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ARTICLE INFO ABSTRACT
Keywords: Accurate identification of toxic organic pollutant sources (OPS) is essential for sustainable water management
Machine learning and aquifer remediation. Traditional methods struggle with increasing complexity and uncertainty of monitoring

Organic pollutant source identification
Heterogeneous aquifers

Surrogate model

Uncertainty quantification

data collected from different sources. Machine learning (ML) enhances data fusion and feature extraction for
source identification and migration path characterization. Distinct from previous reviews on general hydro-
geological ML applications, this study provides the first synthesis specifically dedicated to organic pollutant
source identification (OPSI). It highlights significant advancements in the integration of multiple-source moni-
toring data with recent modeling techniques. The review emphasizes the diversity of organic pollutants (OP) and
the complexity of their transport. It also examines ML applications for inverting high-dimensional, non-Gaussian
hydrogeological parameters and stresses how surrogate models boost computational efficiency and summarizes
popular ML algorithms used in this field. However, ML algorithms for source identification face challenges as
their “black-box” nature limits interpretability, and high computational demands. In addition, effective ML
applications rely on a robust monitoring network, and the quantification of uncertainty during the identification
process remains challenging. To advance ML-based OPSI in heterogeneous aquifers, future research should
prioritize: (i) Improving integration of multi-source heterogeneous data; (ii) Optimizing monitoring methods and
networks to utilize data more comprehensively; (iii) Employing physics-informed and explainable deep learning
(DL) to enhance model interpretability; and (iv) Developing or exploring new computational paradigms to
improve identification accuracy and reduce uncertainty. Overcoming these challenges with emerging ML tech-
nologies will enable real-time OPSI and source tracking for cleaning up of the contaminated heterogeneous soils
and aquifers.

1. Introduction petroleum hydrocarbon (TPH), benzene, toluene, ethylbenzene, and
xylenes (BTEX), polycyclic aromatic hydrocarbons (PAHs), poly-

Hazardous chemicals are now extensively used in agriculture, daily fluoroalkyl substances (PFAS), polychlorinated biphenyls (PCBs),
life, and industry with global economic development. This trend is phthalates (PAEs)) from these sources are released into the environment
intensified by population growth driving rising demand for plastics, [2,3]. Due to their chemical stability, bioaccumulation potential, and
pharmaceuticals, pesticides, and petrochemicals [1]. OP (e.g., total toxicity (including mutagenic and carcinogenic effects), they
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persistently threaten ecosystems and contaminate groundwater [4,5].
This contamination requires urgent attention since groundwater con-
stitutes ~97% of global freshwater and provides a primary drinking
water source [6].

Once released into the subsurface, these OP exhibit diverse physical
and chemical behaviors depending on their solubility and density [7].
For highly water soluble OP represented by certain pesticides and
emerging contaminants such as PFAS, transport is primarily governed by
advection, dispersion, and diffusion, while sorption remains a critical
factor in both vadose and saturated zones [8]. Similarly, BTEX, due to
their high solubility, readily migrate as dissolved plumes [9], exhibit
strong mobility, which lead to the rapid expansion of the contamination
range [10]. Conversely, hydrophobic OP such as PAHs exhibit high
stable and low solubility [11]. Due to their persistence, PAHs act as
long-term contamination sources, continuously releasing into ground-
water despite their slower migration rates [12]. However, a critical
challenge overlooked by traditional OPSI is that these distinct behaviors
rarely occur in isolation. In field-scale applications, the spatial super-
position of advectively mobile soluble OP and persistent hydrophobic
OP gives rise to heterogeneous density-stratified source zones, among
these, non-aqueous phase liquids (NAPLs) (including light non-aqueous
phase liquids (LNAPLs) and dense non-aqueous phase liquids (DNAPLs))
pose the most significant environmental hazards, ultimately leading to
the formation of highly complex, nonlinear subsurface contamination
signatures [13,14]. Adding to this complexity, environmental factors
dynamically influence these distributions. Factors such as groundwater
level fluctuations [15], temperature [16], microbial communities [17],
PH, electron acceptors, and salinity [18] influence organic contaminant
distribution [19-21]. Taking BTEX as an example, these compounds
partition from the NAPL into dissolved and gaseous phases.
Gaseous-phase BTEX volatilize and ascend through soil pores, posing
inhalation risks, while aqueous-phase BTEX migrate with groundwater
flow, potentially contaminating drinking water sources [22]. This
equilibrium is not static, significant water table changes and elevated
temperatures can enhance biodegradation rates. Pollutants with lower
adsorption affinity, higher solubility, and volatility readily diffuse,
releasing into the atmosphere and groundwater [23]. Meanwhile, mi-
crobial communities influence the conditions under which biochemical
reactions occur. Under anaerobic and slow microbial metabolic condi-
tions, many aromatic hydrocarbons degrade very slowly or not at all
[24]. Despite strict prioritization by international frameworks like the
Stockholm Convention and the U.S. environmental protection agency
(2025) [25], effective source control remains elusive. The distribution of
these contaminants in heterogeneous aquifers (HA) is characterized by
high concealment, extreme spatial variability, and non-linear dynamic
evolution [26,27].

These theoretical complexities translate into substantial practical
hurdles for OPSI (see Fig. 1). First, the observation gap: aquifer
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heterogeneity (e.g., preferential flow paths, low-permeability barriers)
complicates direct observation of pollution extent [28-30]. Monitoring
methods such as borehole sampling yield sparse data at discrete loca-
tions, hindering the capture of continuous spatiotemporal plume evo-
lution [31]. This sparsity increases uncertainty in pollutant transport
inverse modeling within heterogeneous settings [32]. Second, the curse
of dimensionality: hydrogeological parameters frequently exhibit
high-dimensional, non-Gaussian characteristics. Traditional models
struggle to represent these complexities, increasing uncertainty in
source-zone reconstruction [33,34]. Third, the ill-posedness: while
source terms and geological parameters are key inversion variables, the
impacts of boundary and initial conditions are often neglected [34-36].
Uncertainty in both initial conditions and boundary conditions can
obscure parameter correlations and distort pollution history [37].
Finally, the computational bottleneck: physical model-based inversions
(e.g., MODFLOW, MT3DMS) require extensive iterations, resulting in
prohibitive computational costs [38,39]. While surrogate models offer
computational efficiency gains, they present challenges such as high
dimensionality and the need for novel algorithms [40,41]. Similarly,
data-driven models risk bias if physical mechanisms are inadequately
embedded [40,42].

To bridge these observational gaps and mitigate the ill-posedness of
source inversion, traditional OPSI frameworks have seen the develop-
ment of many specialized techniques, without effective integration
among them. Geochemical fingerprinting (e.g., chromatography and
mass spectrometry) combined with multivariate statistics (e.g., Principal
Component Analysis (PCA) [43]) to distinguish source types and their
degradation products [44-46]. However, relying solely on discrete
sampling points often fails to capture the spatial continuity of deep,
concealed source zones in heterogeneous aquifers. Geophysical tech-
niques (e.g., resistivity, electromagnetic, ground-penetrating radar,
seismic) provide non-invasive imaging by detecting subsurface physical
property anomalies [47-50], thereby establishing correlations between
shallow and deep pollutants and identifying OP in heterogeneous en-
vironments [51]. However, the indirect nature of these measurements
and the inherent non-uniqueness of geophysical inversion often intro-
duce significant uncertainty into source identification. Consequently,
conventional hydrogeological models and traditional investigation ap-
proaches, despite the development of various specialized techniques,
often struggle to decouple these intricate dependencies. Given the focus
on computational inversion, this review does not elaborate on the spe-
cific technical implementation of these geochemical and geophysical
investigation methods. To address these bottlenecks and quantify the
associated uncertainties, researchers have developed specialized prob-
abilistic and geostatistical inversion frameworks. These approaches
include response matrix optimization [52], stochastic random
walk-based backward tracking models [53], nonlinear maximum like-
lihood estimation [54], and geostatistical inversion methods [55]. While
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Fig. 1. Schematic diagram of challenges in identifying organic pollutants in heterogeneous aquifers (Modified from [12]).



Y. Zhang et al.

these methods effectively quantify data correlations and improve source
identification to some extent, they remain fundamentally limited. They
exhibit strong dependency on prior assumptions and often struggle to
achieve high-precision uncertainty quantification in complex heteroge-
neous systems characterized by sparse data and highly nonlinear
processes.

To transcend the limitations of these conventional investigation and
inversion frameworks, ML offers a robust alternative by excelling at
nonlinear fitting, high-dimensional data processing, and adaptive opti-
mization [56]. Consequently, ML has gained significant traction in hy-
drology for enhancing the accuracy and efficiency of OPSI [57].
However, previous reviews have predominantly focused on forward
problems, groundwater level forecasting [58,59], groundwater quality
prediction [60,61], parameter estimation for hydrogeological modeling
[62,63]. A comprehensive synthesis specifically addressing the inverse
problem of OPSI remains notably absent. OPSI constitutes a highly
ill-posed inverse problem that requires reconstructing unknown source
characteristics (e.g., location, intensity, and release history) from sparse
monitoring data. This task is complicated by the non-uniqueness of so-
lutions and the high nonlinearity inherent in heterogeneous aquifers.
Initial applications used basic models such as Artificial Neural Networks
(ANN), Generative Adversarial Networks (GAN), and Support Vector
Regression (SVR) to map monitoring data to pollutant source release
histories [64,65]. Furthermore, integrating multimodal data (time se-
ries, text, images [66]) improves data quality and hidden source iden-
tification [33,67]. Advances in artificial intelligence (AI) introduced DL
models such as Transformer and ResNet are just starting to be used in
pollutant prediction. These handle complex inversion tasks, including
hydraulic parameters [40,56,68], and serve as efficient surrogate
models within iterative frameworks, reducing computational costs.
Recently, physics-informed approaches like Physics-Informed Neural
Networks (PINN) have emerged as a fusion of process-based and
data-driven modeling. PINN incorporate physical laws (e.g., partial
differential equations (PDE), boundary conditions) as loss function
regularization [69], improving generalization in data-sparse regions and
mitigating inversion ill-posedness, equifinality, or non-identifiability
[70,71]. Collectively, these ML advancements drive progress in OPSI.

Although ML has significantly advanced OPSI, practical applications
face dual challenges: the intricate physicochemical behaviors of con-
taminants (e.g., migration, biodegradation, and adsorption) and the
fundamental bottleneck of sparse monitoring data. Unlike previous re-
views, this study is uniquely structured around the critical stages of the
source identification process, systematically evaluating how ML strate-
gies address specific challenges from data acquisition to mechanism
integration. The main contributions of this paper are:

e Addressing the bottleneck of sparse monitoring data requires inte-
grating multi-source heterogeneous datasets. A key future direction
lies in developing dynamically optimized monitoring networks,
which will significantly enhance data spatial representativeness and
cost efficiency to support intelligent pollution source identification.
Emphasizes the critical importance of accurately characterizing non-
Gaussian parameter fields and systematically examines recent ad-
vances in intelligent characterization techniques (i.e., intelligent
algorithms used to characterize the features of hydrogeological
parameter fields). Furthermore, it demonstrates the necessity of
synergistically inverting pollution sources, geological parameters,
and boundary conditions.

e Analyzes how ML-based parameterization methods efficiently
represent non-Gaussian fields by mapping high-dimensional pa-
rameters to low-dimensional latent features, thereby facilitating
rapid surrogate modeling.

Clarifies the three main limitations of ML-based OPSI in heteroge-
neous aquifers: (i) absence of physical mechanisms in algorithmic
models and low computational efficiency, (ii) data sparsity due to
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monitoring network constraints, and (iii) lack of a systematic un-
certainty quantification framework.

This review is divided into six sections. Section 2 overviews the
mathematical models used to describe the spatiotemporal evolution of
OP in heterogeneous aquifers, the challenges of sparse monitoring data,
and the need for optimized monitoring networks. Section 3 highlights
key technologies for OPSI. Section 4 summarizes common ML algo-
rithms and models. Section 5 outlines the limitations of ML-based
identification approaches. Section 6 explores future directions in OPSI.

2. Mathematical modeling and data challenges in
heterogeneous aquifers

2.1. Mathematical models

In HA, the migration-transformation of OP is governed by two
dominant trends [72]. The first trend is the migration trend driven
mainly by the hydraulic field. The second is the attenuation, primarily
influenced by heat, chemistry, diffusion, dispersion, and microbial
processes [12,73,74]. Therefore, to quantify the multi-process coupled
migration of (0] in heterogeneous structures, a
convection-dispersion-reaction transport equation can be established.
The transport equation includes different transport mechanisms and
reaction processes (Fig. 2). Hydrodynamics serve as the primary driving
force for pollutant migration, typically determined by Darcy’s law. The
velocity of each phase in Darcy’s scale is calculated using the multiphase
Darcy’s law equation (Eq. 1) [75], The reactive migration equation for
groundwater pollutants (including both mobile and immobile species) is
regulated by Eq. 2 [76].

k
vp = —k-L(VP;—pyg) ¢))
Hp
aCa @ [ Cy\ 9 q
= Dii_ — 3 \Vitn reac,n =C 2
at axi< axi) 3, (ViCn) + Rreacn + G, 2)

The soil (vadose zone) and aquifer media contain substantial organic
matter, minerals, colloids, and microorganisms, providing favorable
conditions for biochemical processes such as adsorption, degradation,
and dissolution of OP. Adsorption-desorption governs contaminant
storage capacity and effective diffusion efficiency [77], determining the
partitioning behavior of OP between the vadose and saturated zones. OP
in aquifers frequently exhibit desorption hysteresis or irreversibility in
natural environments [78], necessitating investigation through various
kinetic and thermodynamic models. However, standard models often
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Fig. 2. Schematic diagram of the migration mechanism of organic pollutants in
heterogeneous aquifers.
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oversimplify complex transport behaviors. First, regarding kinetics,
rate-limited sorption and desorption often drive non-equilibrium be-
haviors in aquifers, resulting in early contaminant breakthrough and
extended elution tails. Predictive models that neglect these kinetic
limitations may amplify uncertainty in source identification [79].
Simultaneously, recent modeling demonstrates that non-linear Freund-
lich isotherms are essential to capture transport behaviors across wide
concentration ranges, where simplified linear assumptions fail.
Neglecting these water-solid adsorption factors, which are identified as
dominant determinants of retardation, can significantly compromise the
accuracy of source identification and management strategies [80].
Furthermore, in multi-contaminant scenarios, mixture effects may
exacerbate isotherm non-linearity and promote organic pollutant
leaching once aqueous concentrations exceed critical thresholds. This
competitive facilitated transport implies that single-solute models likely
underestimate plume extent in high-concentration source zones [81].
To quantify these transport mechanisms, representative mathemat-
ical models are established. The Langmuir isotherm (Eq. 3) represents
the fundamental adsorption model, describing monolayer surface
adsorption with identical, non-interacting binding sites [82].

Q. = QmaxKlCe/(l + che) 3

While Langmuir provides a theoretical baseline, the Freundlich
isotherm (Table 1) is often more applicable for organic pollutants in
aquifers, as it accounts for surface heterogeneity and non-linear sorption
capacities [83]. Regarding adsorption kinetics, the pseudo-first-order
kinetic model is a widely used method for analyzing data obtained
from the adsorption of adsorbates from gas and solution phases. It
generally indicates that the adsorption process is primarily driven by
physical adsorption or weak interactions of the solute on the adsorption
sites, rather than chemical adsorption. The expression is as follows:

o _ kaCo(1 — @) — kaop “
dt

In contrast, the pseudo-second-order kinetic model is based on the
adsorption capacity of the solid phase and is widely used to describe the
time evolution of adsorption under non-equilibrium conditions. It
should be noted that an important fundamental assumption of the
pseudo-second-order kinetic model is that the adsorption reaction on the
surface of the adsorbent is the rate-controlling step:

Table 1
Commonly used sorption and desorption models [77,83].
Model Model Formula Assumptions
Freundlich [84] Q. = K(C} Assumes nonlinear sorption with
no maximum sorption capacity.
Extended K/ Assumes a homogeneous surface
— i
Freundlich Q. = n with equal sites, identical
EN Kl/nc_
[85] j=1 7 M maximum loading for all

adsorbates, and no interactions
among adsorbed species.

Distributed Q. = x1KpCe + Posits that the overall sorption
.. m : . s
Reactivity Zi:l (261 KriC™ isotherm f(.)r a natural solid is the
Model [86] sum of active component

isotherms, exhibiting either
linear or nonlinear behavior.
Combination of linear isotherm
model and Langmuir model.
Diffusion coefficients for two
populations are very different.
Neglects back adsorption and

Dual Model [87] Qr = KomCe + Qmaxp

Three-Domain St
— =F —k,t
Model [88] 5, ~ Frexp(kit) +

internal diffusion between
Fsexp( — kst) + Fysexp( —  different adsorption sites.
Kust)
Elovich’s Model 1 Posits that activation energy
q; = —In(abt) = . B D
[89] b increases with adsorption time

on a heterogeneous adsorbent

1 1
—In(ab;) + —In(t
by (ab) b ® surface.
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Permeability heterogeneity and pore structure within aquifers gov-
erns OP migration pathways. High-permeability zones form primary
contaminant plumes through rapid advection, while low-permeability
regions act as long-term contaminant reservoirs due to restricted diffu-
sive transport [72]. Crucially, biodegradation is not uniform but is
strictly controlled by thermodynamic hierarchies. Spatial variations of
electron acceptors—including dissolved oxygen, nitrate, Fe(III), and
sulfate establish redox gradients that regulate spatiotemporal patterns of
microbial metabolism [90,91]. Geochemical analyses further validate
these pathways; for instance, statistical tools like Mantel tests have
confirmed a significant correlation between the depletion of electron
acceptors (e.g., nitrate, sulfate) and the accumulation of metabolic
byproducts (bicarbonate), providing direct hydrogeochemical signa-
tures of anaerobic biodegradation [92]. Field investigations reveal that
biodegradation is strictly redox-dependent, with optimal rates in
iron-reducing zones consistently exceeding those in methanogenic and
sulfate-reducing zones. Given the lower rate uncertainty in
iron-reducing zones (e.g., for benzene), these areas offer more predict-
able attenuation. Neglecting this zonal heterogeneity significantly
compromises the accuracy of source identification and plume modeling
[93]. At the field scale, multivariate statistical frameworks have further
quantified these drivers, revealing that hydrochemistry acts as the
dominant factor controlling attenuation, with nitrate specifically iden-
tified as the primary determinant for benzene degradation [94]. Beyond
electron acceptors, physicochemical conditions impose strict kinetic
limits. Quantitatively, recent studies established functional relation-
ships linking contaminant concentration to pH, dissolved oxygen, and
oxidation-reduction potential, revealing distinct temporal phases where
attenuation shifts from adsorption-dominance to
biodegradation-dominance [95]. These biogeochemical interactions are
modulated by temperature, salinity, pH, and other environmental fac-
tors [96]. While low temperatures often inactivate mesophiles, psy-
chrotolerant microorganisms retain metabolic function, sustaining
degradation processes that alter contaminant distribution and isotopic
signatures even in cold aquifers [97]. Conversely, even a 5°C tempera-
ture increase significantly enhances petroleum hydrocarbon degrada-
tion and polycyclic aromatic hydrocarbons and alkane mixtures remain
degradable under extreme temperatures [98,99]. Optimal biodegrada-
tion rates occur at specific salinity and pH thresholds [100]. Regarding
the mathematical description of these rates, biodegradation typically
exhibits two thermodynamic states: equilibrium conditions in which a
dynamic balance exists between substrates and products, with rates
governed by concentration distributions; and kinetic regimes influenced
by environmental conditions and substrate concentrations, as well as
microbial population growth and life-cycle dynamics. Single-substrate
systems often follow first-order or zero-order kinetics, whereas
multi-substrate environments often involve inhibition or competition
(Table 2) [101,102]. The Monod model (Egs. 6-7) remains fundamental
for simulating zero-order, first-order, and mixed kinetic rates [103,104],
with derivatives including Dual-Monod and Haldane models [105].
Substrate degradation kinetics are described by zero-order (Eq. 8),
first-order (Eq. 9), second-order (Eq. 10) [106], where zero-order ki-
netics assume concentration-independent transformation (Eq. 6) and
first-order kinetics exhibit linear concentration dependence (Eq. 7).
While widely applicable, these models cannot distinguish aero-
bic/anaerobic conditions despite their utility in experimental contexts.
The mixed-order model effectively combines first and second-order ki-
netics. Recent advances include a mathematical framework for
multi-substrate interactions that accurately describes microbial growth
and biodegradation of BTEX co-contaminants with chlorinated ethenes
[107], though their broader applicability remains uncertain.
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Table 2
Biodegradation kinetics models [108].

Model name Equation Model name Equation

Monod [103] ~ PmaxS
M=K +s
Andrews [109] W= PmaxS
Ks + S+ S%/K;
Andrews and Noack [110] - PmaxS
T e SL
K +S)(1 + —
(K + )1+ )
Han-Levenspiel [110] S
Hmax[1 = 3]
_ i
he Ke+S—[1— i]“1
s K
Michaelis - Menten: two substrate reaction, - PrmaxS
competitive inhibition [111] SHK(1+ I )
: —
Ki
Two substrate, non - competitive inhibition -~ HmaxS
- I
(112] (5+K)(1+3)
i
Mixture of substrate, competitive inhibition PnaxSi

(sl K +8i+254S; <K7:)

Mixture of substrate, non - competitive inhibition =~ H =

1] HimaxSi
Ki+Si+>4 S (K—:) + Iés,- ]
Mixture of substrate, uncompetitive inhibition W HmaxSi
114 - S:S;
(i Ks;+Si+2Mﬁ
j
SKIP, unspecific interaction [115] W HmaxSi
Ki +Si + 3554 Sily
R = X S E ®)
o= Hoap \K+S) \Ke + E
dx
— = —Yr, — bX (@]
dt *

When the rate of decrease in reactant concentration is proportional
to its current concentration, and as time progresses, the reaction rate
gradually decreases until the reactant is completely consumed or equi-
librium is reached, first-order kinetics can be applied:

S =Sy — kot (€))

S= SoeXp(fkl t) (9)

The second-order kinetic equation indicates that the reaction rate
decreases with the reduction of reactant concentration. Its rate constant
is generally smaller than that of the first-order reaction, and it is often
used to describe chemical reactions between two reactants [116]:

1 1

E:kxt+c—0 (10)

2.2. Monitoring network optimization and high-quality data acquisition

Establishing a reliable monitoring scheme is the prerequisite for
distinguishing anthropogenic sources from natural geochemical back-
grounds [117]. To achieve this, integrated approaches combining
multivariate statistics with isotopic tracers and hydrogeochemical in-
verse modeling have proven highly effective in defining regional natural
background levels and resolving overlapping contamination sources (e.
g., manure vs. fertilizers) [118,119]. The APCS-MLR receptor model,
enhanced by entropy-weighted principal component analysis, has been
successfully employed to quantitatively characterize source contribu-
tions (e.g., distinguishing salinity factors from industrial inputs), effec-
tively overcoming the subjectivity of traditional feature extraction
methods [43]. For complex OP, integrating high-resolution mass spec-
trometry (gas chromatography coupled to a high resolution mass spec-
trometry) with machine learning (e.g., partial least squares discriminant
analysis) has established robust environmental forensic workflows. This
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approach successfully pinpointed diagnostic chemical indicators to
distinguish between diverse contamination sources, achieving high
predictive accuracy [45].

Once the target contaminants are defined, the physical layout of the
monitoring network must be optimized. Sparse or poorly designed
monitoring networks pose a critical challenge, as insufficient spatial
density fails to capture the inherent heterogeneity of complex organic
pollutant plumes. Therefore, network optimization is essential to
maximize spatiotemporal information gain and minimize both data
redundancy and source parameter uncertainty; methodologies such as
information entropy theory are commonly used to quantify this infor-
mation gain [120]. In practice, statistical approaches like time series
clustering have proven effective in filtering duplicative data, with one
study revealing that 30 out of 59 sensors were redundant, allowing for a
streamlined design that prioritizes long historical records [121]. Moving
beyond redundancy reduction, optimization strategies explicitly tar-
geting high-concentration zones have demonstrated superior
cost-effectiveness. For instance, by prioritizing areas with higher
pollution source density or downstream of leachate pools,
surrogate-assisted models achieved a 90.8% detection rate with only 15
wells [122]. Similarly, a quantitative optimization framework inte-
grating GIS, Information Entropy, and principal component analysis was
applied to select priority monitoring sites based on pollution source
density and hydrogeological conditions. These results demonstrate that
monitoring resources should be prioritized in high-density zones to
maximize the cost-benefit ratio of data acquisition [123]. Furthermore,
evolutionary algorithms have been employed to quantify the trade-off
between performance and cost. For example, a Genetic Algorithm
(GA) framework optimized network configuration by prioritizing areas
with higher pollution levels to maximize Nash-Sutcliffe efficiency,
though its reliability is constrained in karst aquifers affected by prefer-
ential flow [124]. While a multi-objective framework integrating
Bayesian Maximum Entropy (BME) and NSGA-II selected just 5 out of 45
stations while retaining 76% of basin-wide information, demonstrating
that significant cost reductions can be achieved without compromising
data integrity [125]. However, trade-offs exist, for example, while sto-
chastic simulation methods (incorporating K-means and modified
Relevance Vector machine (RVM)) optimized the monitoring network to
25 wells (15 fewer than standard RVM) and reduced calibration time by
50-55%, they are often computationally demanding, limited to
steady-state applications, and reliant on extensive historical water level
data [126].

To further address spatial stochasticity and bridge data gaps in
complex environments, integrating geophysical data has emerged as a
robust solution. A transition probability and entropy-based framework
was proposed, which utilizes a frequency-based statistical filter to pri-
oritize stations with consistently high data worth, thereby minimizing
sensitivity to model noise. Integrating Electrical Resistivity Tomography
(ERT) into this network design significantly enhances system robustness,
as ERT data exhibit strong noise resistance and reduce the uncertainty of
solute concentration inversion in data fusion scenarios. However, the
network configuration must carefully account for the depth-dependent
sensitivity of geophysical data to ensure that the assimilated multi-
source information provides sufficient physical constraints on deep
subsurface structures [127]. Complementing this, to resolve vertical
data gaps in complex coastal aquifers, an integrated approach
combining geochemical sampling with geophysical well-logging was
employed. This synergy allowed for the derivation of high-resolution
vertical salinity profiles from formation resistivity, effectively dis-
tinguishing shallow saline intrusion from deep fresh fossil water and
providing a robust basis for three-dimensional (3D) monitoring network
configuration. [128].

Accurate source identification relies fundamentally on capturing the
temporal variability of contaminant plumes, necessitating rigorous
sampling frequency design and the integration of advanced neural
network-based real-time monitoring systems [129]. While early
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statistical approaches utilized confidence intervals to ensure baseline
representativeness, rigorous optimization is required to balance cost and
data density [130]. Addressing this, a novel spatiotemporal redesign of
the groundwater level monitoring network in the Dehlran Plain
employed a data fusion approach combining Spatiotemporal Kriging
and ANN. By utilizing the value of information metric to determine
non-uniform sampling frequencies, the optimized design differentiated
between high-priority (20-day interval) and low-priority (32-day inter-
val) sub-regions. This strategy successfully reduced the number of
monitoring wells from 52 to 42 (a reduction of 10 wells) while main-
taining the same estimation variance, thereby significantly lowering
maintenance and operational costs. However, the current framework
relies on independent simulation models, and future work should inte-
grate rigorous physical flow models (e.g., MODFLOW) and advanced
fusion techniques (e.g., Bayesian data fusion) to better account for
estimation uncertainties [131]. However, traditional low-frequency
sampling may still miss rapid contaminant pulses. Consequently,
high-frequency sensors (5-15 min intervals) are increasingly necessary
to provide the granular data required for precise source apportionment
in dynamic systems [132]. Furthermore, in the context of emergency
response, a Bayesian-Markov chain Monte Carlo (MCMC) framework
identified a “crucial time” phenomenon, defined as the point where
source identification error and uncertainty converge to a stable mini-
mum. Theoretical analysis revealed that crucial time is primarily
controlled by dispersion effects, establishing a linear quantitative rela-
tionship between the relative crucial time and spatial information en-
tropy. This entropy-based metric serves as a guideline for designing
emergency monitoring networks by determining when data acquisition
yields sufficient accuracy. However, the current framework is limited to
one-dimensional (1D) steady-state models, necessitating future valida-
tion in complex, real-world transport systems [133].

In addition to the methods discussed above, DL now addresses the
persistent challenges of parametric uncertainty and data scarcity in HA
(Fig. 3). To address parametric uncertainty and data scarcity, DL ap-
proaches are emerging as robust alternatives. Addressing the “black
box” nature of ML, an attention-based Graph Neural Network (aGNN)
was developed to model contaminant transport and quantify source-
receptor causality. By integrating attention mechanisms with spatio-
temporal embedding layers, the aGNN effectively captured highly non-
linear dependencies. Crucially, the model demonstrated superior
computational efficiency, accelerating processing speeds by approxi-
mately 300 times for large-scale sites with sparse wells. Furthermore,
the study enhanced interpretability by employing SHAP values to
quantify the contribution of each pollution source, aligning statistical
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correlations with physical transport principles. Despite these strengths,
the model’s accuracy remains sensitive to the volume of available
training data, emphasizing the need for sufficient historical records to
maximize transferability [134]. To address high-dimensional parameter
uncertainty in heterogeneous aquifers, a framework integrating Deep
Convolutional Generative Adversarial Network (DCGAN) and informa-
tion theory was proposed. By employing DCGAN for parameterization,
the study utilized the Maximum Information Minimum Redundancy
(MIMR) criterion to identify “hotspot maps” based on selection proba-
bility. This approach effectively optimizes monitoring locations in
non-Gaussian random fields, offering a robust alternative to traditional
methods. However, the current framework relies on deterministic sub-
surface processes, and future work must incorporate model process
uncertainty to fully represent complex natural systems [135]. Regarding
robustness, DL-based “ensemble MIMR” methods have demonstrated
superior performance in handling sparse and noisy monitoring data,
preventing the loss of key information due to stochastic randomness. To
minimize uncertainties in high-dimensional permeability estimation, a
data assimilation (DA) framework was developed by integrating
DL-based surrogates with the MIMR criterion, and this ensemble
MIMR-optimized method significantly outperforms conventional ap-
proaches in characterizing permeability fields. However, training glob-
ally accurate surrogates remains data-intensive; future research
proposes adaptive update strategies and the integration of GAN to better
characterize complex non-Gaussian features with fewer training samples
[136]. Complementing this, a multivariate network design framework
utilizing joint entropy demonstrated strong capability in estimating
non-Gaussian permeability fields even under high-noise observations
[137]. Moreover, ignoring uncertainties in hydraulic stresses (e.g.,
varying extraction rates) can lead to severe under-design, a framework
integrating deep neural network and MIMR entropy criteria was pro-
posed to optimize the detection of solute transport dynamics. The study
quantified the critical impact of stress uncertainty, revealing that when
groundwater extraction rates are uncertain, the required number of
monitoring stations doubles, and optimal sensor locations shift from the
aquifer bottom to the middle layer to capture the most informative
concentration gradients. These findings underscore that ignoring
boundary condition uncertainties (e.g., pumping variability) can lead to
severe under-design of monitoring networks, a conclusion that is
broadly applicable to contaminant source identification in complex flow
fields [29].
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Fig. 3. Optimization of monitoring network and identification of organic pollutants based on deep learning.
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3. Key technological innovations and breakthroughs

Building upon the mathematical foundations and data acquisition
strategies outlined in Section 2, particularly the fact that even optimized
monitoring networks often yield spatially sparse data for complex
organic plumes, this section presents three interconnected technological
innovations (Fig. 4). First, to maximize information extraction from
these limited observation points, intelligent characterization, defined as
generative deep learning strategies that reconstruct high-order topo-
logical features from sparse data, is introduced to resolve non-Gaussian
heterogeneity. Second, addressing the coupling effects of organic con-
taminants, a unified synergistic inversion framework is proposed, this
approach refers to the simultaneous estimation of contaminant source
terms, geological parameters, and boundary conditions to mitigate so-
lution non-uniqueness. Finally, to overcome the computational burden
of iterating these high-fidelity models, surrogate model-driven acceler-
ation is implemented to enable efficient inversion.

3.1. Intelligent characterization of non-gaussian parameter fields

Characterizing spatially heterogeneous formations like fractured
aquifers is challenging due to prevalent non-Gaussian parameter dis-
tributions (e.g., hydraulic conductivity, source zone architecture). This
challenge is particularly acute for organic contaminants, whose migra-
tion is strongly governed by these complex structures. Integrating hy-
drological and geophysical data, such as time-lapse ERT and tracer
concentrations, decreases non-uniqueness but faces limitations from
petrophysical uncertainties linking hydraulic conductivity and re-
sistivity [138]. To mitigate this, a MCMC methodology is employed to
explicitly quantify this uncertain relationship between electrical re-
sistivity and concentration, thereby generating posterior realizations
consistent with multi-physics data [139,140]. Furthermore, recent
studies have advanced this integration by utilizing 3D electrical re-
sistivity imagery to identify the heterogeneity of a contaminated aquifer,
which serves as a robust parameterization basis for reconstructing hy-
draulic conductivity fields in contaminated aquifers under complex
conditions (e.g., tidal influence) [141]. In contrast, the integration of
hydraulic-head and self-potential (SP) data improves the characteriza-
tion of non-Gaussian hydraulic conductivity [142,143]. Hydraulic to-
mography (HT) is also effective for the highly parameterized estimation
of heterogeneous hydraulic properties. Notably, Guo et al. [144] pio-
neered this progress through HT-INV-NN, which trains inverse mappings
using principal component analysis for Gaussian fields and GAN gen-
erators for non-Gaussian fields, demonstrating robust performance
against input perturbations. Separately, Ji et al. [40] focused on
sequential HT data processing, demonstrating that sequence models
(Gated Recurrent Unit (GRU), Long Short-Term Memory (LSTM),
Transformer) outperform Convolutional Neural Networks (CNN)-based
encoders in training efficiency. While these advanced inversion archi-
tectures significantly enhance parameter estimation efficiency, a
fundamental challenge remains in reconciling the scale disparity be-
tween microscopic observations and macroscopic predictions. To solve

Non-Gaussian Parameter Fields

Source-Geological Parameters-Boundary
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this problem, recent research treats the mass transfer coefficient as a
lumped spatial random variable to bridge the gap between laborator-
y/measurement scales and the field scale. By integrating microscopic
heterogeneities (e.g., matrix porosity, tortuosity, and mineral facies), an
effective sorption coefficient was derived and validated via MC simu-
lations to accurately represent field-scale transport [145]. In a broader
context, upscaling has been proven as a valid approach to estimate
large-scale parameters using small-scale data, effectively bridging the
gap from micro-pores to regional reservoirs. Existing methodologies are
generally categorized into deterministic approaches (e.g., volume
averaging) and stochastic methods. While numerical solutions are
gaining popularity, future frameworks aim to integrate uncertainty
quantification and artificial intelligence to validate these models against
multi-scale observations [146]. Building on these foundations, a critical
frontier in current research is bridging the immense scale gap between
pore-scale micro-structures (e.g., Micro-CT images) and field-scale to-
mography. DL technology offers a solid potential to bridge this gap by
extracting pore geometry and estimating physical properties directly
from CT images [147]. Various architectures have been successfully
applied at the pore scale, GAN effectively reconstruct porous media
characteristics [148], while 3D CNN have been used to predict flow
velocity fields and permeability directly from pore structures [149].
Looking forward, addressing this issue remains a critical challenge in the
domain of contaminant source identification.

Characterizing these heterogeneous formations inevitably confronts
the dual challenges of high dimensionality and non-Gaussian data dis-
tributions. Gaussian assumption operates within distinct conditions,
primarily applicable to homogeneous or weakly heterogeneous forma-
tions characterized by continuous parameters and low spatial correla-
tion of extremes [150]. However, their reliance on the Gaussian
assumption limits robustness under non-Gaussian conditions. Conse-
quently, variable transformation techniques have been widely adopted
to convert non-Gaussian fields into Gaussian-distributed equivalents,
enabling DA in complex formations. Common approaches include
normal score transformation [151], Gaussian anamorphosis [152], and
discrete cosine transform [153]. These transformations enable DA in
complex formations. Fundamentally, this Gaussian assumption implies
both unimodality and full support [154]. While attempts have been
made to relax these limitations, the reparameterization and update
process may result in the loss of some key features, with the Gaussian
assumption still intact [155]. Recent advances in DL significantly
enhance the characterization of non-Gaussian parameter fields within
inverse problems, though each architecture presents distinct limitations.
Variational Autoencoders (VAE) effectively represent non-Gaussian
spatial distributions of rock properties as low-dimensional geological
models with minimal fidelity loss [156]. Integrating VAE with other DL
models substantially improves traditional parameterization methods.
Coupling VAE with the Ensemble Smoother with Multiple Data Assim-
ilation (ES-MDA) enables reconstructing well-defined channelized facies
[157]. However, VAE are renowned for their training stability and
speed, progressively improving image quality during learning. However,
their reliance on Gaussian latent space assumptions often forces a
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Fig. 4. Schematic diagram of three key technologies.
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trade-off between model complexity and realism, frequently resulting in
blurred or over-smoothed geological features [158]. Conversely, GAN
are recognized for producing high-fidelity images, facilitating visuali-
zation and calibration of geological models [159,160], and can generate
more accurate structural features than VAE [161]. Furthermore, utiliz-
ing enhanced-resolution CT images as inputs improves fluid flow
simulation results and yields more realistic pore-scale distributions from
GAN [162]. Nevertheless, standard GAN face inherent challenges,
including non-convergence and mode collapse, where limited output
diversity leads to the omission of critical geological variations. Linearity
in the generator may lead to inaccurate inversion results, particularly
when paired with stochastic gradient-based inversion techniques [163].
To address these defects, targeted architectural designs have been pro-
posed. The State-Parameter Identification GAN (SPID-GAN) in-
corporates dual generator-discriminator pairs, demonstrating strong
performance in identifying bidirectional mappings of state parameter
[164]. Similarly, SGAN utilizes a fully unsupervised DC-GAN architec-
ture to map spatial noise arrays via fractionally strided CNN, enabling
arbitrary large-scale texture synthesis (e.g., fractures) to enhance di-
versity. An inversion framework combining Spatial GAN (SGAN) with
MCMC can recover complex geological features closely approximating
true models [159], and Style-Based Generative Adversarial Networks
(StyleGAN) generate high-fidelity images through iteratively refined
generators that precisely control image nuances [165]. Critically,
however, limitations persist: SPID-GAN’s dependence on high-quality
paired data restricts generalization in unpaired scenarios, whereas
SGAN lacks constraints for nonlinear and non-stationary characteristics
(e.g., irregular faults). Consequently, SGAN’s single forward-pass
mechanism may struggle with texture morphing continuity and the
detailed expression of rare geological variations [166]. A critical
comparative analysis shows clear trade-offs between VAE and GAN in
characterizing subsurface heterogeneity, prompting the proposal of
Adversarial Autoencoders (AAE) to efficiently and stably generate sub-
surface sedimentary structures [167].

Beyond standalone architectures, recent research has shifted toward
unified inversion frameworks, the ESpy, framework synergizes ensemble
smoother with DL by directly learning update mechanisms rather than
approximating forward models, effectively overcoming challenges of
high dimensionality, non-Gaussian distributions, and feature loss in DA
[34,155]. The GeoSinGAN-DOCRN-ILUES framework integrates
Geological Single-Image Generative Adversarial Networks (Geo-
SinGAN), Deep Octave Convolutional Residual Dense Networks
(DOCRN), and the Iterative Local Updating Ensemble Smoother (ILUES)
to effectively characterize heterogeneous aquifer structures in both
Gaussian and non-Gaussian geological environments [168]. For
contaminant source estimation, GAN-ILUES and its optimized variants
(e.g., GAN-Optimized AR-Net-WL(OANW)-ILUES)) enable joint inver-
sion of plume intensities and hydraulic conductivity fields in
non-Gaussian  groundwater systems [169]. Most recently,
diffusion-based architectures have set a new benchmark. The
AEdiffusion-based framework combines diffusion denoising probabi-
listic model with VAE via a generator-refiner strategy to reconstruct
high-dimensional hydraulic conductivity fields from low-dimensional
latent representations. Although this approach exhibits superior
feature extraction and stability, it incurs substantially higher computa-
tional costs than Wasserstein generative adversarial network with
gradient penalty implementations [170]. Subsequent efficiency break-
throughs emerged through AEdiffusion-ILUES-ARNW, which jointly
estimates contaminant source parameters and channelized hydraulic
conductivity fields while reducing inversion time by over 55% without
compromising accuracy [171].

3.2. Synergistic inversion of source-geological parameters-boundary
conditions

Inverse identification of groundwater contaminant sources requires
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simultaneous determination of three core elements: contaminant source,
heterogeneous geological parameters, and dynamic boundary condi-
tions [172]. Boundary condition variations govern system forcing and
stress conditions that influence the direction of contaminant diffusion
and transport [173]. Geological parameters such as hydraulic conduc-
tivity fields govern preferential flow paths through heterogeneous media
[174]. Contaminant source terms exhibit transient multi-source char-
acteristics. Their nonlinear couplings with geological parameters and
spatiotemporally varying boundary conditions significantly increase
inversion uncertainty in heterogeneous aquifers. While conventional
methods focus on sources and hydrogeological parameters, they often
ignore boundary conditions [175]. This mismatch propagates substan-
tial errors into inversion outputs, especially given the transient
multi-source characteristics and nonlinear couplings with heteroge-
neous media. However, ML applications for rapid coupled inversion
remain scarce.

Synergistic inversion of contaminant sources, hydrogeological pa-
rameters, and boundary conditions represents a critical frontier in
groundwater contaminant source identification, where methodological
innovations focus on quantifying their high-dimensional nonlinear
couplings and associated uncertainty. Several recent studies demon-
strate this progress: Wang et al. [176] proposed a novel ES-MDA
approach using a “wheel battle” strategy. This method sequentially
identifies and updates source information, model parameters, and
boundary conditions within each assimilation cycle. As a critically
important benefit, it maintains accuracy across different boundary
condition modes (e.g., constant, sinusoidal, and single-peaked). Xu et al.
[177] employed the Tree-based Pipeline Optimization Tool (TPOT), an
AutoML tool, to concurrently construct five surrogate models (Extreme
Gradient Boosting (XGBoost), Random Forest (RF), Extra Trees Regres-
sor (ETR), and elasticnet method) for the simultaneous identification of
source information, model parameters, and boundary conditions. This
approach significantly enhanced computational efficiency and accuracy.
Luo et al. [65] combined the DL method (Multilayer Perceptron (MLP))
with traditional ML (SVR), achieving rapid and collaborative identifi-
cation of pollution source information, hydrogeological parameters, and
boundary conditions. Among them, MLP had a higher recognition ac-
curacy for pollution source information, while SVR had better recogni-
tion effects for hydrogeological parameters and boundary conditions.

3.3. Surrogate model-driven computational acceleration

Surrogate models enable rapid forward modeling by providing
computationally efficient approximations of complex simulation input-
response relationships. The systematic development of surrogate
models progresses through three interdependent stages: data sampling,
model construction, and validation. This workflow has seen steady
evolution, driven by ongoing methodological innovations that refine its
implementation. In the sampling phase, methodologies have transi-
tioned from static MC designs to adaptive space-filling strategies (e.g.,
Latin hypercube sampling [178]; adaptive schemes [179]). Specifically,
random sampling often suffers from poor space-filling characteristics,
whereas adaptive methods, despite their high accuracy, incur prohibi-
tive computational costs due to substantial sample requirements. To
reconcile this, a hybrid strategy is widely adopted, utilizing optimal latin
hypercube sampling to generate a limited initial dataset, followed by
adaptive sampling that sequentially augments critical regions, thereby
enhancing surrogate model validity [180]. Subsequently, modeling has
advanced from single surrogates to ensemble frameworks [181], which
achieve superior accuracy by aggregating multiple base learners. By
leveraging the complementary strengths of different algorithms, this
methodology effectively addresses source identification for both con-
servative and reactive contaminants—a significant advantage given the
prevalence of chemical reactions in real-world scenarios. However, this
enhanced capability introduces an inevitable trade-off between physical
fidelity and computational efficiency: as decision variables increase, the



Y. Zhang et al.

computational burden of high-fidelity data generation grows substan-
tially [182]. Finally, addressing overfitting risks is critical to ensure
robust generalization, necessitating interventions across model struc-
ture, training, and validation. Regarding model structure, innovations
such as residual connections allow for deeper DL architectures without
overfitting [62], while Proper Orthogonal Decomposition effectively
constrains model complexity [183]. During the training process, algo-
rithmic interventions including early stopping serve as essential safe-
guards [184]. Ultimately, validation protocols have matured from basic
holdout tests to robust cross-validation schemes protocols [180].
Notably, while the dependence on rigorous validation varies as it is less
critical for low-complexity models like Kriging, it remains an indis-
pensable step for developing robust Support Vector Machine (SVM) and
ANN models [185]. These advancements collectively address compu-
tational bottlenecks in OPSI.

Traditional surrogate paradigms exhibit critical limitations. Hierar-
chical approaches simplify physics or numerical resolution [186],
whereas projection-based techniques compress governing equations into
reduced-order subspaces. However, the latter are often highly
code-intrusive and cannot efficiently treat strong nonlinearity [187].
Specifically, addressing limitations related to nonlinear model dynamics
and complex boundary conditions often requires substantial modifica-
tions to the corresponding equations or solver codes. Although such
modifications can improve accuracy, they inevitably increase compu-
tational time, thereby negating the efficiency benefits of model reduc-
tion [188]. Consequently, both paradigms often fail to deliver adequate
results under strong nonlinearity [189]. This collective deficiency ex-
plains the ascendancy of data-driven intelligent surrogates [180]. For
low-to-moderate dimensional problems, ML models (e.g., kriging [180],
polynomial regression [68], radial basis functions [190], kernel extreme
learning machines [191], SVR [192]) are widely applied due to their
efficient implementation. For example, Chang et al. [193] constructed
computationally efficient surrogates using kriging, ANN, and MLP to
replace demanding forward models in the inversion of contaminant
transport parameters.

Breakthrough in High-Dimensional Nonlinear Mapping For complex
feature learning in high-dimensional spaces, DL has demonstrated
powerful nonlinear mapping capabilities, effectively overcoming the
curse of dimensionality that limits traditional surrogates. Forward
simulation can be regarded as an image-to-image translation process.
This image-to-image mapping surrogate model is one of the most widely
used DL-based surrogate models in OPSI. Early foundational frame-
works, a Bayesian deep convolutional encoder-decoder surrogate model
based on Stein’s method-based variational gradient descent, adapts the
image-to-image regression approach from the field of computer vision to
problems driven by stochastic partial differential equations, realizes
high-precision uncertainty quantification and propagation for high-
dimensional stochastic inputs in flow problems in heterogeneous
media via approximate Bayesian inference on millions of network pa-
rameters, and achieves superior predictive accuracy and uncertainty
quantification performance to competing techniques such as Gaussian
processes and ensemble methods even with limited training data, with
the Bayesian statistics of its predictive outputs matching the results
obtained from MC estimates [194]. To further capture dynamic system
behaviors, subsequent research advanced to Deep Convolutional
Encoder-Decoder networks. In this architecture, the encoder extracts
high-level coarse features from high-dimensional permeability fields,
while the decoder refines these features to output pressure or saturation
fields, thereby better representing the high-dimensional time-varying
outputs of dynamic systems [195], this surrogate model integrated with
a deep autoregressive neural network also enables high-dimensional
parameter estimation for groundwater contaminant sources [196].
Handling non-Gaussian heterogeneity remains a specific challenge. Mo
et al. [197] proposed the Deep Residual Dense Convolutional Network
(DRDCN). This model accurately approximates high-dimensional and
highly complex 2D and 3D forward models using limited training data.
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Furthermore, it operates in conjunction with the Convolutional Adver-
sarial Autoencoder and ILUES (CAAE-ILUES) to successfully invert
non-Gaussian hydraulic conductivity fields under heterogeneous pat-
terns. Kang et al. [198] developed an Convolutional Variational
Autoencoder (CVAE) as a surrogate for source zone structure inversion,
and CVAE with an Iterative Ensemble Smoother (ES). This approach
demonstrated effective prediction of DNAPLs depletion behavior and
dissolved concentrations. Beyond structural fidelity, improving physical
consistency is also critical. He etal. [199] coupled a Theory-guided Fully
Convolutional Neural Network (TgFCNN) surrogate with ES. The pro-
posed TgFCNN explicitly incorporates physical constraints (composed of
residuals of contaminant transport governing equations) into its loss
function. This physics-informed approach enhances network perfor-
mance, achieving higher accuracy than conventional CNN models in
identifying contamination sources and conductivity fields under various
scenarios. In parallel, for multi-task DA, Xia et al. [200] resolved
multi-task data assimilation (DA) (hydraulic head, contaminant con-
centration) by coupling Residual Dense Convolutional Networks
(RDCNN) with ILUES, outperforming standard deep convolutional
neural networks surrogates (lacking residual learning) and original
models in convergence, mapping fidelity, and computational efficiency
to achieve state-of-the-art inversion performance.

Alternatively, the second category of surrogate models is based on
Point-to-Point mapping. This architecture is essentially a regression
model, where various algorithms can be employed to construct the
mapping. As noted by [193], hyperparameter optimization has been
successfully applied to adjust shallow learning surrogates (e.g., Kriging,
MLP, and ANN), demonstrating the feasibility of these models which
benefit from shorter training times. However, the potential of DL sur-
rogates cannot be ignored. Through more extensive training, DL models
can achieve better effects. Consequently, if one aims for higher precision
in surrogate modeling, DL-based methods should be considered, though
it must be noted that they require relatively longer training times. In the
context of deep learning applications, Zhou and Tartakovsky [201] in-
tegrated Deep Convolutional Neural Network (DCNN)-based surrogates
with adaptive MCMC methods to reduce computational costs and sam-
pling errors in approximating likelihood functions. This method was
applied to reconstruct contaminant release history from sparse and noisy
solute concentration measurements. Notably, properly trained autore-
gressive models and RNN can be strong competitors to CNN. Since they
act as fixed time-step predictors, they exhibit better generalization ca-
pabilities. However, RNN may incur higher costs due to their higher
prediction frequency. Conversely, for scenarios focusing on optimization
efficiency, integrated frameworks utilizing shallow models remain
prevalent. Furthermore, other specialized deep architectures have been
leveraged to alleviate computational burdens. Luo et al. [202] employed
Temporal Convolutional Networks (TCN) as surrogate models,
combining the Metropolis-Hastings algorithm with the Kalman Filter
(KF). This integration improved both the accuracy and efficiency of
contaminant source identification. Similarly, Li et al. [36] employed
Deep Belief Neural Networks (DBNN) with Unscented Kalman Smoother
with Multiple Data Assimilation (UKS-MDA), which successfully boosted
inversion efficiency by 12% versus ES-MDA for the joint identification of
contaminant sources and hydraulic conductivity fields. Conversely, in-
tegrated frameworks utilizing shallow learning models remain prevalent
for optimization tasks where training cost is a primary constraint.
Conversely, integrated frameworks utilizing shallow learning models
remain prevalent for optimization tasks where training cost is a primary
constraint.Chang et al. [203] integrated adaptive kriging surrogate
model (AKSM), ES, and DEMC methodologies to identify contaminant
source attributes and model parameters in groundwater pollution.
Similarly, Wang et al. [172] combined kriging surrogates with Ensemble
Kalman Filter (EnKF) and Adaptive Step Length Ant Colony Optimiza-
tion (ASACO) algorithms to enhance efficiency in OPSI. To further
enhance robustness and generalization, Bian et al. [204] proposed a
Bayesian ensemble machine learning surrogate method (incorporating
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Gaussian process, SVR, and Kernel Extreme Learning Machine (KELM)).
This surrogate approach serves to boost generalization capability while
reducing computational load during inversion iterations. It was effec-
tively integrated with a hyper-heuristic homotopy algorithm to enhance
search ergodicity in inversion, alongside a homotopy-based swarm in-
telligence algorithm for improved stability in inversion.

However, regardless of the specific surrogate architecture employed,
data scarcity critically hinders efficient deployment in scientific appli-
cations by substantially increasing training costs, thereby limiting ac-
celeration potential. To mitigate this, transfer learning strategies have
been adopted to leverage knowledge from related tasks [189]. Jiang and
Durlofsky [205] reduced high-fidelity simulation costs via low-fidelity
data transfer, while Zhang et al. [206] integrated analytical model
knowledge into DL frameworks for complex groundwater flow.
Furthermore, Fu et al. [189] developed an image-to-sequence surrogate
using decoupled learning and geological posterior sampling with
random maximum likelihood (RML). Beyond data constraints, model
optimization remains a critical step. While standard hyperparameter
optimization efficiently enhances classical ML surrogate models (e.g.,
ANN, Kriging) for low-to-moderate dimensional problems through
direct input-output mapping [207], complex inversion tasks requiring
DL surrogates necessitate adaptive closed-loop frameworks to maintain
robustness. Chang et al. [208] demonstrated this by integrating
ResNet-18 with an ES algorithm, where variable-density grid search
optimizes hyperparameters during iterative LNAPLs source identifica-
tion. Similarly, Xu et al. [56] leveraged ResNet’s feature extraction
within an IEPF, capturing nonlinear relationships while dynamically
refining the surrogate model through inversion feedback.

Furthermore, distinct contamination source types (point, line, area)
pose unique computational efficiency challenges for pollution source
identification. While point sources dominate current research [171],
pipeline leaks represent critical line sources requiring specialized
inversion approaches [209]. Such scenarios create non-Gaussian hy-
draulic conductivity fields around conduits, compromising conventional
surrogate models [210]. To address these specific challenges, special-
ized surrogate frameworks have been developed. Zhang et al. [171]
introduced the AEdiffusion-ILUES-ARNW surrogate model. The frame-
work was applied for inversion modeling on synthetic non-Gaussian
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nevertheless, the computational process may be subject to error accu-
mulation. Zheng et al. [169] employed a CNN-based optimized OANW
surrogate  within  hybrid  frameworks  (GAN-ILUES  and
GAN-OANW-ILUES), enabling simultaneous estimation of line-source
parameters and heterogeneous conductivity. Pan et al. [211] inte-
grated DL (Simple CNN, ResNet, UNet) with DA (DREAM(zs), ESMDA,
ILUES) to identify 50 parameters of five pollution sources in rivers. UNet
achieved the highest surrogate modeling accuracy, while ILUES
demonstrated optimal performance among assimilation methods. The
UNet-ILUES framework enhanced computational efficiency by 406
times compared to river water quality model -ILUES, however, it ex-
hibits a strong dependence on data.

In summary, the transition from traditional shallow learning to deep
learning architectures represents a fundamental shift in surrogate
modeling strategies, each offering distinct trade-offs between compu-
tational efficiency, physical fidelity, and data requirements. While deep
learning models demonstrate superior capabilities in capturing high-
dimensional heterogeneity and non-linear dynamics, they often de-
mand extensive training datasets compared to traditional methods. To
provide a clear framework for method selection, Table 3 presents a
systematic classification and critical comparison of these surrogate
paradigms, evaluating their underlying mapping mechanisms (data
type), specific advantages, inherent limitations, and optimal applica-
bility scenarios in organic pollutant source identification.

In summary, this section addressed key innovations in characterizing
non-Gaussian parameter fields and accelerating computations via sur-
rogate models. However, the practical implementation of these strate-
gies relies on the continuous evolution of underlying algorithms.
Consequently, Section 4 will critically examine the progression of
inversion methodologies from traditional optimization to physics-
informed learning, demonstrating how these algorithmic advances
specifically tackle the complex hydrogeological challenges identified
above.

4. ML-based inversion algorithm evolution

4.1. Optimization-based approaches

hydraulic conductivity fields with line-source contamination, Optimization-based source identification methods determine
Table 3
Critical comparison of surrogate modeling in organic pollutant source identification.
Category Model Data type Advantages Limitations Optimal Applicability
Traditional SVM, RF, MLP, Point Extremely fast to build with Performance degrades rapidly as parameter Low-dimensional inversion;
Shallow Kriging, ANN, small datasets; count increases; Homogeneous or simple
Learning AKSM Easy to implement and integrate ~ Cannot capture complex spatial heterogeneity. heterogeneous aquifers;
with standard optimization Scenarios with very limited training
algorithms; data.
Robust for linear or weakly non-
linear problems.
DL CNN, DCN, Point/ Overcomes the curse of Requires massive amounts of high-fidelity High-dimensional parameter
RDCNN, Image dimensionality; captures simulation data for training; estimation; Non-Gaussian
DBNN, intricate spatial connectivity and  Incurs significantly longer training times; heterogeneous fields; Complex
FNN heterogeneity; Deep architectures prone to overfitting. spatial pattern reconstruction.
GAN, VAE, Image Automatically extracts high-level
UNet, ResNet features without manual
engineering.
DL TCN, LSTM Sequence/ Exhibits better generalization Can incur higher computational costs during Identification of time-varying
Image capabilities for time-varying inference due to high frequency of time-step release histories; Dynamic
systems compared to static CNN;  predictions; monitoring data assimilation; Real-
Effective for reconstructing Standard RNN may suffer from vanishing time forecasting.
contaminant release history from  gradients in long sequences.
time-series concentration data.
Physics- TgFCNN Image Ensures mass conservation and Integrating PDE residuals complicates the loss Scenarios with sparse monitoring
Informed & plausible geological realism, landscape, potentially leading to convergence data;
Theory- reducing “black-box” issues; Requires deep understanding of both DL Problems where physical validity is
Guided uncertainty. and numerical differentiation. non-negotiable;

Strongly non-linear reactive
transport.
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unknown contaminant source characteristics through systematic mini-
mization discrepancies between model outputs and field observations
[212]. While pioneering linear optimization methods demonstrated ef-
ficacy in characterizing pollution sources within simplified 1D
steady-state and two-dimensional (2D) transient flow systems through
linear programming and response matrix-based least-squares regression
[52], their applicability is fundamentally constrained by pervasive
nonlinearities in field conditions. Conventional nonlinear optimization
techniques frequently converge to local optima when initial parameter
estimates are suboptimal, creating significant solution limitations. To
overcome these constraints, heuristic algorithms including GA, Particle
Swarm Optimization (PSO), Grey Wolf Optimizer (GWO), and Simulated
Annealing (SA) enable global optimization, enhancing computational
robustness [41]. Nevertheless, these methods incur substantial compu-
tational costs through repeated transport simulations, and their perfor-
mance remains vulnerable to observational noise, particularly evident in
adaptive simulated annealing’s sensitivity to initialization quality. This
prompted the development of hybrid optimization frameworks that
strategically integrate global and local search mechanisms. For instance,
sequential hybrids achieve complementary advantages by refining
GA-derived solutions through local optimization, balancing conver-
gence efficiency with solution precision [213]. A sequential hybrid
framework combining simulated annealing and tabu search effectively
resolves source localization and contaminant release history recon-
struction, utilizing tabu search for spatial identification and simulated
annealing for release history reconstruction [214].

Recent methodological innovations directly confront persistent
computational bottlenecks through adaptive metaheuristics typified by
ASACO, where dynamic parameter modulation accelerates convergence
while circumventing local optima [172]. Differential evolution (DE)
algorithms frame the source inversion as an optimization problem,
minimizing the sum of squared errors between observed and predicted
contaminant concentrations to estimate source parameters including
location, mass flux, and release timing [215]. When facing critical lim-
itations, including exponential = computational scaling in
high-dimensional spaces, local optima convergence, and intensive
simulation requirements, these challenges are now overcome through
surrogate-optimization frameworks. The Multiverse Optimization
(MVO) algorithm excels at balancing parameter space exploration and
convergence to optimal solutions, proving particularly valuable for
complex nonlinear relationships in datasets [216]. DL surrogates like
entity-aware sequential long short-term memory (EAS-LSTM) networks
coupled with MVO achieve over 1000 times speed up while accurately
identifying release rates and transport parameters [216].

4.2. Stochastic-based approaches

Stochastic-based approaches analyze large sample sets to charac-
terize distribution patterns and quantify measurement uncertainty.
Rooted in probability theory, these methods construct prior distribu-
tions from existing data and update posteriors via observations, enabling
contaminant source inversion. Critically, they explicitly quantify un-
certainty in inversion results [217]. Probabilistic frameworks further
advanced methodological rigor. The backward probability method
introduced backward location and travel-time probabilities to identify
potential prior source locations and release timing, respectively [218].
Recent innovations include multi-probability-density-function integra-
tion for identifying multiple sources under complex hydrogeological
conditions involving 3D transient variably saturated flow [219], and
vectorized models resolving anomalous transport in arbitrarily HA
[220].

However, the aforementioned probabilistic frameworks often fail to
adequately characterize spatial correlations in heterogeneous media,
thereby increasing error probability. To address this structural limita-
tion. Geostatistical (GS) approaches were introduced, offering signifi-
cant advantages by explicitly modeling spatial dependence, offering
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significant advantages by explicitly modeling spatial dependence. The
fundamental GS method assumes the unknown source function is a
random variable with a known structural form but unknown correlation
parameters; identification is achieved by maximizing the likelihood
function while strictly preserving this assumed correlation structure
[221]. While early applications demonstrated efficacy in simplified
systems, such as river pollution with linear attenuation [222], scaling
these methods to complex subsurface heterogeneity presented signifi-
cant challenges. To resolve source identification in two-dimensional
non-uniform flow fields, Butera et al. [223] developed an innovative
geostatistical methodology for simultaneous reconstruction of contam-
inant source locations and release histories in 2D non-uniform flow
fields, this approach delineates suspect source zones, inverts release
functions for all potential sources using GS, and ultimately identifies
source locations as subdomains exhibiting maximum cumulative
contaminant mass release. Subsequent research sought to enhance
robustness through hybrid frameworks, for instance, Gzyl et al. [224]
combined pumping tests, particle backtracking, and quasi-linear GS.
However, a critical limitation of this multi-step approach is its depen-
dence on approximate source locations for initialization, limiting its
utility in scenarios with no prior information. Most recently, capturing
high-dimensional geological realism has become the focal point. Park
[225] incorporated manifold embedding a non-Euclidean technique into
GS inversion. Crucially, this advanced formulation generates broader
ensembles of geologically plausible models than traditional Kalman
filtering (KF), significantly enhancing spatial stability by ensuring all
models maintain hydraulically equivalent responses.

While this GS approach advances geological plausibility and spatial
stability, it retains limitations in systematically quantifying compre-
hensive uncertainty, Bayesian inference provides a theoretical frame-
work for quantifying uncertainties in heterogeneous media modeling by
treating parameters as random variables and deriving posterior distri-
butions through prior-data integration. This approach delivers optimal
parameter estimates with uncertainty quantification [226]. Early ap-
plications to groundwater contaminant source identification were
restricted to 1D steady-state flows with single point sources, failing to
ensure non-negative concentrations [227]. To overcome these physical
and dimensional constraints, subsequent research significantly
expanded the framework’s applicability. Subsequent advances include:
(i) Hierarchical Bayesian methods for inverse advection-diffusion
equations (ADE) in heterogeneous media [228]; (ii) Transient source
characterization (location, release time, intensity [229]) extended to
field scales [230]; (iii) To develop an efficient Bayesian framework for
jointly inferring a scalar field and its hyperparameters [186]; (iv)
Bayesian hybrid kernel extreme learning machine (BHK-ELM) to capture
DNAPLs source-transport—distribution relationships in
high-probability-density regions [191].

A key enabler of the previous Bayesian advancements lies in the
evolution of stochastic sampling techniques, which are indispensable for
numerical posterior inference especially in subsurface systems charac-
terized by high dimensionality and large inherent uncertainty. To
accommodate the large uncertainty of subsurface media, initial reliance
on techniques like MRE and Generalized Likelihood Uncertainty Esti-
mation (GLUE) gave way to MCMC [231] and filtering techniques [56]
as the dominant paradigm. However, Single-chain MCMC methods,
including Metropolis-Hastings (MH) [202] and Delay Rejection Adap-
tive Metropolis (DRAM) [232] frequently exhibited inadequate
randomness propagation through complex posterior distributions,
leading to convergence uncertainties. This limitation has driven wide-
spread adoption of multi-chain stochastic frameworks, where algo-
rithms such as Differential Evolution Markov Chain (DEMC) [233] and
differential evolution adaptive metropolis (DREAM(zs)) [232,234] uti-
lize parallel interacting Markov chains to enhance random exploration
efficiency in high-dimensional parameter spaces. The persistent
computational intensity of rigorous stochastic sampling demands inno-
vative frameworks that preserve probabilistic integrity while
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accelerating convergence. This limitation catalyzes the emergence of
multilevel MCMC as an efficient framework, which optimizes the sto-
chastic exploration process through hierarchical resource allocation,
algorithmic improvements such as multilevel Monte Carlo (MC) [235].
Similarly inspired by these algorithmic advances, inspired by these
algorithmic advances, the multilevel GLUE method employs
multi-resolution spatial discretization for distributed models. It reduces
high-resolution model runs, easing computational and time burdens for
inversion [236].

Besides the above-discussed stochastic sampling techniques, filtering
methods also serve as a core implementation pathway for posterior
inference and among these, the EnKF has gained prominent application
in subsurface systems. The EnKF effectively estimates multiple param-
eters (e.g., hydraulic conductivity and dispersivity) in large-scale
nonlinear inverse problems [237]. However, standard EnKF and
related Ensemble Smoothers (ES-MDA) face two critical bottlenecks:
their recursive updating requires repeated simulation restarts, incurring
prohibitive computational costs, and their applicability is fundamentally
constrained by inherent Gaussian assumptions. To specifically overcome
this Gaussian limitation and accurately represent complex subsurface
heterogeneity. Hybrid strategies extend ES-MDA with multiple-point
statistics [238]. These methods have evolved into the direct
sampling-ensemble smoother (ES-DS) and ES-MDA-DS to better preserve
geological structures while reducing computational costs [138,239],
with demonstrated benefits for DNAPLs source characterization [33].
Further addressing the complexity of variable-density flows where
density differences between contaminants and groundwater signifi-
cantly alter transport pathways recent research has targeted the chal-
lenge of identifying multiple sources in 3D heterogeneous aquifers. To
mitigate the spurious correlations inherent in such high-dimensional
inversions, a novel inversion method based on Ensemble Smoothing
with clustering-based covariance localization was proposed. This
approach not only improved identification accuracy but also provided
the critical insight that, contrary to common simplifications,
variable-density dynamics can actually enhance the data information
content available for inversion [240]. Inspired by ES-MDA, hybrid ap-
proaches utilizing an Improved Butterfly Optimization Algorithm
(IBOA) with ES-MDA have addressed computational efficiency, accu-
racy, posterior distributions, and noise robustness for complex
contaminant transport problems [193]. Similarly, the UKS-MDA was
developed to enhance the identification of hydraulic conductivity and
contamination sources [36]. Representing a further advancement in
handling strong non-linearity, Zhang et al. [241] proposed the ILUES.
This framework is distinguished by its capability to resolve both unim-
odal and multimodal problems, successfully achieving the simultaneous
identification of contaminant source characteristics and model param-
eters. In parallel, Filtering techniques (e.g., KF [202], particle filter (PF)
[56]) offer a robust alternative for fundamentally non-linear and
non-Gaussian systems where Kalman-based methods often struggle.
However, despite their theoretical advantages, PF face significant
challenges regarding computational efficiency and generalizability.
While innovations such as ensemble learning frameworks and swarm
evolutionary algorithms attempt to balance robustness with feasibility,
these trade-offs remain a persistent bottleneck [242]. To specifically
resolve these efficiency constraints, diverse intelligent variants have
been developed to enhance the traditional filtering framework. Notably,
approaches such as the Intelligent Particle Filter (IPF) [243] and
Intelligence-Enhanced Particle Filter (IEPF) [56] have successfully
achieved the simultaneous identification of source characteristics and
model parameters with significantly reduced computational costs.

In conclusion, stochastic frameworks are indispensable for quanti-
fying uncertainty in heterogeneous aquifers, yet they necessitate a
strategic balance between computational efficiency and the rigor of
posterior inference. The evolution from traditional geostatistical
methods to advanced Bayesian sampling and ensemble filtering reflects
a continuous effort to resolve the tension between high-dimensional
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geological realism and algorithmic cost. To facilitate method selection
under varying hydrogeological complexities, Table 4 provides a critical
classification and performance assessment of these stochastic para-
digms, summarizing their core mechanisms, comparative advantages,
limitations, and optimal application scenarios.

4.3. Physics-informed inversion approaches

The governing equations for groundwater contaminant transport,
typically the advection-diffusion-reaction equation (ADRE), provide the
mathematical foundation for inverse source identification. To relate
observed contaminant concentrations to unknown source parameters
such as location and release history, these equations are reformulated as
integral equations or ill-posed linear inverse operators. However,
inferring source characteristics from limited concentration measure-
ments constitutes an inherently ill-posed inverse problem. This condi-
tion frequently leads to solution non-uniqueness. To overcome such
constraints, PINN have emerged as a mesh-free DL framework [244]. By
leveraging automatic differentiation instead of predefined basis func-
tions, PINN directly embed governing equations into neural network loss
functions. This approach solves both forward problems and inverse
problems without domain discretization [245].

Despite these advances, Standard PINN formulations struggle to
resolve the inherent nonlinear dynamics and coupled boundary condi-
tions in such systems [246,247]. To address these limitations, recent
work has progressed in three directions focused on enhancing model
representation and computational efficiency. First, parameter field
representation has been enhanced to handle heterogeneity. Frameworks
like physics-informed ML with conditional Karhunen-Loéve expansion
(PICKLE) and PI-CKL-NN effectively handle heterogeneous parameters
and nonlinear coupling [248], while power series-expanded PINN
address variable-coefficient fractional ADE in multidimensional do-
mains [249]. Complementing this, the Theory-guided Neural Network
constrained with geostatistical information introduces a dual-network
architecture that simultaneously approximates random model parame-
ters and solution fields. By honoring prior geostatistical information,
this approach achieves robust identification even under conditions of
sparse spatial measurements or imprecise prior statistics [250]. Second,
inverse problem capabilities have been strengthened via hybrid and
efficient strategies. Zhan et al. [251] augment PINN with LASSO
regression and sequential optimization to address sparse data scenarios,
enabling robust PDE identification, while Hou et al. [71] develop hybrid
PINN incorporating locally adaptive residual networks and dynamic
sampling strategies, which simultaneously learn diffusion coefficients
and dynamically correct transport models. Inverse problem capabilities
have been strengthened; specifically, incorporating pre-training strate-
gies and domain decomposition methods has proven effective in
significantly enhancing training efficiency and convergence stability,
even for nonlinear adsorption models [252]. To further resolve the
computational bottleneck of modeling coupled flow and reactive
transport, the  Multi-Physics  Generative  Pre-trained PINN
(MP-GPT-PINN) introduces a meta-learning framework with a parallel
dual-network architecture. By building a compact library of solutions to
avoid costly retraining, this approach accelerates online predictions by
four orders of magnitude, making large-scale parameter inversion
feasible [253]. Third, noise resistance and interpretability have been
enhanced. Beyond RBF-activated PINN [254] and Bayesian uncertainty
quantification, improving robustness under highly noisy and nonlinear
conditions [255], framework interpretability in sparse monitoring sce-
narios has been advanced by explicitly embedding hydraulic and con-
centration gradients as physical features; this approach has been
validated in field-based industrial cases to maintain robust source
localization against irregular sampling [256].

Beyond algorithmic improvements, a critical bottleneck remains in
the physical fidelity of the models, as standard PINN applications often
simplify the governing physics to the advection-diffusion equation while
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Table 4
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Critical classification and performance assessment of stochastic-based approaches for organic pollutant source identification.

Category Model Core Mechanism Advantages Limitations Optimal Scenario

Geostatistical & Backward Spatial Dependence Manifold methods generate Often requires approximate Scenarios with prior knowledge
Probabilistic Probability, Modeling: Infers sources by hydraulically equivalent and source locations for of source zones; Complex

Quasi-linear GS, maximizing likelihood while  geologically plausible models initialization. geological fields requiring strict
Manifold strictly preserving spatial structural preservation.
Embedding GS correlation structures.
Bayesian MCMC MH, DRAM, Uses Markov chains to The theoretical benchmark for The computational cost of Studies dependent on
Sampling DREAM, ML- rigorously explore the full quantifying parameter and complex 3D models is comprehensive uncertainty
MCMC parameter space and derive predictive uncertainty; Multi- prohibitively high; Single-chain  characterization; Problems with
posterior distributions via chain methods effectively avoid =~ methods struggle with complex,  high inherent uncertainty but
prior-data integration. local optima in high- multimodal distributions. manageable model runtimes.
dimensional spaces.

Models suitable EnKF, Updates an ensemble of Handles large-scale inversion Performance degrades Large-scale, high-dimensional
for Gaussian ES-MDA, models by minimizing orders of magnitude faster than  significantly in non-Gaussian industrial applications;
assumptions ES-DS variance based on the linear MCMC; Naturally suited for fields; High degrees of freedom  Problems where the Gaussian

covariance matrix between high-performance parallel lead to false correlations. assumption is approximately
parameters and data. computing. valid.

Models suitable ILUES, Employs local ensemble Multimodal Resolution: ILUES Standard PF is computationally ~ Strongly heterogeneous
for Non- IEPF approximation or particle effectively resolves multimodal  heavier than EnKF; ILUES aquifers; Scenarios with
Gaussian resampling/weighting to posterior distributions; Handles ~ requires careful tuning of local multiple, distinct potential

resolve complex non-

highly non-linear kinetics

domains.

source configuration.

Gaussian posterior
distributions.

better than EnKF.

neglecting reactive decay terms [257]. To surmount this barrier and
address the complexity of reactive transport, the PH-PINN framework
successfully integrates physical constraints with the PHREEQC
geochemical module. Validated using field monitoring data from the
Datong Basin, this approach explicitly captures multi-pathway reaction
networks (e.g., iron-sulfur-carbon-nitrogen cycles) driving arsenic
mobilization, significantly outperforming traditional PINNs by
capturing non-stationary dynamics and reducing RMSE by over 50%
[258]. Taking this a step further to target structural uncertainty where
the governing mechanism itself is ambiguous, the Theory-guided U-net
(TgU-net) models three potential equilibrium sorption isotherm types (i.
e., Linear, Freundlich, and Langmuir) through a single surrogate. This
framework demonstrates the feasibility of learning a cluster of equa-
tions, though it exhibits sensitivity to data availability and observational
noise [259]. For scenarios where the functional form is entirely un-
known, the Finite Volume Neural Network merges numerical methods
with deep learning to learn arbitrary constitutive relations. Applied to
diffusion-sorption problems, this approach flexibly models sorption
isotherms without being restricted to predefined parametric models,
outperforming calibrated PDE-based models in generalization across
varying boundary conditions [260].

Finally, addressing optimization and uncertainty challenges, the
recently proposed Time-Space Bayesian PINN (TSBPINN) offers a sig-
nificant methodological advance. Unlike traditional PINN that often

suffer from loss imbalance and convergence to local minima, TSBPINN
employs a two-stage Bayesian strategy that facilitates the stable propa-
gation of physical constraints. This design has demonstrated superior
accuracy in locating pollutant sources and estimating initial concen-
trations, even under high sensor noise levels (up to 25%), while
providing credible intervals that appropriately reflect increased uncer-
tainty [261]. However, the current framework is limited to 1D synthetic
scenarios with idealized boundaries, and its reliance on Gaussian as-
sumptions may fail to capture heavy-tailed errors inherent in field data.
Consequently, future research must prioritize extending such methods to
3D heterogeneous aquifers and addressing the irregular, sparse moni-
toring networks typical of real-world sites.

In conclusion, while deep learning accelerates inversion by bypass-
ing repetitive simulations, its “black-box” nature and data dependency
often compromise physical consistency. Physics-informed learning at-
tempts to mitigate this but introduces new optimization challenges.
Table 5 critically summarizes different PINN frameworks, clarifying
their trade-offs in computational efficiency, physical fidelity, and data
requirements to guide model selection in complex groundwater-related
scenarios.

4.4. Hybrid methods

Traditional single-method approaches prove inadequate for
Table 5
Comparative of physics-informed inversion frameworks.
Problem Focus Specific Frameworks Advantages Limitations Optimal Scenario

Heterogeneity PICKLE, PI-CKL-NN, Effectively handles heterogeneous
Representation Geostat-Constrained parameters coupled with nonlinear
TgNN, Power-Series dynamics; Robust identification with sparse
PINN measurements by honoring prior statistic
Computational MP-GPT-PINN, Hybrid MP-GPT-PINN accelerates online predictions
Efficiency PINN by 4 orders of magnitude; Domain

decomposition stabilizes training for stiff

nonlinear adsorption.
Reactive Fidelity PH-PINN, TgU-net,
Finite Volume NN

relations without predefined forms.

Captures multi-pathway cycles, reducing
RMSE by > 50%; FVNN models arbitrary

Computational cost explodes with the
number of stochastic dimensions

High-dimensional
heterogeneous aquifers;
Scenarios with reliable
geological prior statistics
Large-scale inversion requiring
real-time results; Stiff nonlinear
problems

Meta-learning requires complex offline pre-
training phases; Accuracy depends on the
pre-built library’s coverage.

Coupling stiff geochemical solvers with NN
backpropagation is prone to instability;
Learning constitutive laws is highly sensitive

Contaminants driven by
complex multi-component
reactions; Unknown sorption

to noise. mechanisms
Uncertainty & TSBPINN, Gradient- TSBPINN remains accurate under 25% sensor ~ Bayesian frameworks (TSBPINN) currently Field sites with high
Robustness PINN, noise; Gradient embedding improves physical ~ limited to 1D synthetic scenarios; Relianceon = measurement noise or irregular
RBF-PINN consistency in sparse networks. Gaussian assumptions may fail for heavy- sampling.

tailed field data.
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inverting organic contaminant sources in heterogeneous aquifers.
Optimization algorithms exhibit excessive initial-value dependency and
frequent convergence to local optima. Stochastic methods require pro-
hibitively high computational costs to achieve statistical significance.
PINN constrained by homogeneity assumptions, fail to resolve highly
nonlinear dynamics. These collective limitations induce substantial er-
rors in reconstructing contaminant source parameters (locations, release
histories, and intensities), which inhibits the accurate inversion of
organic contaminant sources in heterogeneous aquifers.

Currently, the methods for identifying contamination sources mainly
fall into three distinct categories: simulation optimization, Bayesian
inference, and DA. Each method has its own advantages and disadvan-
tages under specific site conditions. To navigate these challenges and
establish a selection baseline, a recent comparative study systematically
evaluated three representative algorithms—IBOA for deterministic
simulation-optimization, the ES-MDA for DA, and the DiffeRential
Evolution Adaptive Metropolis with a Snooker Update and Sampling
from a Past Archive (DREAM(zs)) for Bayesian inference- across sce-
narios involving conservative solute transport and LNAPLs transport
with biodegradation, This critical evaluation reveals distinct trade-offs
between computational efficiency and posterior reliability. Results
indicate that while ES-MDA achieves the shortest elapsed time, making
it suitable for rapid preliminary assessments, it exhibits significant de-
viations in source location estimation under high uncertainty.
Conversely, DREAMzs) demonstrates superior accuracy and robustness
against observational noise, successfully capturing complex posterior
distributions. Crucially, the study highlights a fundamental limitation of
deterministic optimization: unlike ES-MDA and DREAM(zs), IBOA fails
to quantify uncertainty, rendering it unsuitable for high-risk decision-
making in heterogeneous aquifers despite its algorithmic simplicity.
Consequently, a strategic framework suggests employing ES-MDA for
efficiency-driven tasks and DREAM(zs) when maximizing posterior
coverage and accuracy is paramount [193].

To transcend these individual limitations and leverage synergistic
benefits, hybrid methodologies have evolved along three distinct tech-
nical pathways. The first pathway involves fusing stochastic and opti-
mization methods, such as the integration of MH algorithms with KF
[202], particle swarm optimization-MC hybrids [262],the coupling of
EnKF and ant colony optimization (ACO) to reduce parameter uncer-
tainty [263]. More recent innovations include the IPF, which approxi-
mates distributions via adaptive particle weighting but remains prone to
local optima. Improvements such as IBOA-directed update [243], and
IEPF with Bayesian-guided GA enhance convergence and robustness
[56]. The second pathway emphasizes the integration of DL with
traditional modeling framework. More recent studies have advanced
physics-informed architectures, such as PINN with locally adaptive re-
sidual learning, which reduce parameter estimation errors to below 1%
[71], and transformer encoder-global average pooling, which com-
presses features via attention mechanisms while noise-injection
augmentation with SHAP-based interpretability enhances robustness
and transparency [212]. In parallel, deep generative models have been
coupled with groundwater simulators; for instance, conditional GAN
integrated with MODFLOW-MT3DMS enable multi-source contaminant
identification [64]. The third pathway centers on global-local refine-
ment through combinatorial frameworks, such as the fusion of EnKF and
IBOA [41], ASACO-EnKF for simultaneous source-parameter inversion
[172]. Subsequent advances include covariance matrix adaptation
evolution strategy accelerates global search but introduces Bayesian
deviations [264]. To resolve these limitations, BHK-ELM embeds
sensitivity-related dynamic swarm intelligence within a PSO framework,
resolving equivalence issues and premature convergence in multimodal
searches while enhancing inversion accuracy and computational effi-
ciency [191].

In conclusion, while single algorithms have specific merits, complex
hydrogeological scenarios often necessitate hybrid architectures to
synergize computational speed with physical rigor. However, these
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combinations increase structural complexity and tuning demands.
Table 6 provides a comprehensive taxonomy of these core data-driven
algorithms, summarizing their inductive mechanisms, applicable data
types, and key characteristics. This classification serves as a founda-
tional reference for constructing tailored inversion frameworks.

5. Limitations of ML-based organic pollution identification

5.1. Algorithmic limitations in computational efficiency and
interpretability

Identifying OPS in HA faces two core limitations: computational
inefficiency and limited model interpretability. Computational in-
efficiency arises from the high-dimensional, nonlinear nature of pollu-
tion datasets: environmental pollution is typically complex, and it can
include hundreds of organic contaminants potentially coexisting within
a single polluted area [266], and extracting robust features often re-
quires repeated iterative training [45]. Compounding this challenge,
modeling heterogeneous aquifer structures via stochastic generation
techniques requires fusing geophysical data, borehole data, and hydro-
logical observation data. Surrogate-based inversions can reduce runtime
but typically fail to provide reliable parameter estimates under complex
structures and boundary conditions [267]. Moreover, many frameworks
rely on stationarity assumptions that cannot capture complex spatial
patterns and non-stationary behaviors [268], while achieving different
inversion objectives typically requires distinct ML models. The process
of selecting and adjusting these models is time-consuming, and the poor
adaptability of the algorithms and models reduces the efficiency gains
from ML and DL techniques [269].

ML models are often regarded as “black boxes” because of their
limited interpretability and lack of transparent decision-making pro-
cesses (Fig. 5). This hinders the identification of OPS, as evaluating the
importance of individual features and their interactions becomes diffi-
cult. For example, the nonlinear relationship between adsorption ca-
pacity and multiple influencing factors adds complexity to the analysis
[270]. Furthermore, identifying pollution sources is hindered because
pollutant distribution depends on various factors and their interactions
within the source-flow-sink process. Several interpretability tools have
been introduced but remain limited. Geographical detectors can reveal
coupling effects but generally capture only simple additive interactions
[271]. Similarly, post-hoc interpretation methods such as SHAP and
local interpretable model-agnostic explanations (LIME) are mainly
designed for straightforward classification or regression tasks and pro-
vide limited insights into complex hydrogeological processes [272].
Recent advancements have successfully repurposed these tools from
passive explanation to active sampling guidance. To overcome data
sparsity, Wang et al. [273] proposed a SHAP-Guided Two-stage Sam-
pling method, which successfully obtains a more precise and robust
hydraulic conductivity field compared to conventional random sam-
pling. Furthermore, addressing the challenge of sparse spatiotemporal
data, Zhang et al. [256] demonstrated that this approach enables the
accurate reconstruction of contaminant source location, release timing,
and intensity. Crucially, the spatiotemporal behavior of OP follows
physical laws. Most ML algorithms lack these physical constraints, often
leading to identified “interaction effects” that are spurious correlations.
Some algorithms, like PINN and TgFCNN, incorporate physical equa-
tions or constraints into their training or loss functions. But, currently
physics-informed ML models often face a dilemma: they are either
overly constrained by physics or too flexible, potentially learning
non-physical relationships [260].

5.2. Data sparsity constraints in monitoring networks
Groundwater contamination monitoring networks serve as essential

tools for tracking pollutant dispersion, groundwater level dynamics, and
toxicological-exposure risk mitigation. Machine learning offers a data-



Y. Zhang et al.

Journal of Environmental Chemical Engineering 14 (2026) 122193

Table 6
Classification and characteristic analysis of data-driven core algorithms [265].
Inductive Core Data Task Type Model Features
Feature Dominated by image data, evolving towards multi- PCA Dimensionality reduction via eigenvalue decomposition.
characterization modal data fusion CAE More suitable for high-dimensional problems than PCA.
CVAE More applicable to the characterization of non-Gaussian geological
structures than CAE.
AAE Suitable for the characterization of non-Gaussian geological structures.
Forward prediction Image data and sequential data CNN Establishes mapping relationships among high-dimensional data.
ResNet Achieves higher prediction accuracy than CNN.
U-Net Network architecture enhances prediction accuracy.
LSTM Applicable to the prediction of sequential data.
GRU Shorter training time compared with LSTM.
Tansformer High prediction accuracy and computational efficiency.
Inversion simulation Integration of image data, sequential data and Optimization Simple implementation, but computationally inefficient.
optimization problems algorithm

Stochastic algorithm
DA (DL)

Mechanism
exploration

Image data and sequential data

PINN
TGNN

Effective for inversion in Gaussian fields.

Superior for inversion in non-Gaussian or complex heterogeneous
fields.

Improves the physical interpretability and accuracy of meshes.
Overcomes the high-dimensional sampling challenge of PINN.
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Fig. 5. Dynamic interplay between computational efficiency and model
interpretability.

driven approach to optimizing these networks, with promising potential
for broad application. However, machine learning has the following
limitations: a strong dependence on the quality and scale of monitoring
data, limited adaptability to complex contamination scenarios, and
insufficient consideration of dynamic hydrogeological processes.

The machine learning algorithms relies heavily on prior knowledge
of contamination, high-quality monitoring data, and robust stochastic
simulations. Most machine learning models require known or assumed
contamination sources and tend to be constrained to areas with minimal
observational coverage [126]. In regions where pollution sources are
unknown, such as cases involving concealed or illegal discharges, or
where historical data are lacking, the resulting optimized monitoring
networks are subject to significant uncertainty. Existing monitoring
wells are often hydrologically unrepresentative, for instance, many wells
are constructed by farmers primarily for agricultural use, leading to
spatial clustering in farmland areas [274]. Moreover, critical structural
details of these wells are frequently missing, making it difficult to cap-
ture vertical heterogeneity in the saturated zone. This limitation may
cause models to overlook the vertical distribution of contaminants. In
many studies, observed contamination data are simplified into binary
classifications [275]. Expanding to multi-class or continuous classifica-
tions (e.g., concentration gradients) would require substantially larger
datasets. However, sample size limitations often preclude such ap-
proaches. Additionally, biases or noise in monitoring data can propagate
through stochastic simulations, thereby constraining the predictive ac-
curacy of machine learning-based optimization frameworks.

Moreover, to the best of our knowledge, current studies on hydro-
logical monitoring network optimization are mainly designed for single
contaminants (e.g., heavy metals) and specific site conditions (e.g.,
landfill settings). However, a monitoring variable also influence the
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evolution of others through coupled physico-chemical processes in real-
world hydrological processes [276]. Barcellos and Souza [277] analyzed
6328 water quality observations collected between 1971 and 2021 from
35 stations across 27 watersheds in Brazil, covering 60 water quality
parameters. The results indicate that the inclusion of a greater number of
monitoring parameters enables the identification of more complex and
informative association patterns, offering valuable insights for the
optimization of water quality monitoring strategies. When applied to
regions affected by multiple contaminants (e.g., heavy metals and
organic compounds) and diverse pollution sources (e.g., industrial fa-
cilities and agricultural land), the transport behavior of pollutants be-
comes substantially more complex [1]. This complexity necessitates the
support of multiple machine learning models and shifts the focus away
from a single optimization objective, thereby increasing the overall
complexity of machine learning applications in monitoring network
design [278].

At present, most existing studies on monitoring network optimiza-
tion assume of steady-state contamination scenarios and are typically
conducted under fixed boundary conditions in terms of temporal se-
quences and spatial domains. However, changes in precipitation pat-
terns driven by climate change are expected to intensify both the
infiltration depth and spatial extent of surface runoff, thereby altering
pollutant transport dynamics [279]. Intra-annual seasonal variability
directly affects contaminant migration pathways and the timing of
concentration peaks, while interannual hydrological cycles can shift
aquifer hydraulic gradients, leading to year-to-year variations in plume
dispersion rates [280]. How to effectively incorporate such dynamic
environmental and boundary conditions into the design of optimized
monitoring networks remains an open and pressing research question.

5.3. Uncertainty analysis in pollution source identification and
assessment

Identifying OPS in complex HA is inherently uncertain due to data
scarcity and aquifer complexity. Data scarcity and observational errors
contribute to data uncertainty, while conceptual simplifications of
physical processes lead to structural uncertainty in models. Addition-
ally, temporal variability in pollution sources introduces uncertainty in
source term characterization [281]. These uncertainties accumulate and
propagate through the system, consequently causing significant errors
or failure in contaminant source inversion (Fig. 6).

Sparse monitoring data may miss localized high-pollution areas,
while short-term sampling often fails to capture the periodic evolution of
OP. Additionally, collected data can contain outliers, noise, and other
biases due to natural environmental interference [282]. When applying
algorithms such as CNN, LSTM, Transformer, or GNN to fuse such
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Fig. 6. Multi-dimensional uncertainty hierarchical framework.

multi-source heterogeneous data, critical low-dimensional features may
be underrepresented. This can lead to overfitting and amplify result
uncertainties. Furthermore, a lack of unified evaluation standards makes
it difficult to assess result reliability. To establish a rigorous comparison
baseline, a standardized set of validation metrics is urgently needed.
This framework should extend beyond simple error statistics to include
uncertainty reduction for quantifying information gain, posterior
coverage for verifying the statistical validity of confidence intervals,
noise resistance for testing model robustness under realistic measure-
ment errors, and convergence characteristics for evaluating computa-
tional efficiency.

To rigorously address these uncertainties and reconstruct contami-
nant plumes from such limited data, stochastic inversion frameworks are
essential [283]. However, traditional approaches face distinct chal-
lenges. Both MCMC and PF methods encounter significant efficiency
bottlenecks in high-dimensional systems. If the proposal distribution is
not well-tuned, MCMC often exhibits high autocorrelation, significantly
reducing sample generation efficiency [232], while PF tend to suffer
from rapid degeneracy and collapse. Consequently, their efficiency is
often inferior to Gaussian-based approaches in computationally con-
strained systems [154]. Among these Gaussian-based approaches, the
EnKF, a Monte Carlo implementation of the KF successfully overcomes
difficulties associated with covariance estimation in nonlinear state
transfer functions. However, its standard formulation requires modifi-
cation to correctly characterize non-Gaussian parameters [284], and its
inherent reliance on Gaussian assumptions limits its robustness [155].
Although recent studies propose using DL to construct nonlinear map-
pings as a substitute for the Kalman gain matrix to overcome Gaussian
limitations [285,286], this introduces a substantial computational
burden. The selection of DL structures is often subjective, and the
hyperparameter tuning process is extremely time-consuming, rendering
it inefficient for practical applications [211]. In contrast, while the
batch-form ES-MDA achieves higher computational efficiency [287], it
remains limited in non-Gaussian scenarios as a Kalman-based method.
While it offers some tolerance to mild violations of Gaussian assump-
tions, this can conversely introduce sampling errors [288]. To address
the vulnerability of EnKF and ES in non-Gaussian settings, ILUES is
capable of handling complex multi-modal distributions without relying
on auxiliary clustering algorithms. Crucially, the algorithm effectively
quantifies parameter uncertainty in complex hydrological models,
irrespective of the presence of multi-modal distributions [169,241].
However, focusing solely on parameter estimation within a single model
framework is insufficient, such approaches still fail to resolve complex
system mechanisms. Neglecting nonlinear interactions induces struc-
tural uncertainty that parameter calibration cannot fully compensate
[289]. Moreover, reliance on single models is unreliable for pollution
source identification. For OP, parametric uncertainty is particularly se-
vere, larger uncertainty in dissolution rate relative to biodegradation
rate [290]. Consequently, reliance on single conceptual models proves
unreliable for robust pollution source identification.
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6. Prospects

ML has demonstrably advanced OPSI in HA, yet critical bottlenecks
persist. These are characterized by inadequate integration of multi-
source data, the black-box nature of ML models with limited explain-
ability, and computational inefficiency that demands accelerated algo-
rithms. Such intertwined constraints severely constrain field
applicability. To overcome these challenges, organic contaminant
source identification must be reconceptualized toward individual-level
precision, holistic systems integration, and intelligent computational
frameworks.

(1) Enhancing Data Support and Optimizing Monitoring Net-
works: A core challenge in current inversion practices is insufficient
data support. Key limitations include low integration of multi-source
data (geological, geophysical, hydrological, and chemical), con-
strained spatiotemporal representativeness of monitoring networks, and
a scarcity of dynamic data. To mitigate these issues, recent research has
introduced a multivariate network design framework that leverages
joint entropy to quantify the uncertainty of multicomponent responses.
Validated under high-noise conditions, this deep learning-accelerated
approach enables the robust fusion of heterogeneous datasets,
including hydrological measurements and geophysical survey lines,
thereby enhancing parameter estimation even when measurement ac-
curacy is limited [137]. However, despite such algorithmic advance-
ments, complete in-situ groundwater contamination datasets are also
scarce in many regions, which inevitably limits the performance of
machine learning models for OPSI. Notably, the idealized assumptions
of synthetic datasets differ inherently from real-world field data char-
acteristics (e.g., unknown parameters, sparse monitoring, and data
noise). The acquisition of in-situ monitoring data at actual sites faces
multiple practical constraints: most contaminated sites lack dense
monitoring well networks, and installing additional wells is restricted by
both objective site conditions and regulatory approval requirements,
significantly raising the difficulty of on-site sampling. Meanwhile,
high-resolution in-situ monitoring under minimal aquifer disturbance is
technically challenging in practice. Owing to the scarcity and inacces-
sibility of in-situ data, synthetic datasets have become an essential
support for OPSI model development and validation. To narrow the gap
between synthetic and real-world data, existing studies have introduced
noise into simulated data to mimic on-site monitoring errors, thus
minimizing model performance deviations from data scenario
discrepancies.

(2) ML Advances and Model Representation: Progress in ML offers
promising pathways. Embedding physical constraints from governing
equations within hybrid optimization algorithms can restrict solution
spaces and enhance realism. Meanwhile, deep generative models (e.g.,
GAN, VAE, latent diffusion) show strong potential for capturing het-
erogeneous geological structures and simulating multi-process in-
teractions, yet they must be integrated into physics-informed
frameworks to avoid physically irrelevant outputs. Finally, ensemble
data assimilation techniques, widely applied in hydrogeology, require
rigorous optimization. Careful hyperparameter tuning is essential to
sustain their performance under strong nonlinearity and to enhance
their feature extraction capacity.

(3) Interpretable High-Efficiency ML: The inherent “black-box”
nature of ML models critically impedes interpretability of inversion
outcomes, particularly compromising reliability in organic contaminant
source identification involving complex biogeochemical processes. To
address this, future research must develop interpretable, high-efficiency
ML frameworks. Physics-informed DL (PIDL) should embed
contaminant-specific mechanisms (e.g., Monod kinetics) to constrain
inversion outputs with physicochemical principles, avoiding purely
data-driven misinterpretations. Additionally, interpretable ML models
must reveal causal relationships, such as electron acceptor gradients and
microbial community dynamics, rather than relying on mere statistical
correlations [63]. When applying post hoc tools like SHAP and LIME,
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feature contributions must be contextualized within spatiotemporal
evolution patterns of organic contaminants (e.g., plume zoning) to
mitigate errors from overlooked biochemical couplings [290]. Imple-
menting these interpretability frameworks demands substantial
computational resources for large-scale or high-dimensional organic
contaminant scenarios. Looking ahead, emerging paradigms like quan-
tum computing present a transformative potential for specific bottle-
necks. Theoretical studies indicate that quantum computing-integrated
optimization algorithms can achieve faster and more accurate contam-
inant source identification [291], while quantum-enhanced models
demonstrate superior stability and cost-efficiency over baseline models
[292]. Notably, for highly heterogeneous media such as fractured sys-
tems, quantum algorithms offer significant speedups in solving linear
systems and provide “free” uncertainty quantification by reducing the
computational cost of ensemble simulations to that of a single realiza-
tion. However, the direct application of quantum computing currently
faces significant hurdles due to hardware limitations and the scarcity of
specialized algorithms. Consequently, its utility remains largely
restricted to theoretical verification, with fault-tolerant implementa-
tions for practical hydrogeological problems projected as a decade-long
objective rather than an immediate solution [293].

(4) Uncertainty Quantification Analysis : The inversion of
organic contaminant sources is challenged by coupled uncertainties
stemming from geological heterogeneity, ambiguity in source localiza-
tion, sparse and noisy measurements, and incomplete aquifer charac-
terization—factors that collectively undermine the reliability of
inversion outcomes. To address this, future research should focus on
three interconnected innovations in intelligent uncertainty quantifica-
tion. First, advancing stochastic inversion within Bayesian frameworks,
supported by efficient sampling algorithms, will enable robust resolu-
tion of parameter-structural uncertainties. Second, leveraging ensemble
machine learning techniques to systematically compare uncertainty
propagation pathways between independent and coupled inversion
strategies through multi-stage data analysis can inform the selection of
optimal inversion frameworks. Together, these advances will reduce
systematic errors in contaminant source inversion, substantially
enhancing the reliability of pollution localization.

7. Conclusions

Deep integration of ML algorithms into OPSI within HA represents
the most accurate and efficient approach currently available. This su-
periority stems from ML’s intrinsic capability to approximate complex
non-linear mapping functions in high-dimensional spaces, effectively
capturing the intricate spatial connectivity and coupled reaction kinetics
that are often oversimplified by traditional approaches. However,
practical deployment faces significant challenges, including the high
variability of organic contaminants, non-Gaussian aquifer heterogene-
ity, data scarcity, the “black-box” nature of ML models, and high
computational complexity. Based on this review, we offer the following
practical recommendations to bridge the gap between academic
research and industrial application.

(1) The synthesis confirms that monitoring network optimization
grounded in information entropy theory is fundamental for maintaining
high robustness under high-noise conditions. By maximizing informa-
tion content, this theoretical framework serves as the critical enabler for
effective multi-source data fusion, ensuring reliable identification ac-
curacy even when data quality is compromised.

(2) Regarding surrogate modeling, a critical trade-off is established.
While image-to-image deep learning algorithms demonstrate excep-
tional precision in field reconstruction, our analysis reveals that shallow
machine learning algorithms, when hybridized with advanced optimi-
zation methods, can achieve comparable performance in source
parameter identification with significantly reduced computational costs.

(3) In the realm of stochastic inversion, Bayesian ensemble frame-
works have been identified as having the highest applicability for
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characterizing high-dimensional non-Gaussian heterogeneity. Unlike
traditional methods constrained by linearity, these integrated frame-
works effectively manage the multimodal posterior distributions
inherent in organic pollutant transport, balancing uncertainty quantifi-
cation with computational feasibility.

(4) While PINN have been widely applied to transport equations,
their integration with complex geochemical reaction kinetics remains
rare. Although PINN-based surrogates demonstrate superior physical
consistency over pure data-driven deep learning algorithms in theory,
their practical deployment in high-dimensional, strongly heterogeneous
media remains hindered by optimization convergence issues, repre-
senting a key frontier for future research.

(5) Regarding emerging paradigms, while quantum computing offers
transformative potential for solving large-scale linear systems, its im-
mediate application is constrained by hardware limitations and a scar-
city of specialized algorithms. Consequently, practical deployment in
the near term remains reliant on optimizing surrogate acceleration
within classical high-performance computing architectures, coupled
with advancements in parallel computing strategies to handle the
computational load of complex surrogate models.

In summary, this study provides a structured scientific basis for
model selection by mapping specific algorithmic strengths directly to
distinct hydrogeological challenges, ranging from characterizing non-
Gaussian heterogeneity to resolving complex reactive transport. By
delineating these boundaries, the review effectively bridges the gap
between theoretical algorithms and the practical demand for source
identification, ultimately facilitating cost-effective remediation de-
cisions and sustainable groundwater management.

Abbreviation
Abbreviation Meaning
OPS Organic Pollutant Sources
oP Organic Pollutants
OPSI Organic Pollutant Source Identification
PFAS Polyfluoroalkyl Substances
PCBs Polychlorinated Biphenyls
PAEs Phthalates
HA Heterogeneous Aquifers
PCA Principal Component Analysis
3D Three-Dimensional
CNN Convolutional Neural Networks
TPH Total Petroleum Hydrocarbon
BTEX Benzene Series
PAHs Polycyclic Aromatic Hydrocarbons
NAPLs Non-Aqueous Phase Liquids
LNAPLs Light Non-Aqueous Phase Liquids
DNAPLs Dense Non-Aqueous Phase Liquids
ML Machine Learning
DL Deep Learning
ANN Artificial Neural Networks
SVM Support Vector Machine
GAN Generative Adversarial Networks
SVR Support Vector Regression
PINN Physics-Informed Neural Networks
PIDL Physics-Informed Deep Learning
DA Data Assimilation
EnKF Ensemble Kalman Filters
ILUES Iterative Local Updating Ensemble Smoother
DRDCN Deep Residual Dense Convolutional Networks
DBNN Deep Belief Neural Networks
AKSM Adaptive Kriging Surrogate Model
RDCNN Residual Dense Convolutional Networks
DCNN Deep Convolutional Neural Network
CVAE Convolutional Variational Autoencoder
VAE Variational Autoencoders
Al Artificial Intelligence
aGNN Attention-Based Graph Neural Network
GA Genetic Algorithm
BME Bayesian Maximum Entropy
KELM Kernel Extreme Learning Machine

(continued on next page)
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(continued) (continued)
Abbreviation Meaning Abbreviation Meaning
DCGAN Deep Convolutional Generative Adversarial Network OHML One-Hot Machine Learning
MCMC Markov Chain Monte Carlo RML Random Maximum Likelihood
MIMR Maximum Information Minimum Redundancy OANW Optimized AR-Net-WL
MC Monte Carlo
ASACO Adaptive Step Length Ant Colony Optimization
KELM Kernel Extreme Learning Machine
DE Differential Evolution
SO Simulation Optimization Nomenclature
PSO Particle Swarm Optimization
GWO Grey Wolf Optimizer Symbol Parameter Unit
SA Simulated Annealing b Toid P— ——
MRE Minimum Relative Entropy 4 u ‘pressure in phase f ML73T
MVO Multiverse Optimization Pp Density of phase ML
EAS-LSTM Entity-Aware Sequential Long Short-Term Memory Hp Viscosity of phase ML T
Bi-GAN Bidirectional Generative Adversarial Network g Gravity acceleration vector LT 2
RWPTM Random Walk Particle Tracking Method Vi Actual average groundwater velocity along the x; LT!
1D One-Dimensional direction
2D Two-Dimensional Dj Principal component of the tensor of hydrodynamic /
GS Geostatistical dispersion coefficients
ES Ensemble Smoother Rreacn Accounts for concentration changes due to the (bio) m.L3
KF Kalman Filtering chemical reactions
ADE Advection-Diffusion Equations q Volume flux per unit volume of the aquifer L37!
BMARS Bagging Multivariate Adaptive Regression Splines 0 Porosity /
BHK-ELM Bayesian Hybrid Kernel Extreme Learning Machine (o4 Concentration of the n-th component in the source/ m.L3
GLUE Generalized Likelihood Uncertainty Estimation sink term
MH Metropolis-Hastings Cn Total concentration of the n-th component m-L3
DEMC Differential Evolution Markov Chain Q. Amount of adsorbate adsorbed per unit mass of mg/g
DREAM Differential Evolution Adaptive Metropolis adsorbent at adsorption equilibrium
ADRE Advection-Diffusion-Reaction Equation K Constant related to adsorption capacity in Langmuir ~ /
ES-MDA Ensemble Smoother with Multiple Data Assimilation model
PF Particle Filter Qmax Maximum adsorption capacity of sorbent mg/g
NS-EnKF Normal-Score Ensemble Kalman Filter Ce The equilibrium concentration of the solution mg/L
IES Iterative Ensemble Smoother p0<p<1) Coverage fraction /
ES Ensemble Smoother ka Adsorption rate constants /
ES-LM Ensemble Smoother Based On Levenberg-Marquardt kq Desorption rate constants /
IBOA Improved Butterfly Optimization Algorithm Co Initial adsorbate concentration in solution mg/L
UKS-MDA Unscented Kalman Smoother With Multiple Data Assimilation ka The pseudo-second-order rate constant g/
ResNet Deep Residual Network (mg-min)
IEPF Intelligence-Enhanced Particle Filter qe The adsorbate concentration in the solid phase at mg/g
PDE Partial Differential Equations time t
ODE Ordinary Differential Equations qe The adsorbate concentration in the solid phase at mg/g
TgU-net Theory-guided U-net time equilibrium
MP-GPT- Multi-Physics Generative Pre-trained PINN Ke Adsorption capacity and adsorption strength in /
PINN Freundlich model
PICKLE Physics-Informed Machine Learning with Conditional Karhunen- n Constant indicating the nonlinear magnitude of the /
LoEVe Expansion adsorption isotherm
RBF Radial Basis Functions X Summed mass fraction of solid phase exhibiting /
ACO Ant Colony Optimization linear sorption
IPF Intelligent Particle Filter Kpr Mass-averaged partition coefficient for the summed /
TE Transformer Encoder linear components
GAP Global Average Pooling (Xn1)i The mass fraction of the i-th nonlinearly sorbing /
MPS Multipoint Statistics component
EnPAT Ensemble Pattern R Gas constant kJ/
SGAN Spatial Generative Adversarial Networks (moleK)
StyleGAN Style-Based Generative Adversarial Networks T Absolute temperature K
ERT Electrical Resistivity Tomography Cs Solubility of adsorbate mg/L
SP Self-Potential Qr Total adsorption mg/kg
HT Hydraulic Tomography Kom Partition coefficient L/kg
LSTM Long Short-Term Memory Qmax.p Saturated adsorption capacity mg/kg
TSBPINN Time-Space Bayesian PINN St Sorbent concentration at time t mg/kg
NS-ES Normal Score-Ensemble Smoother So Sorbent concentration at time 0 mg/kg
ES-DS Direct Sampling-Ensemble Smoother F:, Fs and Fys The fractions of rapid, slow desorption, and very slow  /
GeoSinGAN Geological Single-Image Generative Adversarial Networks domains, respectively
DOCRN Deep Octave Convolutional Residual Dense Networks ke, ks, and kys  The kinetic constants of the three desorption h!
MLP Multilayer Perceptron domains.
RNN Recurrent Neural Network a Initial adsorption rate constant mg/
FNN Fully Connected Neural Network (g-min)
TPOT Tree-Based Pipeline Optimization Tool b Adsorption resistance constant related to surface g/mg
XGBoost Extreme Gradient Boosting coverage
RF Random Forest X The biomass concentrations M/L3
ETR Extra Trees Regressor E Electron acceptor concentrations M/L3
ARNN Autoregressive Neural Networks S Substrate concentrations M/L3
TgFCNN Theory-guided Fully Convolutional Neural Network K;, Kg The half-saturations of the substrate and electron m/L3
SHAP SHapley Additive ExPlanations acceptor respectively
LIME Local Interpretable Model-agnostic Explanations Pmax Maximum specific growth rate T!
DFML Direct Forward Machine Learning Y The biomass yield coefficient /
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(continued)
Symbol Parameter Unit
by The first-order decay coefficient 7!
1 Specific growth rate h!
Si The substrate concentration mg/L
Ks The half saturation constant mg/L
S The substrate concentration mg/L
K; The inhibition constant mg/L
Sm The maximum substrate concentration above which mg/L

growth ceases

So Initial substrate concentration mg/L
ko The zero-order reaction rate constant /
C Organic pollutants content at different times %
Co Initial organic pollutants content %
ti/2 Time required for microorganisms to degrade the d

organic pollutants content by half
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