20

effective and adaptive monitoring strategies.

Traditional spatial interpolation methods often struggle to resolve the intricate features



of contaminant plumes in heterogeneous media. Recent advances have introduced data as-
similation techniques that integrate observational data with physical transport models, sig-
nificantly improving plume estimation accuracy.?"?? In parallel, physics-informed machine
learning approaches have emerged, embedding governing physical equations within data-
driven frameworks to enhance predictive fidelity and enable robust reconstruction of con-
taminant distributions from sparse datasets.?32* Machine learning also facilitates automated
spatial interpolation and optimal sensor placement, offering strategies to balance resource
constraints with information gain.?” 27 These approaches address the limitations of sparse
sensor networks in complex subsurface environments, reducing uncertainty in contamination
mapping and improving monitoring efficiency.

Despite these technological advancements, significant challenges remain. Subsurface het-
erogeneity, dynamic flow paths, and limited sensor density continue to hinder comprehensive
contaminant assessment. To overcome these barriers, adaptive monitoring protocols that
integrate iterative interpolation, sensor layout optimization, and high-resolution data acqui-
sition are essential. Such strategies can support more informed environmental management
and decision-making.2%%

To this end, this paper presents the application of the Ridiculously simple interpola-
tion method (RSIM) as an interpolation mechanism for saturated porous media. RSIM was
originally developed for air pollution interpolation by Feldman et. al.3® RSIM is a Machine
Learning (ML) approach that uses simulated data, so the machine follows the physical nature
of the given environment and capture statistical dependencies between limited sensor data
and the whole contamination field. Unlike air pollution, which typically exhibits smooth
and continuous dispersion in space and time, soil contamination often displays irregular and
highly heterogeneous spreading patterns, driven by porous-media heterogeneity, nonuniform
pollutant infiltration, and slow transport within the pore structure. The successful imple-
mentation of RSIM in saturated porous media highlights the method’s ability to reconstruct

fields without prior assumptions. Neither mathematical properties of the field—such as



boundary conditions, gradient bounds, or function type—mnor physical information such as
the conductivity field are required as inputs to the model. Instead, the statistical inference
approach enables the model to mimic the physical behavior generated by the physics-based
simulator. These characteristics emphasize the need for monitoring and modeling strategies

tailored to the unique complexities of subsurface environments.

Methods

Problem Formulation

The interpolation of soil contamination is formulated as a signal reconstruction problem,
using the Ridiculously Simple Interpolation Method (RSIM)3Y. To this end, let © denote
the domain of interest, representing the soil or groundwater system under investigation, and

let F be the set of scalar fields that describe pollutant concentrations over €Q:

VieF,f: Q=R

A set of sparse measurement locations €2, C () is considered, representing borehole
samples, soil probes, or water-table extraction points, with the number of sampling points

s = |Qs|. The encoding function is then defined as:

Vw € Qs ;5 2z, = e(f(w)), (1)

where z, are the measured concentrations. To mimic the uncertainty inherent in soil sam-
pling, similarly to Feldman et. al3°, measurement noise was introduced through a Gaussian

perturbation, reflecting both laboratory errors and small-scale heterogeneity:

o= fw) - (T+m), ne~N(O,€). (2)



Then, the reconstruction function (decoder) that aim at estimating the entire soil contami-
nation field is given by:

~

d:R = F; f=d2) (3)

where Z denotes the vector of sensor readings. The optimal decoder d* minimizes the expected

loss across the probability distribution of pollutant configurations:

& = argmin Eyop, |U(f, )| (4)

with the loss defined as the mean squared error. The distribution Pr was approximated using
a large set of simulated contamination scenarios generated with a soil transport simulator,

incorporating infiltration, adsorption, groundwater flow, and boundary conditions.

System Overview

The interpolation task was implemented as an encoder—decoder pipeline, following the for-
mulation presented in Section 2.1. The sparse soil measurements constitute the encoded
representation, whereas the decoder reconstructs the full concentration field. The frame-
work itself is model-agnostic: any predictive model capable of learning a mapping from
sparse inputs to dense outputs may be used as the decoder.

In the present study, a linear regression decoder was selected due to its transparency,
robustness, and computational efficiency. However, the training procedure—learning statis-
tical dependencies between sparse samples and the underlying contamination field—remains
identical for any decoder class. In this sense, the framework naturally accommodates more
expressive models such as artificial neural networks, which were part of the original concep-
tualization of the method. Future work may therefore employ deep learning—based decoders
to enhance performance while preserving the same statistical structure.

Importantly, the hydraulic-conductivity fields used in this work are not provided as input

to the interpolation model and do not play any role during training or inference. Their



sole purpose is to generate physically plausible contaminant plumes under heterogeneous
subsurface conditions. Thus, any criticism regarding the synthetic nature of the conductivity
fields pertains only to the data-generation process, not to the interpolation model itself, which

operates exclusively on the contaminant concentration fields.

Synthetic Case Studies

Synthetic soil contamination scenarios were generated to reflect typical pollution in saturated
porous media. Each simulation generated dense pollution fields over a discrete soil grid and
time interval. In total, m realizations (in our case, m = 2,170) of pollution maps were

generated, forming the database:

{(Z: [} ()

where Z; denotes the sensor vector for the j-th simulation, and f; denotes the corresponding
ground truth dense contamination map. The optimization objective is then:
* : 1 - 2 \|12
& = argmin— 3 |1 — d(z)|I> (6)
=1
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Flow and transport simulation

We construct the flow and transport field layout using a set of 2D numerical simulations,
where a second-order stationary random domain of hydraulic conductivities is distributed
according to a lognormal distribution with a mean of ln(K ) ~ 0 and a heterogeneity level
characteristic of soil and rock formation marked by a variance of o2 = 3, established by a
sequential Gaussian simulator (GCOSIM3D).3! This conductivity domain is composed of a
mesh of 120 x 300 conductivity bins (each of size A = 0.2[m]), forming a domain of 24 x 60m?.
Each domain is produced by a statistically homogeneous and isotropic Gaussian distribution

in In(K), with a dimensionless correlation length I./L = 0.016, where L is the domain

length along the main flow direction and . = 1[m| corresponds to a dimensionless value of



A/l. = 0.2, which provides an accurate description of the velocity distribution generated
by the In(K) domain and advective transport.3%33 The statistical significance of this model
was verified in previous studies where the relation between the heterogeneity and anomalous
nature of the transport,* the preferential flow characteristics,'®> and the Shannon entropy,
as well as the correlation length effect on transport3® have been investigated.

Two deterministic pressure drops were used in the simulation, translated to a total head
drop of H = 10 and H = 100. Both drops are imposed from the inlet (top) to the outlet
(bottom), and a finite element numerical model with a Galerkin weighting function was used
to calculate the local head drop in 2D for each bin.?” The local head provided the streamlines
and local velocities, as calculated using the local conductivity and porosity (0 = 0.3). At ¢t =
0, three particle pulse types were introduced at the inlet: 1. a Dirac delta function comprising
10° particles. 2. a uniform pulse spanning four time extents (AT = 1,5,10,50[sec]). 3. a
Gaussian pulse spanning four standard deviations (o = 1,5,10,50[sec]). All pulses type

advance according to the local advection and diffusion term, following the Langevin equation:

Ao = 0lan (8]0t + An, (7)

where A, is the displacement (bold marks a vector), x,(t) is the known location of
the n particle at time ¢, v the fluid velocity at that location (v is the modulus of |v]|),
dt = ds/v the temporal displacement magnitude calculated from the fixed displacement size
05, and the diffusive displacement for particle n calculated from the diffusion of ions in water

2

m = 1077|2=]). e local fluid velocity field is obtained as v = g(x) /6, where g(x) is the
A 9[m21) .38 The local fluid vel field b d 0, wh h

sec

local Darcy flux:

Voq(z)=0; q(z) = —K(x) Vh(z) (8)

The displacement size d,is selected to be an order of magnitude less than A to interpolate the
velocity within each bin correctly. The Particle Track (PT) simulation employed reflective

boundary conditions, similar to a Dirichlet boundary condition, over the y-axis boundaries,



and constant pressure boundary conditions at the inlet and outlet, similar to the Neumann
boundary condition, over the x-axis. This displacement size robustness, as well as the sta-
tistical convergence and numerical stability, and particle volume, was reported in previous
studies for similar conditions.**435 The diffusive displacement, dp, is randomly generated
for the x and y dimensions, whose entries are mutually independent and sampled from a
Normal distribution between 0 and 1 (N[0, 1]) multiplied by the square root of the diffusion

coefficient and the temporal displacement magnitude, as depicted in the following equation:

A, = N[0, 1]y/(27,,01) 9)

The same GCOSIM3D model proved valuable in reproducing and analyzing field data,3%4°

41-44

uncertainty, and upscaling,*® while the PT methodology proved to be very robust and

appropriate in this modeling configuration. 4647

Figure 1 shows eight examples of contamination patterns generated by the porous-
medium flow simulator. For visual clarity, values are presented in this paper on a log,
scale with colors ranging from dark blue for near zero values (less than 10 parts per bin),
through light-blue, green, yellow, orange, and red for higher concentrations. Each image
represents a different synthetic scenario with varying shapes and intensities of the contam-
inant plume. It is important to clarify that all scenarios are varying in pollution release
speed and head difference. The montage illustrates the diversity of spatial patterns used for
training and testing the reconstruction model. In all concentration maps presented in this
paper, the porous medium is identical, the head gradient is imposed from top to bottom, and
accordingly, the flow direction is oriented downward. An intriguing feature can be observed
in the case of soil contamination: rather than dispersing uniformly throughout the domain,
the contaminant streams tend to merge and coalesce as they migrate. Such behavior is

non-trivial in the context of environmental pollution processes more broadly. 4

Each image represents a different synthetic scenario with varying plume shapes and



intensities, driven by differences in pollution-release rate and hydraulic head. Because these
scenarios span different concentration ranges, each map is independently normalized for
visualization. Consequently, no unified colorbar is shown: applying a single scale would
misleadingly imply comparability of absolute concentrations across simulations, whereas the

purpose of the montage is purely to illustrate morphological diversity.
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Model Specification

A linear regression model was selected for the decoder, following its simplicity, explainability,

and performance. For each spatial location w € €2:

flw) = (W, 2) + b, (10)

where W, is a weight vector estimated from the training data, and b, a bias term. This
formulation resembles both Inverse Distance Weighting and Kriging approaches, but in the
present framework, the weights are directly learned from simulated data rather than im-
posed through deterministic assumptions. While a linear model is used here, the framework
is equally compatible with non-linear models, including deep neural networks as potential

decoders.

Sensor Placement Strategy

Sensor locations were selected according to a local Shannon-entropy metric derived from
Mano et al.*?. For each spatial location w € €2, an empirical distribution of contaminant
concentrations was obtained from all simulated realizations, and the corresponding local
Shannon entropy was computed. This entropy quantifies the variability of the concentration
field at each location; regions that exhibit greater variability across the ensemble are expected
to yield higher information gain when sampled.

Maximizing local Shannon entropy effectively aligns with maximizing information gain.
With these properties of the transport, and given the practical minimum-distance (boxing-
out) constraint imposed on borehole placement, high-entropy selection provides a principled
and tractable strategy for placing informative sampling points.

Sensors were therefore placed sequentially at locations with the highest entropy values,
subject to minimum horizontal and vertical spacing constraints that reflect realistic drilling

limitations. This approach ensures that sampling focuses on regions where contaminant
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concentrations are most variable across realizations, while avoiding redundant measurements
in low-entropy zones that contribute little to reconstruction accuracy.

The resulting sensor configuration is shown in Figure 2. The background depicts the
entropy map derived from the simulated ensemble of the transport, where brighter regions
indicate higher variability. The white circles mark the selected sensor positions. As shown,
the chosen locations align with high-entropy regions while satisfying the required spacing
of 20 grid cells in both horizontal and vertical directions. The entropy field highlights
patterns of contaminant migration under the imposed flow field, as the plumes move from
top to bottom and tend to converge along preferential pathways, creating localized regions

of elevated variability that guide the resulting sampling layout.

Figure 2: Entropy map of the simulated domain with high entropy locations for sensor
placement.
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Evaluation Metrics

Model performance was assessed using both qualitative and quantitative measures. Visual
inspection of reconstructed contamination maps provided insights into the preservation of
sharp discontinuities induced by soil heterogeneity. Quantitative benchmarks included the

Mean Root Mean Square Error (MRMSE) and the Mean Correlation Coefficient (MCorr)

between predicted and true concentration fields:

MRMSE = %Z \/ﬁ > (filw) = fiw)3, (11)
j=1 weN

MCorr = %Z corr(fj, f;)- (12)
j=1

These metrics allowed for direct comparison with alternative interpolation methods.

Classical Interpolation Methods

For benchmarking, several standard interpolation techniques were implemented. These

methods represent widely used baselines for reconstructing spatial fields from sparse samples:

e Linear Interpolation — piecewise interpolation assuming locally linear variation.

o Natural (Sibson) interpolation - Sibson interpolation computes the value at a
query point as a weighted average of surrounding data points, where the weights are

derived from Voronoi tessellation geometry.

o Cubic Interpolation — smooth interpolation using cubic polynomials with continu-

ous derivatives.

e Nearest Neighbor — assigns each unsampled location the value of the closest mea-

surement.

13



« Inverse Distance Weighting (IDW) — weighted average with weights proportional

to inverse distance.

e Ordinary Kriging — geostatistical interpolation based on a fitted variogram and

second-order stationarity.

e Universal Kriging — extends Ordinary Kriging by modeling deterministic spatial

trends.

A comprehensive overview of these interpolation families can be found in Cressie®®. These
classical methods were used solely as benchmark baselines to evaluate the performance of

the proposed data-driven interpolation framework.

Computation Setup

In practice, all computations were conducted using synthetic data generated from the porous
medium simulator, with sensor placement determined by maximum local entropy under
minimum-distance constraints. Unless otherwise stated, the reconstruction model was trained
with 30 sensors, a multiplicative Gaussian noise factor of 10%, and a minimum horizontal
and vertical spacing of 20 grid cells between sensors. The simulation grid size was fixed at
300 x 120 cells. The data were split into training, validation, and test sets in proportions of
0.7/0.1/0.2, respectively. Training was performed with a mini-batch size of 128, a maximum
of 300 epochs, and early stopping after 50 validation checks, using an initial learning rate of

107! with scheduled reductions during training.

Results

Reconstruction from sparse measurements

Figure 3 presents eight representative reconstruction cases from the test set, arranged in a

3 x 2 grid. Each triplet illustrates the input sensor vector (left), the predicted contamination

14



field (middle), and the corresponding ground truth field (right). Across all cases, the model
accurately reconstructs dominant plume structures and preserves sharp gradients caused by
soil heterogeneity, even with only sparse sensor data. The prediction panels closely resemble
the ground truth fields, with high spatial correlation and low reconstruction error. The
comparison further highlights that the model successfully interpolates fine-scale patterns

that classical smooth interpolation techniques would otherwise miss.
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Figure 3: Representative reconstruction results from the test set. Each triplet shows, from
left to right: the vector of input sensor readings, the reconstructed contamination field by
the proposed encoder—-decoder model (including sensor positions), and the corresponding
ground truth contamination field.

Comparison to Classical Interpolation

To highlight the advantages of the proposed framework, the reconstructions were compared
to standard interpolation techniques: Linear, Natural , Nearest Neighbor, cubic, Inverse
Distance Weighting (IDW), Universal Kriging, and Ordinary Kriging methods. Figure 4
Demonstrates a sample from contamination event in the porous media in it’s peak. The
wave of contamination has activated all sensors in the field of interests and a rich recon-

struction is shown in a logarithmic scale. As shown in Figure 4, these methods were unable

15



to reproduce the steep gradients present in the contamination field, instead producing overly
smoothed maps with loss of fine-scale structures. By contrast, the proposed encoder—decoder
framework effectively mimicked the statistical patterns embedded in the training simulations,

resulting in reconstructions that align more closely with the ground truth.

Linear r=0.13 Natural r=0.12 Nearest r=0.07 IDW  r=0.05

Universal Kriging r=-0.06 Ordinary Kriging r=-0.02 RSIM  r=0.98 Ground truth

Figure 4: Description of the figure goes here.

Table 1 summarizes the quantitative evaluation of the different methods using MCorr and

MRMSE. The proposed model, trained with 30 sensors and 10% noise, achieved the highest

16



correlation and lowest error, consistent with its ability to exploit the statistical variability of
the simulated data. This highlights the advantage of a data-driven approach that learns from

representative simulations rather than relying on deterministic smoothness assumptions.

Table 1: Comparison of interpolation methods on the test set.

Method MRMSE MCorr
Linear 19.779 0.10569
Natural 19.764 0.10649
Nearest 16.686 0.10414
IDW 12.979 0.1196

Universal Kriging 14.428 0.093224
Ordinary Kriging 13.19 0.088727
RSIM 5.39 0.72228

Sensitivity Analysis

To further assess performance, a sensitivity analysis was conducted by varying the number of
sensors used as input. In this analysis, the noise factor was set to 0% to isolate the effect of
sensor number. Figure 5 depicts MCorr and MRMSE as a function of the number of sensors,
ranging from 1 to 50. As expected, increasing the number of sensors improved reconstruction
quality, but with diminishing returns beyond a certain threshold. This behavior is consistent
with the intuition that once the principal spatial patterns are captured, using the Shannon-

entropy method, additional sensors provide limited additional information.
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Figure 5: Description of the two panels: (a) explanation for the first, (b) explanation for the
second.

Discussion

This study demonstrates that an interpolation framework originally developed for air pollu-
tion can be effectively adapted to the very different context of contamination in saturated
porous media. Although air and porous media differ markedly in their transport physics,
sensing constraints, and spatial heterogeneity, the encoder-decoder model successfully re-
constructed high-resolution concentration fields from sparse measurements. This outcome
is not trivial: unlike air quality monitoring, where sensor density is increasingly feasible,
subsurface characterization relies on sparse, expensive, and invasive sampling. The fact that
the statistical model still performs well underscores that its predictive ability stems from
learning structured relationships in the data rather than from any domain-specific physical
continuity.

The implications extend beyond the specific case examined. Conceptualizing interpo-
lation as a statistical reconstruction problem allows the method to remain agnostic to the
physical medium, provided that the training data capture the relevant variability.

Several limitations should be acknowledged. The synthetic scenarios assume access to

18



a relatively large number of soil sensors, a condition that may be impractical in real field
deployments. Soil sampling is constrained by cost, logistics, and land-use restrictions, and
sensor locations cannot always be optimized for ideal information gain. These limitations
emphasize the need for strategies that combine prior knowledge of average soil properties
with a minimal set of initial measurements.

Future work should therefore test the framework on real contaminated sites and investi-
gate adaptive sampling strategies that iteratively refine subsurface characterization. Addi-
tional extensions may include coupling the interpolation with physical drivers of variability
or integrating it with sensor-placement methods grounded in information theory. Across
these directions, the broader message remains: statistical reconstruction offers a promising

path toward generalizable, cross-domain environmental inference.

Conclusion

This work shows that a data-driven encoder—decoder framework, originally developed for
air pollution, can be extended to contamination in porous media and outperform standard
interpolation methods under sparse and noisy sampling. The approach thus provides a
flexible tool for reconstructing dense pollution fields in complex, data-limited settings. Future
research should validate the method using real subsurface contamination data and develop

adaptive sensor-placement strategies to improve practicality and scalability.
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