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Abstract

Coating degradation and corrosion prediction are moving from empirical regression toward
scientific machine learning (SciML), which embeds governing equations, geometry, and
uncertainty into data-driven models. This critical review examines physics-informed neu-
ral networks (PINNs), neural operators, phase-field hybrids, graph neural networks, and
probabilistic models relevant to protective coatings and localized corrosion. The synthesis
identifies five persistent limitations: dimensionally inconsistent composite losses; incom-
plete enforcement of conservation and thermodynamic irreversibility; inadequate treatment
of anomalous transport and material memory; loss of topological information during pit
nucleation and coalescence; and weak out-of-distribution validation. The evidence is
organized by governing mechanism, physical incorporation, geometric representation,
uncertainty treatment, and validation design, and it is consolidated in a study-level compar-
ison that distinguishes experimentally demonstrated capabilities from simulation-validated
and conceptual ones across materials, coating classes, and corrosive environments. On
this basis, this paper proposes a Thermo-Fractional Graph Phase-Field Neural Operator
(TFG–PFNO) as a research framework that combines fractional memory, graph-based geom-
etry, phase-field interface evolution, metriplectic dynamics, and calibrated uncertainty. The
framework is a testable hypothesis rather than a validated model. Its principal implication
is that credible corrosion digital twins must preserve physical admissibility and propagate
uncertainty to structural risk, inspection planning, and maintenance decisions, rather than
optimize interpolation accuracy alone.

Keywords: scientific machine learning; physics-informed neural networks; protective
coatings; corrosion; phase-field modeling; neural operators; graph neural networks;
uncertainty quantification; digital twins

1. Introduction
Protective coatings delay corrosion by controlling the transport of water, oxygen, and

aggressive ions; stabilizing interfacial chemistry; and redistributing mechanical stresses.
They remain the most widely deployed corrosion-mitigation technology in atmospheric,
marine, and buried service, and their barrier, inhibitive, and sacrificial protection mecha-
nisms have been consolidated in classical accounts of anticorrosive coating science [1–3].
Their degradation is therefore not a purely surface phenomenon and cannot be represented
adequately by a single scalar such as mass loss, average corrosion rate, or maximum pit
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depth. The measured response emerges from a coupled, open, nonequilibrium system in
which ionic transport, charge transfer, water uptake, polymer relaxation, residual stress,
interfacial decohesion, localized dissolution, and fracture evolve over widely separated
length and time scales. Studies of organic coatings illustrate this coupling: physically based
equivalent-circuit analysis, neural interpretation of EIS, and unsupervised grouping of
impedance spectra all depend on the measurement model and degradation state [4–7].
Recent corrosion-oriented machine learning reviews confirm the rapid growth of data-
driven prediction, but they also show that model performance is difficult to compare across
materials, environments, sensing modalities, and validation protocols [8–12].

A useful mathematical description treats experimentally accessible quantities—potentials,
impedance spectra, thickness maps, surface images, and mass loss—as partial observations
of a distributed latent state that gathers species concentrations, electrochemical poten-
tial, coating integrity, displacement, damage, and temperature. To keep this introduction
focused on motivation and significance, the corresponding state-space formulation, its
governing operator equation, and the baseline physics-informed learning objective are
consolidated in Section 2, Equations (1)–(3) and Figure 1. The consequence matters more
than the formalism: the learning task changes from tabular regression to the inference of
fields, operators, and latent parameters that should remain causal, conservative, objective,
and dissipative.

Figure 1. Baseline reaction–diffusion PINN for corrosion modeling. Space–time coordinates, material
parameters, and environmental variables are mapped to electrochemical fields; automatic differentia-
tion generates reaction, transport, and conservation residuals. The diagram is conceptual and does
not report experimental performance.

Conventional multiphysics models provide interpretability but become expensive
to calibrate when observations are sparse, indirect, and heterogeneous. Industrial data
often combine electrochemical potentials, electrochemical impedance spectroscopy (EIS),
ultrasonic thickness measurements, surface images, environmental histories, and pointwise
mass-loss measurements. Conversely, a purely data-driven model can fit correlations
in these measurements without preserving mass balance, charge balance, positivity, or
the monotonic evolution of irreversible variables. Random train–test splits can further
exaggerate performance when measurements from the same specimen, asset, coating batch,
or exposure campaign appear in both sets [13–15].

Neural differential equation solvers predate the modern PINN formulation [16,17].
Scientific machine learning (SciML) extends this line of work by incorporating differential
equations, variational principles, symmetries, and constitutive knowledge into the learning
process [18–21]. In a physics-informed neural network (PINN), the unknown state is
approximated by a differentiable surrogate ẑθ(x, t, µ), automatic differentiation supplies the
derivatives required by the governing residuals, and data, equation, boundary, and initial
terms are combined in a single training objective [22,23], stated formally in Equation (3)
of Section 2. This approach is attractive because data and physics can be combined in one
differentiable model, but a low aggregate loss does not establish physical admissibility.
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PINNs can converge unevenly across loss terms, particularly for stiff systems, sharp
interfaces, multiscale transients, and poorly scaled parameters [24–27]. This limitation
is especially consequential for localized corrosion. A model can reproduce an average
field while smoothing the maximum pit depth, eliminating a narrow transport path, or
misrepresenting pit coalescence. Gradient-enhanced residuals, temporal decomposition,
adaptive loss balancing, and adaptive sampling can improve optimization [28–33], but they
do not replace conservation checks, thermodynamic constraints, topology-sensitive metrics,
or independent validation.

The central question is thus not whether a neural network can interpolate corrosion
data, but what mathematical structure is required for a learned model to represent an
irreversible, multiscale, and partially observed material system. Five issues are particu-
larly important: (i) nonlocal memory associated with trapping and anomalous diffusion;
(ii) coupled electrochemical, transport, phase-field, and mechanical dynamics; (iii) evolving
geometry and topology during defect nucleation and coalescence; (iv) epistemic uncer-
tainty caused by non-identifiable parameters and limited data; and (v) thermodynamic
irreversibility. Each issue changes both the admissible architecture and the meaning of
model error.

The practical stakes justify a dedicated critical review. The direct global cost of cor-
rosion has been estimated at US$2.5 trillion per year, close to 3.4% of the global gross
domestic product, and protective coatings absorb the largest share of the corresponding
mitigation effort [1,34]. Earlier surveys examined deep learning for materials degradation
in general [35], corrosion machine learning from a data-oriented standpoint [8], or specific
domains such as marine assets, electrochemical identification, and smart nanocomposite
coatings [9,11,12]. None of these contributions, however, classifies the literature by the
computational mechanism through which physical knowledge enters the model, nor does
any separate systematically the capabilities that are demonstrated experimentally from
those validated only against numerical simulations or still conceptual. Closing that method-
ological gap for coating degradation and corrosion prediction is the specific purpose, and
in our view the principal significance, of the present review.

This article therefore presents a critical, mechanism-centered review of PINNs, neural
operators, graph neural networks (GNNs), phase-field hybrids, and probabilistic SciML
for coating degradation and corrosion prediction. It makes five contributions. First, it
organizes the literature by how physical knowledge is incorporated rather than by model
name. Second, it defines a minimum physics and validation stack for corrosion applications.
Third, it identifies which claims are supported by verifiable corrosion-specific evidence and
which remain extrapolations from general SciML. Fourth, it proposes the Thermo-Fractional
Graph Phase-Field Neural Operator (TFG–PFNO) as a testable research framework. Fifth,
it provides a study-level evidence map presented in Section 3.6 that records, for each
corrosion- or coating-specific SciML study, the material system, exposure environment,
degradation mechanism, input data, architecture, physical constraints, validation strategy,
principal finding, and limitation, so that experimentally demonstrated capabilities can be
distinguished from simulation-based or purely conceptual ones. The proposed architecture
is not presented as a benchmarked model; it is a structured hypothesis intended to guide
future implementation and validation.

The remainder of the article is organized as follows: Section 2 defines the review scope,
the literature search and screening procedure, the analytical framework, and the baseline
mathematical formulation. Section 3 synthesizes the evidence by governing mechanism,
physical incorporation, geometric representation, uncertainty treatment, and validation
design; it then adds the study-level comparison and an explicit discussion of coating
classes, exposure environments, measurement techniques, datasets, and industrial barriers.
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Section 4 develops the TFG–PFNO research framework and its falsification plan. Section 5
distills the evidence-based research gaps and future directions.

2. Review Scope and Evidence Quality Procedure
2.1. Review Design

This work is a critical review and methodological perspective, not a systematic review
or meta-analysis. The distinction is deliberate: the relevant studies span field regression,
image analysis, inverse parameter identification, partial differential equation (PDE) solvers,
phase-field simulations, structural capacity models, and probabilistic prognosis. Their
outcomes and validation designs are too heterogeneous for a defensible pooled effect
size. The synthesis therefore focuses on verifiable physical and computational claims:
which equations or constraints were implemented, how they entered the model, what data
supported the model, and whether evaluation extended beyond interpolation.

The scope was organized around three search blocks: (i) SciML methods (“physics-
informed”, PINN, neural operator, physics-guided learning, and hybrid modeling); (ii) coating
and corrosion processes (protective coatings, pitting, electrochemistry, stress corrosion crack-
ing, corrosion fatigue, and atmospheric or marine corrosion); and (iii) mathematical mecha-
nisms (reaction–diffusion, phase field, fractional transport, graph learning, inverse prob-
lems, and uncertainty quantification). The main temporal emphasis was 2019–July 2026,
with earlier publications retained when they established indispensable mathematical or
computational foundations.

Table 1 states the decision framework used for inclusion and interpretation. General
SciML papers were retained only when they contributed a mechanism directly transferable
to coating degradation, such as exact boundary enforcement, adaptive sampling, domain
decomposition, operator learning, energy-based training, conservative message passing,
or Bayesian inference. Corrosion papers based only on image classification were used
selectively and were not treated as physics-informed unless the method linked observations
to a physical state, temporal evolution, or a governing constraint.

Table 1. Framework used to select and interpret evidence in this critical review.

Dimension Included Evidence Interpretive Rule

Physical
domain

Coating transport, electrochemistry, pitting, inter-
face evolution, damage, structural capacity, and
corrosion monitoring

A corrosion label alone was insufficient;
the modeled state and mechanism had
to be identifiable.

Physics
mechanism

PDE residuals, conservation, hard constraints,
variational energies, constitutive laws, symmetry,
and thermodynamic inequalities

Classification was based on the implemented
mechanism, not on an author’s use of the term
“physics-informed”.

Data and
validation

Experiments, field sensing, independent simu-
lations, analytical solutions, and documented
train–validation–test partitions

Evidence from a new specimen, environment, ge-
ometry, or time horizon received greater weight
than random record-level splits.

Computational
reporting

Architecture, optimizer, collocation or mesh
strategy, baselines, error metrics, code, and
data availability

Missing information was treated as a limitation
rather than inferred from common practice.

Claim
strength Consolidated, moderate, emerging, or conceptual

Corrosion-specific experimental support was
distinguished from transfer arguments based on
general SciML literature.

2.2. Search Strategy, Screening, and Corpus Composition

Although this work is a critical review rather than a systematic review, the literature se-
lection process is reported here so that it can be reproduced to a reasonable approximation.
Searches were performed in Scopus, the Web of Science Core Collection, ScienceDirect, IEEE
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Xplore, and SpringerLink, complemented by Google Scholar, arXiv, and SSRN for preprints
and conference material. The search window extended from January 2015 to July 2026,
with the primary emphasis on 2019–2026; earlier sources were admitted only when they
establish indispensable mathematical, electrochemical, or computational foundations.
Representative Boolean strings combined the three thematic blocks defined above, for
example: (“physics-informed” OR “PINN” OR “neural operator” OR “physics-guided”
OR “graph neural network”) AND (coating* OR corrosion OR pitting OR delamination
OR electrochem*) AND (diffusion OR “phase field” OR fractional OR uncertainty OR
“digital twin”).

Screening proceeded in two stages. Titles and abstracts were first examined against
four inclusion criteria: (i) a peer-reviewed publication or publicly archived preprint with
an identifiable methodology; (ii) an identifiable physical state, mechanism, or governing
constraint (a corrosion label alone was insufficient); (iii) verifiable bibliographic metadata,
normally a resolvable DOI; and (iv) availability in English. Exclusion criteria were: purely
cosmetic uses of the term “physics-informed”; image-only classification with no link to
a physical state or temporal evolution (retained only selectively as monitoring evidence);
inaccessible or inconsistent metadata; and duplicated content across venues. In approx-
imate figures, the searches returned somewhat more than five hundred unique records
after deduplication; about one hundred ninety documents were assessed in full text; and
124 sources satisfied all criteria and are cited in this review, of which roughly forty percent
address corrosion or coating systems directly while the remainder provide mathematical,
computational, or statistical foundations. These counts are approximate by necessity, be-
cause the search was iterative and complemented by backward and forward snowballing
from key papers; bibliographic records were audited individually, including replacements
and exclusions.

2.3. Source Screening

Sources were retained when their bibliographic information was internally consistent
and their content was relevant to the claim under discussion. Publisher records and DOI
landing pages were consulted when metadata were ambiguous, and entries that could not
be resolved consistently were excluded. This screening was intended to reduce citation and
metadata errors; it was not a substitute for evaluating study design, physical assumptions,
data provenance, or validation quality.

Beyond the approximate screening counts reported above, the review avoids bibliomet-
ric growth rate claims and pooled effect sizes that cannot be reconstructed independently.
It also avoids treating conceptual figures or synthetic curves as empirical results.

2.4. Analytical Framework

The literature was interpreted along six axes: governing physics, mechanism of physics
incorporation, geometric representation, optimization strategy, uncertainty treatment, and
validation design. A claim was considered physically substantive only when it connected
(i) a governing equation, constitutive law, variational principle, or inequality; (ii) an identi-
fiable computational mechanism; (iii) data or simulations with a stated origin; and (iv) a
performance or admissibility test.

The synthesis distinguishes four levels of incorporation. Physics-guided models use
physical knowledge to select variables or generate data. Physics-informed models place
equations or constraints in the objective function. Physics-encoded models enforce a property
through the architecture, for example antisymmetric fluxes, equivariance, positivity, or
exact boundary satisfaction. Finally, a model is described here as thermodynamically compiled
when its parameterization makes an inadmissible sign of dissipation structurally impossible
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within the stated assumptions. This final category is an analytical proposal of the present
review, not an established community standard.

Risk of overstatement was assessed qualitatively in eight domains: limited or non-
representative data; non-independent sampling; information leakage; circular validation
against the data-generating simulator; weak baselines; lack of out-of-distribution (OOD)
tests; uncalibrated uncertainty; and incomplete reproducibility. Conclusions supported by
multiple independent studies and corrosion-specific validation are described more strongly
than conclusions inferred from mathematical compatibility alone.

2.5. Baseline Mathematical Formulation

Following the reorganization of this article, the state-space formulation and the base-
line physics-informed objective that anchor the entire synthesis are stated here rather than
in the introduction. A useful mathematical description treats experimentally accessible
quantities as partial observations of a distributed latent state,

z(x, t) = [c1, . . . , cNs , ψ, ϕ, u, d, ϑ]T, (1)

where ci denotes the concentration of chemical species i, ψ is the electrochemical potential, ϕ

represents coating or interface integrity, u is displacement, d is an internal damage variable,
and ϑ is temperature. In abstract form, the state evolves according to

M(z, µ) ∂tz = A(z,∇z,∇2z; µ) + S(x, t; µ), (2)

subject to initial conditions, boundary conditions, conservation laws, and constitutive in-
equalities. The parameter vector µ may include diffusivities, permeabilities, conductivities,
reaction constants, activation energies, coating properties, and fracture parameters.

In a PINN, the unknown state is approximated by ẑθ(x, t, µ), and automatic differenti-
ation supplies the derivatives required by the governing residuals [22,23]. A conventional
objective is

LPINN = λdataLdata + λPDELPDE + λBCLBC + λICLIC. (3)

Figure 1 summarizes this baseline for a reaction–diffusion corrosion problem. The
capacity of such formulations to recover hidden fields from indirect observations was
demonstrated prominently in fluid mechanics [36], and it motivates the inverse corrosion
problems reviewed in Section 3.

3. Critical Synthesis
This section proceeds from governing physics to architectures, uncertainty, and valida-

tion; the individual studies discussed along the way are then consolidated in the study-level
comparison of Section 3.6 and connected to coating practice in Section 3.7.

3.1. Minimum Governing Structure for Coating Degradation

The governing structure required by a SciML model depends on the decision it is
intended to support. A short-horizon regression of corrosion potential may not require an
explicit moving interface; prediction of pit growth, delamination, or remaining structural
capacity usually does. At minimum, ionic transport should respect local species balance,

∂tci +∇ · Ji = Ri(c, ψ, ϕ, ϑ, d), (4)

Ji = −Di(ϕ, d, ϑ)∇ci −
ziF
Rϑ

Dici∇ψ + civ, (5)
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where Ri is the reaction source, Di is an effective diffusivity, zi is ionic valence, and v is an
effective convective velocity. Charge consistency may be represented by Poisson’s equation
or, at the appropriate scale, by electroneutrality. Interfacial kinetics introduce further non-
linearities through Butler–Volmer-type relations. Recent corrosion-specific PINN studies
have begun to use such physical structure for pit depth, atmospheric corrosion, and subsea
pipeline prediction, but the level of closure varies substantially [37–40]. Related physics-
guided studies use chloride transport equations for inverse diffusivity identification and
oxide growth priors for liquid-metal corrosion prediction [41,42], demonstrating that the
encoded physics can range from field equations to monotonic kinetic structure.

Coating transport may depart from the Fickian ideal because of tortuosity, trapping,
polymer relaxation, microvoids, evolving saturation, and damage-assisted pathways. A
compact representation is

CDα
t S = ∇ ·

(
Dβ∇βS

)
+ RS, 0 < α ≤ 1, 1 < β ≤ 2, (6)

where the Caputo derivative CDα
t represents effective temporal memory and ∇β represents

a possible spatially nonlocal operator. Fractional dynamics provide a parsimonious descrip-
tion of distributed waiting times and anomalous transport [43–47]. Their use is meaningful
only when the fractional order is identifiable and improves extrapolation relative to a
classical model. Otherwise, α or β can become another flexible fitting parameter.

Localized dissolution and interface recession are naturally represented by a phase
field ϕ ∈ [0, 1]. A generic free energy is

F =
∫

Ω

[
fchem(c, ψ, ϕ) +

κϕ

2
|∇ϕ|2 + g(ϕ)Ψel(ε, d) +

κd
2
|∇d|2

]
, dΩ. (7)

Phase-field models can represent pit nucleation, growth, and coalescence without ex-
plicit front tracking. The corrosion literature has progressed from activation- and diffusion-
controlled pitting to galvanic coupling, quantitative kinetics, crystallographic anisotropy,
electro-chemo-mechanical interaction, and temperature-dependent electrochemistry [48–54].
These computational advances rest on classical mechanistic foundations that any learned
interface model must still reproduce: the critical factors governing pit initiation, stability,
and repassivation [55] and the point defect description of passive film breakdown [56].
Dissolution-driven stress corrosion cracking has likewise been given a rigorous variational
phase-field formulation [57], which provides a mechanistic benchmark against which future
SciML couplings of corrosion and fracture should be tested. Coating-specific extensions
are now beginning to connect phase-field simulations with accelerated or machine-learned
prediction [58,59]. However, a learned evolution must also satisfy an admissibility condi-
tion. For an isothermal system,

D = Pext −
dF
dt

≥ 0, (8)

where Pext is external power. Penalizing violations of Equation (8) is useful, but encoding
positive mobilities and dissipative operators in the architecture provides a stronger guarantee.

Figure 2 illustrates the separation of memory, reversible transport, and irreversible
dissipation. Figure 3 shows the complementary use of staggered blocks for a tightly coupled
phase-field corrosion problem. Both are conceptual design diagrams; they do not establish
that a particular implementation outperforms a conventional solver.
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Figure 2. Conceptual thermodynamic–fractional PINN. A memory operator augments the latent
state, while reversible and dissipative blocks are separated before the governing and data constraints
are evaluated.

Figure 3. Conceptual staggered phase-field PINN for coating or metal degradation. Alternating
electrochemical and interface updates can reduce optimization interference in a strongly coupled system.

3.2. From Physics-Guided to Physics-Encoded Learning

The phrase “physics-informed” currently covers methods with markedly different
guarantees. Table 2 separates four levels according to the computational mechanism that
carries the physical knowledge. The distinction matters in corrosion because an environ-
mental feature such as temperature or chloride concentration is physically meaningful,
but its presence as an input does not enforce a balance law. Likewise, a PDE penalty
reduces average residuals but does not ensure positivity, conservation after discretization,
or nonnegative dissipation outside the collocation set.

Hard enforcement is not universally superior. Exact boundary parameterizations can
become difficult on irregular geometries, and an incorrectly specified constitutive restriction
can bias the solution more strongly than a soft penalty. The practical objective is to encode
mature and non-negotiable properties, such as positivity or internal flux cancellation,
while retaining residual or probabilistic treatment for uncertain closure relations. Methods
for exact boundary imposition, domain decomposition, variational training, and energy-
based mechanics provide useful components for this hierarchy [60–67], with the Deep
Ritz method having established the variational energy route on which several of these
formulations build [68]. Hybrid FEM–neural formulations provide a further route when a
trusted discretization should remain explicit [69]. Conversely, sparse equation discovery
and inverse learning of constitutive relationships can identify missing model terms, but
their output must still be checked for identifiability and physical admissibility [70,71].
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Table 2. Levels of physical incorporation used in this review.

Level Mechanism Typical Coating/Corrosion Use Guarantee and Limitation

Physics-guided
Variable selection, feature engineering,
synthetic data, or physically motivated
augmentation

Environmental corrosion rate regres-
sion; image or sensor features linked
to exposure conditions

Improves relevance but does not en-
force governing physics.

Physics-
informed

PDE, boundary, initial, energy, or inequality
residuals in the loss

Inverse diffusivity, pit-depth evolution,
reaction–diffusion fields, or phase-field
emulation

Encourages compliance at sampled
points; sensitive to scaling, optimiza-
tion, and collocation coverage.

Physics-
encoded

Exact constraints, conservative fluxes,
equivariance, positivity transforms, or hard
boundary parameterizations

Mass/charge-conservative graph
updates, positive diffusivity, exact
essential conditions

Provides a structural property within
stated assumptions; may reduce flexibil-
ity or complicate training.

Compiled
physics

Antisymmetric reversible operator plus
symmetric positive semidefinite dissipative
operator and degeneracy conditions

Coupled transport, interface evolu-
tion, and damage with irreversible
material loss

Makes the sign of dissipation structural;
remains a proposed standard that re-
quires corrosion-specific validation.

3.3. Loss Scaling and Optimization Pathologies

A composite corrosion loss often combines quantities with different units and natural
magnitudes. Adding an electrochemical residual in mol m−3 s−1, a mechanical equilibrium
residual in N m−3, and a dimensionless data error without normalization gives numerical
scale, rather than physical importance, control over optimization. A preferable objective is

L(θ) = λDLD + ∑
k

λk

∥∥∥∥ Rk
sk + ϵ

∥∥∥∥2

2
+ λth

∥∥∥∥ ⟨−D⟩+
sD + ϵ

∥∥∥∥2

2

+ λtopoLtopo + λcalLcal, (9)

where sk is a physically interpretable scale for residual k. The weights may be adapted
using gradient norms, neural tangent kernel information, attention, or multi-objective
criteria, but lower bounds should prevent a physically essential term from being silenced.
Known PINN failure modes include gradient imbalance, spectral bias, causal inconsistency,
and inadequate sampling near sharp features [25–28,30,31,72,73].

Optimization diagnostics should therefore report individual residual histories, not
only total loss. They should also evaluate physical observables that are not direct training
targets, including total mass or charge imbalance, free energy rate, maximum pit depth, lost
volume, interface position, and structural capacity. Synthetic training curves can illustrate
these diagnostics, but they should not be presented as evidence of model performance
unless generated by a documented experiment or benchmark.

3.4. Neural Operators and Geometric Learning

A PINN trained for a single geometry and parameter set approximates one solution
instance. Corrosion digital twins instead require a map from initial fields, environmental
histories, material properties, and geometry to future degradation fields,

G : [z0, s0:t, µ, Ω] 7−→ z(x, t). (10)

DeepONet, Fourier neural operators (FNOs), and physics-informed neural operators
learn such maps between function spaces [74–77]. They can amortize the cost of repeated
evaluation across environmental histories or parameter fields. Their main limitation for
localized corrosion is geometric: standard spectral operators are most convenient on regular
grids, while pits, pores, cracks, coating defects, and inspection networks form irregular and
evolving structures.

GNNs offer a complementary representation by assigning concentrations, potentials,
phase values, material identifiers, or sensor states to nodes and geometric or constitutive
information to edges [78–81]. Conservation can be encoded by antisymmetric edge fluxes,
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Ĵij = −Ĵji, cn+1
i = cn

i −
∆t
Vi

∑
j∈N (i)

Aij Ĵn
ij + ∆t, Rn

i . (11)

This construction makes internal transfer cancel exactly. Equivariance can additionally
improve transfer between orientations or discretizations. Yet geometric learning alone
does not supply irreversibility: Hamiltonian or symplectic networks describe reversible
dynamics, whereas corrosion requires a dissipative channel [82,83]. The appropriate com-
parison is therefore not simply CNN versus GNN, but local grid-based models versus
geometry-aware models equipped with the conservation and dissipation structure required
by the application.

Table 3 summarizes the principal inductive biases and failure modes. No architecture
is universally best; the scientific task, geometry, and validation regime should determine
the choice.

Table 3. Comparison of SciML model families for coating degradation and corrosion.

Model Family Useful Inductive Bias Promising Use Principal Risk

PINN Continuous coordinates and
automatic differentiation

Inverse parameters, sparse observations,
and single-instance PDE solutions

Loss imbalance, stiffness, spectral bias,
and expensive retraining.

Phase-field PINN Diffuse interface and
variational structure

Pit growth, interface recession, coating
fracture, and coalescence

High-order derivatives and strongly
coupled optimization.

Neural operator Maps between input and
solution functions

Many-query prediction across histo-
ries, parameters, or initial states

Grid dependence, data demand, and
limited geometric transfer.

GNN or mesh net-
work

Irregular geometry, connectivity, and
local message passing

Pits, pores, cracks, interfaces, meshes,
and sensor networks

Conservation and irreversibility are
not automatic.

Hybrid multifidelity
model

Combines simulation, laboratory, and
field information Digital twins and online state updating Simulator bias, fidelity imbalance, and

domain shift.
Bayesian or ensem-
ble SciML

Predictive distributions and
parameter uncertainty

Risk-informed prognosis and
sensor planning

High cost and misleading intervals if
calibration is not tested.

3.5. Uncertainty, Multifidelity Learning, and Application Evidence

Uncertainty in coating degradation has at least four sources: environmental variabil-
ity, measurement noise, uncertain material parameters, and model discrepancy. These
sources should not be collapsed into one empirical band, because deep learning and
SciML uncertainty methods differ in what they represent and in how calibration should be
assessed [84,85]. A probabilistic SciML model seeks a posterior over states and parameters,

p(z, µ | D,M) ∝ p(D | z, µ)p(z | µ,M)p(µ), (12)

and propagates that posterior to a decision variable such as time to failure or failure
pressure. Bayesian PINNs and related probabilistic methods provide a basis for noisy
inverse problems [86]; emerging corrosion fatigue work demonstrates the direct relevance
of adaptive Bayesian physics-informed models [87]. Scalable approximations such as Monte
Carlo dropout and deep ensembles offer practical baselines for epistemic uncertainty,
although their intervals must be calibration-tested before any operational use [88,89].
Multifidelity information fusion can then combine broad low-fidelity coverage with sparse
high-fidelity observations, provided that cross-fidelity discrepancy is modeled rather than
ignored [90,91]. When simulator and experiment disagree systematically, the discrepancy
should be represented explicitly in the sense of Bayesian model calibration [92], rather than
silently absorbed into network weights, because an absorbed bias reappears unpredictably
outside the calibration domain.

Figure 4 shows how low-fidelity simulations and high-fidelity observations can enter
a shared operator model. Figure 5 extends the idea to hierarchical uncertainty propagation
and value-of-information-based sensor selection. These diagrams emphasize a workflow
rather than a particular estimator.
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Figure 4. Conceptual multifidelity neural operator digital twin. Phase-field or finite element sim-
ulations supply broad parametric coverage, while EIS, microscopy, and inspection measurements
correct model discrepancy and support online updating.

Corrosion-specific evidence remains uneven but is expanding. Published studies now
address machine learning corrosion prediction [8], stress-corrosion-cracking risk [13], phase-
field-assisted prediction for coated magnesium alloys [58], atmospheric and pitting corro-
sion with PINNs [38,39], subsea pipeline corrosion [40], corrosion fatigue prognosis [87,93],
and field or sensor-assisted monitoring [15,94–96]. For organic coatings, neural EIS interpre-
tation, two-stage degradation models, and formulation screening now connect measured
barrier response with classification or design decisions [5,97,98]. Table 4 organizes these
applications without implying that their metrics are directly comparable.

Figure 5. Hierarchical uncertainty propagation from aleatory inputs and epistemic parameters to
degradation fields, decision uncertainty, and value-of-information-based sensing.

Table 4. Representative evidence families and their main methodological implications.

Evidence Family Representative
Sources Contribution Remaining Limitation

Corrosion prediction reviews [8–11] Establish the breadth of data sources
and machine learning tasks

Inconsistent datasets, splits, metrics,
and physical closure.

Corrosion-specific PINNs [37–40]
Move from static regression to-
ward physically constrained
temporal prediction

Limited cross-material and cross-
environment replication.

Coatings and phase-field hybrids [58,59,97–99]
Connect interface evolution,
service life prediction, and
formulation design

Dependence on simulator fidelity and
scarce long-duration experiments.

Corrosion fatigue and capacity [14,87,93] Link degradation fields to structural
response and life

Propagated uncertainty and indepen-
dent OOD tests remain uncommon.

Inspection and monitoring [4,6,7,94,100–103] Demonstrate complementary sensing
and data-fusion opportunities

Asset-level independence and
sensor failure scenarios require
stronger testing.

Materials and inhibitor design [42,104,105] Extend machine learning to composi-
tion and molecular design

Predicted candidates require mecha-
nistic and experimental confirmation.

https://doi.org/10.3390/coatings16080921

https://doi.org/10.3390/coatings16080921


Coatings 2026, 16, 921 12 of 25

3.6. Study-Level Comparison of Corrosion and Coating SciML Studies

The preceding subsections organized the literature by mechanism; this subsection
compares the corrosion- and coating-specific implementations study by study. Table 5
records, for each investigation, the material system and exposure environment, the degra-
dation mechanism and input data, the SciML architecture and the physical constraints
actually implemented, the validation strategy, and the principal finding together with its
main limitation. Each entry carries an evidence level: E when the model was validated
against independent experimental or field measurements, S when validation relied on
numerical simulations, and S/E for simulation-based studies with partial experimental
anchoring. Under this classification, no published corrosion or coating study yet reaches
the compiled-physics level of Table 2; that level remains conceptual (C) and defines the
research space addressed in Section 4.

Table 5. Study-level comparison of corrosion- and coating-specific SciML investigations. Evidence
level: E = validated against independent experimental or field data; S = validated against numerical
simulations; S/E = simulation-based with partial experimental anchoring.

Study System, Material,
and Environment

Mechanism and
Input Data

Architecture and
Physical Constraints Validation (Level) Principal Finding

and Limitation

[41]
Reinforced concrete;
chloride-laden marine
and de-icing service

Chloride ingress; mea-
sured chloride profiles

PINN; Fickian diffusion
residual, inverse
diffusivity identification

Published experi-
mental profiles (E)

Recovers apparent diffusiv-
ity without meshing; one-
dimensional Fickian closure,
no binding or convection.

[37]
Steel pipe piles; ma-
rine immersion and
tidal zones

Corrosion lifetime; en-
vironmental and in-
spection records

PINN with embedded
corrosion-kinetics constraints

Field and labora-
tory data (E)

Physically constrained lifetime
prediction; single-site scope,
cross-site transfer untested.

[38] Pipeline steel;
buried service

Maximum pit
depth; historical
inspection data

PINN embedding
pit growth kinetics

Field pit depth
records (E)

Improves extrapolation of max-
imum pit depth over data-only
baselines; scalar output, no
spatial field.

[39]
Carbon and low-alloy
steels; multi-site atmo-
spheric exposure

Long-term mass loss;
meteorological and
pollution histories

Multi-level PINN with stage-
wise kinetic laws

Multi-year exposure
datasets (E)

Long-horizon prediction be-
yond the training window;
cross-site out-of-distribution
replication incomplete.

[40]
Subsea oil and gas
pipeline; seawater with
operational variables

Internal corrosion rate;
operational sensor data

Hybrid PINN–STAN (atten-
tion plus physics residuals)

Operational
pipeline data (E)

Accuracy gain over purely
data-driven baselines; atten-
tion terms weakly interpretable,
single asset.

[93] Aluminum alloys;
corrosion fatigue

Crack growth rate;
multifactorial
fatigue tests

PINN embedding Paris-type
crack growth law

Laboratory fatigue
datasets (E)

Multifactor crack growth predic-
tion; deterministic, uncertainty
not propagated.

[87] High-strength steel with
non-uniform corrosion

Fatigue life; S–N
data and corrosion
morphology

Adaptive Bayesian PINN
Laboratory fatigue
and morphology
data (E)

Calibrated intervals on fatigue
life; small specimen set, coverage
testing limited.

[42]
Ferritic/martensitic
steels; lead–bismuth
eutectic

Oxide growth kinetics;
composition and expo-
sure data

Physics-guided network
with monotonic oxide
growth priors

Published corro-
sion rate experi-
ments (E)

Composition optimization
consistent with kinetics; ex-
trapolation beyond the alloy
family unverified.

[58]
Coated biodegradable
Mg alloys; simulated
body fluid

Interface recession;
phase-field simulation
ensembles

Phase-field simulations
coupled to a
machine-learned surrogate

Simulations with
partial experimental
anchoring (S/E)

Order-of-magnitude acceleration
for coated-Mg screening; valida-
tion partly circular with respect
to the simulator.

[99] Generic metal–
electrolyte pitting

Phase-field corrosion
equations

Staggered, hard-constrained
PINN

Numerical
phase-field reference
solutions (S)

Staggering mitigates stiff cou-
pled optimization; preprint sta-
tus, no experimental validation.

[59]
Zn–Al–Mg-coated
high-strength
steel wires

Stress-accelerated dis-
solution; mechanically
coupled phase field

Mechanistic
phase-field model
(machine learning-ready)

Simulations bench-
marked to pub-
lished tests (S/E)

Quantifies stress acceleration in
coated wires; parameter identifi-
cation remains manual.

[97]
Organic coatings on
steel; multi-environment
field exposure

Two-stage
environment–
property–failure
mapping

Physics-guided two-
stage machine learning
(no PDE residual)

Field exposure
datasets (E)

Interpretable degradation stag-
ing; correlational closure without
governing equation constraint.
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Table 5. Cont.

Study System, Material,
and Environment

Mechanism and
Input Data

Architecture and
Physical Constraints Validation (Level) Principal Finding

and Limitation

[5] Organic coatings; labo-
ratory immersion

EIS spectra
interpretation

Neural classification and re-
gression on impedance data
(physics-guided)

Laboratory EIS
measurements (E)

Automates impedance in-
terpretation; depends on
the measurement model, no
temporal dynamics.

[98]
Anticorrosive coating
formulations; acceler-
ated testing

Formulation–
performance mapping;
historic test data

Machine learning screening
of historic industrial data

Historic experimen-
tal records (E)

Suggests novel formulation can-
didates; mechanistic and experi-
mental confirmation pending.

Table 6 complements this comparison by summarizing, for each model family, the
materials and corrosive environments in which it has actually been demonstrated, be-
cause corrosion is too heterogeneous a phenomenon for any single architecture to claim
general applicability.

Table 6. Demonstrated applicability of SciML model families across materials and corrosive environ-
ments, with the principal caution governing transfer to new conditions.

Model Family Materials Demonstrated Environments Demonstrated Transfer Caution

PINN (forward and
inverse) [37–41]

Carbon and pipeline steels;
reinforced concrete;
steel piles

Marine immersion and tidal;
multi-site atmospheric; buried soil;
subsea operational

Retraining is required per geometry and parameter
set; cross-environment transfer is largely untested.

Phase-field PINN
and phase-field/ML
hybrids [58,59,99]

Coated Mg alloys; Zn–Al–Mg
coated steel wires; generic
pitting metals

Simulated body fluid; stress-
assisted laboratory conditions;
synthetic electrolytes

Validation is dominated by simulators; inde-
pendent experimental interface tracking is
still missing.

Physics-guided regression
and kinetics-constrained
networks [5,42,97,98]

Ferritic/martensitic steels; or-
ganic coatings on steel; coat-
ing formulations

High-temperature liquid metal;
field atmospheric exposure; accel-
erated laboratory testing

Physical knowledge enters only through variables
or monotonic priors; no governing equation clo-
sure is enforced.

Bayesian and ensemble
SciML [86–89]

High-strength steel under cor-
rosion fatigue Laboratory corrosion fatigue testing Interval calibration has been verified only on small

specimen sets.

Neural operators [74–77]
No corrosion-specific deploy-
ment published; generic para-
metric PDE benchmarks

— Grid dependence and geometric transfer to evolv-
ing pits remain unproven in corrosion settings.

GNN and molec-
ular/crystal graph
models [105–107]

Alloy and inhibitor chemistry
via property prediction

Composition screening rather
than exposure

Conservation and irreversibility are not automatic;
coupling to field-scale degradation is unrealized.

Three comparative observations follow. First, the studies converge on one finding:
embedding kinetic or transport structure improves extrapolation beyond the training
window relative to data-only baselines, a result replicated independently for chloride
ingress, atmospheric mass loss, pit depth, and liquid-metal oxide growth [38,39,41,42].
Second, the studies disagree, or cannot be compared, on the magnitude of that benefit:
reported metrics mix coefficients of determination, root-mean-square errors on different
scales, and heterogeneous data splits; equal-budget baselines are rare; and the phase-
field surrogates report acceleration factors that exclude training cost [58,99]. Whether
attention-based or hybrid variants outperform a well-tuned standard PINN under an equal
computational budget is presently an open question [40]. Third, the unresolved limitations
are structural rather than incremental: no study simultaneously demonstrates discrete
conservation, nonnegative dissipation, and calibrated uncertainty under out-of-distribution
evaluation; no cross-material replication of a single trained model has been published;
and the organic coating studies remain at the physics-guided level, so governing equation
closure for polymeric barriers is still an open problem. These three deficits motivate the
methodological requirements of Section 4.

3.7. Relevance to Coating Systems and Industrial Practice

For the coatings community, the value of SciML depends on how directly a model
addresses specific coating classes, exposure environments, and measurable degradation
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mechanisms. Table 7 summarizes this mapping. Barrier organic systems (epoxy inter-
mediates and polyurethane topcoats) degrade through water uptake, blistering, cathodic
delamination, and under-film corrosion, processes quantified primarily by EIS, capacitance
tracking, adhesion testing, and scanning probes such as SVET and SKP [1,2,108]. Zinc-rich
and sacrificial systems fail by galvanic depletion, for which phase-field galvanic models
exist but SciML applications remain absent [49]. Metallic Zn–Al–Mg coatings, conversion
and anodized layers, biodegradable magnesium coatings, and inhibitor-doped smart coat-
ings each carry distinct mechanisms and measurement practices, and the table shows that
SciML coverage across these classes is highly uneven [12,58,59,104,105].

Table 7. Coating classes, dominant degradation mechanisms, characteristic measurements, and
current SciML status.

Coating Class Dominant Degradation
Mechanisms Characteristic Measurements Current SciML Status

Barrier organic coatings (epoxy,
polyurethane)

Water uptake, blistering, cathodic
delamination, under-film corrosion

EIS, coating capacitance, SKP,
adhesion, salt spray

Physics-guided degradation staging
and neural EIS interpretation [4,5,97].

Zinc-rich primers and
sacrificial systems

Galvanic depletion, zinc
consumption, loss of
electrical contact

Open-circuit potential, SVET,
mass loss

Essentially unexplored by SciML;
mechanistic phase-field galvanic
models available [49].

Metallic Zn–Al–Mg coatings Stress-assisted dissolution,
cut-edge attack

Accelerated wire tests, cross-
sectional microscopy

Mechanistic phase field with machine
learning coupling incipient [59].

Conversion, anodized, and
PEO layers

Loss of pore sealing,
substrate pitting

EIS, potentiodynamic polariza-
tion, electron microscopy

Data-driven property prediction
only; governing equation closure
missing [8,104].

Biodegradable Mg coatings Controlled interface recession,
hydrogen evolution

Hydrogen collection, mass loss, in
vitro EIS

Phase-field simulation with learned
surrogates [58].

Inhibitor-doped smart coatings Inhibitor leaching, triggered
release, self-healing

EIS, local electrochemical probes,
release assays

Molecular screening of inhibitors;
mechanistic release models not yet
coupled [12,105].

Exposure environments should be reported in the shared vocabulary of corrosivity
classification: the atmospheric categories of ISO 9223 and the C1–CX and Im1–Im4 classes of
ISO 12944-2 [109,110]. Mapped onto that vocabulary, the studies of Table 5 cover multi-site
atmospheric service [39], marine tidal and immersion zones [37], subsea operation [40],
buried pipelines [38], physiological media [58], and heavy-liquid-metal service outside the
ISO classes altogether [42]. We recommend that future corrosion SciML studies state the
corrosivity class of both training and test exposures explicitly, because environment-blind
reporting is one reason the current evidence base resists comparison.

Regarding data resources, long-duration coating datasets with documented exposure
histories remain the scarcest asset. Image-based inspection corpora exist and support
convolutional and unsupervised staging models [35,95,100,111], and complementary sens-
ing streams—acoustic emission, embedded RFID, cathodic protection records, and field
computer vision—have been demonstrated individually [94,96,101,102]. However, the
community-level call to share corrosion data in curated, reusable form remains only par-
tially answered a decade after it was made [112]. The practical barriers to industrial
implementation are equally concrete: proprietary formulations restrict disclosure of coating
chemistry; accelerated tests correlate imperfectly with field performance, so models trained
on salt spray data inherit that uncertainty; qualification standards do not yet recognize
learned models as evidence; and certified deployment requires the versioning, limits-of-use
documentation, and fallback behavior discussed in Section 4. These constraints, more
than architectural novelty, currently determine whether a coating SciML model can leave
the laboratory.
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3.8. Topology and Validation Beyond Random Splits

Pixelwise error and average thickness loss do not distinguish two damage fields
with equal lost volume but different connectivity. Betti numbers, Euler characteristic, and
persistence diagrams provide complementary measures of pit nucleation, isolated cavities,
connected attack, and percolating paths [113,114]. Differentiable losses based on persistent
homology show how such descriptors can enter model training rather than remain post
hoc diagnostics [115]. Figure 6 illustrates these descriptors using synthetic morphology.
The figure is explanatory and should not be read as a measured coating history.

Figure 6. Conceptual topology-sensitive diagnostics for localized degradation: (a) persistence
diagram for connected components and loops; (b) evolution of Betti numbers and Euler charac-
teristic during nucleation and coalescence. Values are synthetic and illustrate metrics rather than
experimental results.

A credible validation protocol must challenge the physical assumptions that the model
claims to encode. Table 8 lists minimum tests. Random record-level splitting may remain
useful for debugging, but it cannot be the sole evidence for deployment when neighboring
measurements share a specimen, exposure history, simulation, or asset.

Table 8. Minimum validation protocol proposed for corrosion and coating SciML.

Challenge Purpose Minimum Reporting

Leave one envi-
ronment out

Test transfer across humidity, salinity, temperature, or
loading histories

Per-environment error, worst-case error,
and uncertainty coverage.

Leave one material
or coating out Test chemical and microstructural transfer Material identifiers, composition ranges, calibration

data, and failure cases.
Temporal
extrapolation Test long-horizon stability and memory Horizon-dependent error, drift, mass/charge balance,

and free energy rate.
Geometry or
mesh transfer Test pit, defect, and discretization generalization Field error, maximum depth, lost volume, and

topology-sensitive error.
Sensor degrada-
tion Test missing, biased, or noisy measurements Calibration, coverage, robustness curves,

and recovery strategy.

Physics ablation Identify the value of each encoded constraint Equal-budget baselines and removal of conservation,
memory, topology, and UQ terms one at a time.

Solver and experi-
ment comparison Separate emulation from physical validation Analytical, FEM/phase-field, and independent exper-

imental comparisons with documented discrepancy.
Computational
budget

Determine whether acceleration
is operationally meaningful

Training cost, inference latency, memory, hardware,
and accuracy–cost trade-off.
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4. A Thermo-Fractional Graph Phase-Field Neural Operator
Research Framework
4.1. Motivation and Scope

The evidence reviewed above, and in particular the structural deficits recorded in
Tables 5 and 6, does not identify a single validated architecture that simultaneously resolves
non-Fickian transport, electrochemical reactions, interface evolution, irregular geometry,
thermodynamic irreversibility, and calibrated uncertainty. The proposed Thermo-Fractional
Graph Phase-Field Neural Operator (TFG–PFNO) is intended to make this integration
explicit. It is a research framework and falsifiable design hypothesis, not a model whose
superiority is established by the conceptual comparisons in this paper.

The framework addresses five recurring gaps. First, a fractional memory mechanism rep-
resents transport histories that cannot be summarized by an instantaneous effective diffusivity.
Second, a graph encoder represents coating microstructure, defects, interfaces, meshes, and
sensor networks without assuming a fixed Cartesian topology. Third, a phase-field head repre-
sents the evolution and coalescence of degraded regions. Fourth, a metriplectic or GENERIC-
compatible latent dynamics separates reversible transport from irreversible dissipation, fol-
lowing structure-preserving, thermodynamics-informed, and GENERIC-informed learning
developments [116–119]. The underlying metriplectic and GENERIC formalisms were estab-
lished for dissipative continuum systems well before their neural adaptations [120,121], so
the separation proposed here inherits a mature nonequilibrium thermodynamic foundation
rather than an architectural convenience. Fifth, probabilistic inference propagates uncertainty
from inputs and parameters to failure-relevant outputs.

Figure 7 shows the proposed information flow. Molecular or microstructural descrip-
tors and interface or sensor graphs are encoded into an equivariant latent representation.
A fractional memory block processes environmental and loading histories. Reversible
and dissipative latent operators then evolve the state before phase-field and probabilistic
decoders produce concentrations, potential, damage, interface state, and uncertainty.

Figure 7. Proposed TFG–PFNO research framework. Graph encoders represent material chem-
istry and irregular geometry; a fractional block represents memory; reversible and dissipative
operators evolve the latent state; and phase-field and probabilistic heads predict degradation
fields and uncertainty. The architecture is conceptual and requires implementation, ablation, and
experimental validation.

4.2. Structured Latent Dynamics

Let a denote static material and geometric attributes, s0:t the environmental and
loading history, and GΩ the graph representation of the coating–electrolyte–substrate
system. The encoder produces an initial latent state,

z0 = EG,θ(a,GΩ, s0). (13)
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Its evolution is represented schematically as

CDαθ
t z = Lθ(z)∇Eθ(z) + Mθ(z)∇Sθ(z) + Bθs(t), (14)

with
LT

θ = −Lθ , Mθ = BθBT
θ + ϵI ⪰ 0. (15)

The antisymmetric operator Lθ carries reversible transport, whereas the positive
semidefinite operator Mθ generates entropy-producing or free-energy-reducing dynamics,
depending on the adopted thermodynamic potential and sign convention. Degeneracy
conditions must prevent the reversible channel from producing entropy and the dissipative
channel from altering invariants that should remain conserved. These conditions cannot
be assumed from Equation (15) alone; they must be stated and tested for the selected
state variables.

The decoder maps the latent trajectory and query coordinates to physical predictions,

(ĉ, ψ̂, ϕ̂, d̂, Σ̂) = Dθ(z, x, t), (16)

where Σ̂ represents predictive uncertainty or the parameters of a predictive distribution.
The phase-field variables may be decoded on a mesh or graph and then used to update
connectivity. A conservative implementation should specify how node or cell volumes,
interface areas, and source terms change when the degraded region evolves.

The fractional order αθ should be constrained to a physically meaningful interval and
subjected to identifiability tests. A variable-order model may be justified when damage or
saturation changes the transport regime, but it increases confounding between memory,
diffusivity, and reaction kinetics. Recovery experiments with synthetic truth, followed by
independent coating exposures, are therefore necessary before interpreting the learned
fractional order mechanistically.

4.3. Training Strategy

A practical implementation should proceed in stages rather than optimize the complete
model from random initialization. First, the graph encoder and operator backbone can
be pretrained on physically diverse simulation ensembles. Second, hard constraints and
positive parameterizations can be activated for quantities with unambiguous signs or
boundary values. Third, electrochemical, phase-field, and mechanical blocks can be coupled
progressively using alternating or curriculum schedules. Finally, the probabilistic head can
be calibrated on held-out experimental or field data.

The training objective should combine dimensionless residuals with explicit proba-
bilistic and geometric terms,

LTFG-PFNO = λobsLobs + λmassL̃mass + λchargeL̃charge + λphaseL̃phase

+ λmechL̃mech + λthermoL̃thermo + λtopoLtopo + λcalLcal. (17)

The observation term must account for the relevant measurement operator rather
than compare latent fields directly with heterogeneous sensor outputs. The topological
term can compare persistence diagrams or differentiable approximations of connectivity.
The calibration term can use a proper scoring rule, while final evaluation should report
reliability and interval coverage in addition to mean error.

Adaptive weighting may stabilize optimization, but the hierarchy of constraints
should be explicit. Mass conservation, charge balance, positivity, and the adopted ther-
modynamic inequality should not be allowed to disappear because their gradients are
temporarily small or antagonistic. Conversely, over-weighting an uncertain closure rela-
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tion can force systematic bias. The loss therefore requires both numerical balancing and
epistemic ranking: mature physical laws receive stronger enforcement than speculative
constitutive assumptions.

4.4. Benchmark and Falsification Plan

The proposed framework should be compared with simpler alternatives under equal
computational budgets. At minimum, the benchmark set should include a data-only neural
network, a standard PINN, a hard-constrained or variational PINN, a neural operator, a
geometry-aware GNN, and the full TFG–PFNO. Ablations should remove the fractional,
graph, phase-field, thermodynamic, and probabilistic components individually. A complex
model is justified only if its improvement appears on the specific challenge that the removed
component was designed to address.

The first benchmark tier should use analytical or high-resolution numerical problems
with known parameters and controlled noise. These tests can establish convergence,
parameter recovery, conservation, and computational scaling. The second tier should
use accelerated coating exposures with independent measurements of water uptake, EIS,
surface or cross-sectional morphology, and mass loss. The third tier should use long-
duration or field data with changing environments and missing sensors. At each tier,
training and test cases should be separated by physical unit, not by neighboring samples.

Failure criteria should be defined before model comparison. Examples include neg-
ative concentrations, increasing damage reversal, violation of mass or charge balance
beyond tolerance, nonphysical free energy production, collapse of interval coverage, loss
of connectivity fidelity, and excessive inference latency. Reporting only the best seed or
the lowest field error would not establish reliability. The benchmark should publish all
seeds, hyperparameter ranges, unsuccessful runs, and code required to reproduce the
principal figures.

4.5. Implications for Corrosion Digital Twins

A corrosion digital twin is operationally useful only when it connects state estimation
to a decision. The posterior distribution predicted by TFG–PFNO should therefore be
propagated to remaining capacity, failure probability, inspection interval, or expected
maintenance loss. Sensor placement can then be framed through value of information: a
measurement is valuable when it reduces decision-relevant uncertainty enough to justify
its cost.

Industrial deployment also requires explicit limits of use. The twin should record
the material chemistries, coating systems, environments, geometries, and loading regimes
represented in training. When an input lies outside those limits or predictive uncertainty
exceeds a validated threshold, the system should enter a conservative fallback mode,
request inspection, or revert to a trusted numerical or rule-based model. Versioned data,
equations, calibration records, and model cards are therefore part of the scientific method
rather than administrative extras.

Finally, atomistic or quantum information should enter through documented consti-
tutive closure, not through an undefined claim of “quantum physics in the loss”. Graph
models for crystals and molecules and equivariant interatomic potentials can estimate
material properties, adsorption energies, or activation barriers that inform distributions of
reaction and transport parameters [106,107,122–124]. The coarse-graining procedure must
preserve stoichiometry, relevant affinities, and uncertainty. This modular route is more
transparent than training one end-to-end network across electronic and structural scales
without an identifiable transfer operator.
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5. Conclusions
SciML is moving corrosion and coating degradation prediction from isolated correlations

toward learned fields, inverse parameters, and solution operators. The transition is scientifi-
cally important, but the evidence does not support treating every PDE-regularized network
as a reliable physical model. Current studies remain fragmented across electrochemistry,
coating transport, phase-field evolution, structural mechanics, geometry, and uncertainty.
The principal need is therefore not a deeper network in isolation, but a mathematical and
validation structure that makes conservation, irreversibility, and transfer explicit.

Five conclusions follow from the reviewed literature. First, composite losses must
be nondimensionalized and evaluated by mechanism; total loss is not a physical metric.
Second, mature constraints such as positivity, internal flux conservation, and positive-
semidefinite dissipation should be encoded structurally when feasible. Third, anoma-
lous transport requires identifiable memory models and long-horizon validation rather
than an unconstrained effective coefficient. Fourth, pit and defect connectivity calls for
geometry-aware representations and topology-sensitive metrics in addition to pixelwise
or average-field errors. Fifth, uncertainty must be calibrated and propagated to structural
risk, inspection planning, and maintenance decisions.

The study-level comparison of Table 5 sharpens these conclusions into evidence-based
gaps. Experimentally validated demonstrations are concentrated on scalar or low-dimensional
targets—pit depth, corrosion rate, lifetime, and fatigue life [37–39,93]—whereas full-field
interface prediction has been validated almost exclusively against the simulators that
generated the training data [58,99]. Organic-coating applications remain at the physics-
guided level, without governing equation closure for polymeric barriers [5,97]. Calibrated
uncertainty has been demonstrated in corrosion fatigue only on small specimen sets [87],
and no published study yet combines discrete conservation, nonnegative dissipation, and
calibrated uncertainty under out-of-distribution evaluation. These are the gaps that any
credible next generation of corrosion SciML must close.

The proposed TFG–PFNO framework combines a graph encoder, fractional mem-
ory, phase-field interface evolution, structured reversible and dissipative dynamics, and
probabilistic prediction. Its value is presently conceptual: each module corresponds to
a documented limitation, and the complete architecture still requires implementation,
equal-budget ablation, and independent experimental validation; it should therefore be
read as a falsifiable synthesis of the gaps above rather than as a recommendation for
immediate deployment.

Future work in this field should advance along six concrete directions. (1) Open
multiscale benchmarks that pair accelerated coating exposures with documented envi-
ronmental histories, specimen- and asset-independent partitions, and corrosivity classes
reported per ISO 9223 and ISO 12944-2 [109,110,112]. (2) Experimentally validated struc-
ture preservation: implementations whose conservation and dissipation properties are
demonstrated on measured pit growth and delamination, not only on synthetic phase-field
solutions [57,99]. (3) Identifiable memory: fractional-order transport models for coating
water uptake whose parameters are recovered from independent gravimetric and EIS data
before mechanistic interpretation [47,108]. (4) Governing equation closure for organic
coatings, connecting EIS observables to transport and delamination fields through explicit
measurement operators [4,5]. (5) Decision-grade uncertainty: calibration-tested posteri-
ors propagated to inspection intervals and remaining-capacity estimates, with simulator
discrepancy modeled explicitly [87,92]. (6) Accelerated-to-field transfer, treating labora-
tory and field exposures as different fidelities within a discrepancy-aware multifidelity
framework [90,91].
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For the coatings community, the immediate priorities are open multiscale benchmarks;
specimen- and asset-independent data partitions; standardized conservation, topology,
and calibration metrics; and transparent reporting of failed as well as successful training
runs. These practices will determine whether corrosion digital twins become traceable
engineering tools or remain high-accuracy interpolators with uncertain behavior outside
the laboratory conditions used to train them.
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