<]
TUDelft

Delft University of Technology

Document Version
Final published version

Licence
CC BY-NC-ND

Citation (APA)

Zhang, K. (2026). Data-Driven Study of Atmospheric Corrosion Under Multi-Droplet Conditions: An End-To-End
Experimental-Computational Multi-Modal Framework For Electrolyte-Resolved Corrosion Kinetics Investigation.
[Dissertation (TU Delft), Mechanical Engineering]. https://doi.org/10.4233/uuid:81d952ef-695d-4938-b32b-
44bc80db56¢ce

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright

In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.

Unless copyright is transferred by contract or statute, it remains with the copyright holder.

Sharing and reuse

Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.4233/uuid:81d952ef-695d-4938-b32b-44bc80db56ce
https://doi.org/10.4233/uuid:81d952ef-695d-4938-b32b-44bc80db56ce

DATA-DRIVEN STUDY OF
ATMOSPHERIC CORROSION
UNDER MULTI-DROPLET
CONDITIONS

AN END-TO-END EXPERIMENTAL-COMPUTATIONAL
MULTI-MODAL FRAMEWORK FOR ELECTROLYTE-RESOLVED
CORROSION KINETICS INVESTIGATION




DATA-DRIVEN STUDY OF ATMOSPHERIC
CORROSION UNDER MULTI-DROPLET CONDITIONS

AN END-TO-END EXPERIMENTAL-COMPUTATIONAL
MULTI-MODAL FRAMEWORK FOR ELECTROLYTE-RESOLVED
CORROSION KINETICS INVESTIGATION






DATA-DRIVEN STUDY OF ATMOSPHERIC
CORROSION UNDER MULTI-DROPLET CONDITIONS

AN END-TO-END EXPERIMENTAL-COMPUTATIONAL
MULTI-MODAL FRAMEWORK FOR ELECTROLYTE-RESOLVED
CORROSION KINETICS INVESTIGATION

Dissertation

for the purpose of obtaining the degree of doctor
at Delft University of Technology
by the authority of the Rector Magnificus Prof. dr. ir. H. Bijl,
chair of the Board for Doctorates,
to be defended publicly on
Monday 14 September 2026 at 10:00

by

Keer ZHANG



This dissertation has been approved by the promotors.

Composition of the doctoral committee:

Rector Magnificus, chairperson
Prof. dr. ir. ].M.C. Mol, Delft University of Technology, promotor
Dr. Y. Gonzalez-Garcia, Delft University of Technology, copromotor
Independent members:
Prof. dr.]. Dik, Delft University of Technology
Dr. T. Prosek, University of Chemistry and Technology Prague, Czech Republic
Prof. dr. ir. H.A. Terryn, Vrije Universiteit Brussel, Belgium
Delft University of Technology
Prof. dr. D. Zhang, University of Science and Technology Beijing, China

Prof. dr. M. Zheludkevich, University of Kiel, Germany
Helmholtz-Zentrum Hereon, Germany

Reserve member:
Prof. dr. VA. Popovich, Delft University of Technology

This research was carried out under Project no. T18016 in the framework of the Research
Program of the Materials Innovation Institute (M2i) supported by the Dutch Govern-
ment, within the Faculty of Mechanical Engineering, Delft University of Technology.

A 4 Y VRIJE A
|m2(ﬂ TUDelft m BRUSSEL | ArcelorMittal
SIF TATA STEEL 7 zensor.

Keywords: Atmospheric corrosion; Carbon steel; Multi-droplet electrolyte; Cor-
rosion kinetics; Electrical resistance monitoring; Computer vision;
Weakly supervised learning; Data-driven modelling

Printed by: Ridderprint

Front & Back: ~ Generated by Keer Zhang using Google Gemini and Imagen

Copyright © 2026 by Keer Zhang

ISBN: 978-94-6518-427-2

An electronic version of this dissertation is available at
http://repository.tudelft.nl/.


http://repository.tudelft.nl/

Do not go gentle into that good night,

Old age should burn and rave at close of day;
Rage, rage against the dying of the light.

Though wise men at their end know dark is right,
Because their words had forked no lightning they
Do not go gentle into that good night.

— Dylan Thomas
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SUMMARY

Atmospheric corrosion is the most economically significant form of material degrada-
tion, costing an estimated $2.5 trillion annually and affecting infrastructure across every
industrial sector. Carbon steel, perhaps the world’s most widely used structural mate-
rial, is particularly vulnerable. Despite decades of research, accurately predicting atmo-
spheric corrosion rates under realistic and dynamic conditions remains an open chal-
lenge.

The current state of the art relies on two classes of models. Empirical standards, such
as ISO 9223 dose-response functions, correlate macroscopic environmental parameters
directly with material mass loss. More recently, machine learning models have improved
predictive accuracy by capturing non-linear dependencies in high-dimensional environ-
mental datasets. Nevertheless, both approaches share a deeper limitation: neither mon-
itors nor models the electrolyte layer that physically mediates every corrosion reaction.
In empirical testing, samples are exposed and mass loss is measured, but the instanta-
neous electrolyte conditions (i.e. droplet geometry, concentration, spatial distribution)
during the test usually go unrecorded. In data-driven models, environmental inputs are
mapped statistically to corrosion outputs with no mechanistic representation of the in-
tervening electrochemical reality. The result is that outcomes cannot be interpreted,
failures cannot be diagnosed, and results cannot be transferred across test paradigms.
Because the electrolyte is the universal physical mediator of electrochemical corrosion,
whether exposure occurs under field conditions, accelerated salt spray, or controlled lab-
oratory simulation, a framework grounded in electrolyte dynamics would offer a princi-
pled basis for bridging all three. Accelerated and laboratory conditions are additionally
well-documented and temporally inexpensive to generate, making them practical entry
points for validating such a framework.

This thesis directly addresses that gap. Under realistic atmospheric conditions, surface
moisture does not form a uniform film; it exists as a stochastic population of interact-
ing droplets with distinct geometry, chemistry, and temporal evolution. Yet experimen-
tal studies have historically restricted themselves to either idealized single droplets or
continuous thin films, neither of which captures this multi-droplet reality. The central
contribution of this work is an end-to-end experimental and computational framework
that, for the first time, quantitatively links the spatiotemporal dynamics of a realistic
multi-droplet electrolyte population to global macroscopic corrosion kinetics.

The framework relies on three integrated components. First, a custom climate cham-
ber and electrical resistance (ER) sensor system was designed and validated to contin-
uously monitor corrosion kinetics under discontinuous, droplet-based electrolyte con-
ditions, under which conventional electrochemical methods fail. Second, a fully auto-
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Xii SUMMARY

mated computer vision pipeline was developed, combining large vision models for zero-
shot droplet segmentation with probability-based color metrics to track corrosion prod-
uct formation continuously across thousands of individual droplets simultaneously. The
approach reveals that droplet size is a key governing parameter: larger droplets exhibit
earlier onset and faster accumulation of corrosion products, and two distinct spatial pat-
terns of attack: an Evans-like inner-footprint mode and an outer-periphery mode, are
identified and quantified. Third, a weakly supervised machine learning framework was
developed to solve the kinetic inverse problem: by framing per-droplet kinetic inference
as a multiple-instance regression, the global ER signal is disaggregated into individual
droplet contributions without requiring any droplet-level ground truth labels.

The framework’s mechanistic sensitivity is demonstrated by applying it to study sur-
face roughness. Rougher surfaces produce larger, more elongated droplets through en-
hanced pinning and coalescence, leading to measurably higher and earlier-developing
corrosion rates. The results are fully traceable through the optical and global kinetic data
streams.

Taken together, this work establishes a new experimental paradigm for atmospheric cor-
rosion research: one that opens the black box by making the electrolyte population vis-
ible, measurable, and linkable to damage. The resulting coupled datasets provide the
experimental foundation needed to validate and inform the next generation of physi-
cally interpretable, transferable corrosion prediction models.



SAMENVATTING

Atmosferische corrosie is de economisch meest ingrijpende vorm van materiaalverou-
dering, met een geschatte jaarlijkse kostprijs van 2,5 biljoen dollar en gevolgen voor
infrastructuur in alle industriéle sectoren. Koolstofstaal, verreweg het meest gebruikte
constructiemateriaal ter wereld, is bijzonder kwetsbaar. Ondanks decennia van onder-
zoek blijft het nauwkeurig voorspellen van atmosferische corrosiesnelheden onder rea-
listische en dynamische omstandigheden een open vraagstuk.

De huidige stand van de techniek steunt op twee klassen van modellen. Empirische
standaarden, zoals de dosis-responsfuncties van ISO 9223, correleren macroscopische
omgevingsparameters direct met materiaalverlies. De afgelopen jaren hebben machine
learning-modellen de voorspellende nauwkeurigheid verbeterd door niet-lineaire athan-
kelijkheden in hoogdimensionale omgevingsdatasets te capteren. Beide benaderingen
delen echter een diepere beperking: geen van beide bewaakt of modelleert de elektro-
lytlaag die elke corrosiereactie fysisch medieert. Bij empirisch testen worden monsters
blootgesteld en wordt massaverlies gemeten, maar de instantane elektrolytomstandig-
heden (druppelgeometrie, concentratie, ruimtelijke verdeling) tijdens de test worden
doorgaans niet geregistreerd. In datagestuurde modellen worden omgevingsinputs sta-
tistisch gekoppeld aan corrosie-uitkomsten, zonder mechanistische representatie van
de tussenliggende elektrochemische werkelijkheid. Het gevolg is dat uitkomsten niet
geinterpreteerd kunnen worden, fouten niet gediagnosticeerd kunnen worden en resul-
taten niet overdraagbaar zijn tussen testparadigma’s. Omdat het elektrolyt de univer-
sele fysische mediator is van elektrochemische corrosie, of de blootstelling nu plaats-
vindt onder veldcondities, versnelde zoutnevelproeven of gecontroleerde laboratorium-
simulaties, biedt een kader dat gebaseerd is op elektrolytdynamica een principiéle basis
om alle drie te overbruggen. Versnelde en laboratoriumomstandigheden zijn bovendien
goed gedocumenteerd en tijdsgoedkoop te genereren, waardoor ze praktische uitgangs-
punten vormen voor de validatie van een dergelijk kader.

Dit proefschrift pakt die lacune direct aan. Onder realistische atmosferische omstandig-
heden vormt oppervlaktevocht geen uniform film, maar bestaat het als een stochasti-
sche populatie van wisselwerkende druppels met een eigen geometrie, samenstelling en
temporele evolutie. Toch hebben experimentele studies zich historisch gezien beperkt
tot geidealiseerde enkele druppels of continue dunne films, die geen van beide deze
meervoudige-druppelrealiteit weergeven. De centrale bijdrage van dit werk is een end-
to-end experimenteel en rekenkundig kader dat voor het eerst de ruimtelijk-temporele
dynamiek van een realistische meervoudige-druppelelektrolytpopulatie kwantitatief kop
pelt aan globale macroscopische corrosiekinetiek.

Het kader steunt op drie geintegreerde componenten. Ten eerste werd een klimaatka-

xiii



Xiv SAMENVATTING

mer op maat en een elektrisch weerstandssensorsysteem (ER) ontworpen en gevalideerd
om corrosiekinetiek continu te bewaken onder discontinue, druppelgebaseerde elektro-
lytomstandigheden, waarbij conventionele elektrochemische methoden tekortschieten.
Ten tweede werd een volledig geautomatiseerde computer vision-pijplijn ontwikkeld,
die grootschalige visiemodellen voor zero-shot druppelsegmentatie combineert met op
waarschijnlijkheid gebaseerde kleurmetrieken om de vorming van corrosieproducten
continu te volgen over duizenden individuele druppels tegelijkertijd. De aanpak toont
aan dat druppelgrootte een bepalende parameter is: grotere druppels vertonen een eer-
der begin en snellere ophoping van corrosieproducten, en twee ruimtelijk onderschei-
den aanvalspatronen worden geidentificeerd en gekwantificeerd: een Evans-achtig bin-
nenvoetafdrukpatroon en een buitenperifeerpatroon. Ten derde werd een zwak gesu-
perviseerd machine learning-kader ontwikkeld om het kinetische inverseprobleem op
te lossen: door de per-druppel kinetische inferentie te formuleren als een meervoudige-
instantie regressie wordt het globale ER-signaal opgesplitst in individuele druppelbijdra-
gen, zonder dat per-druppel grondwaarheidslabels vereist zijn.

De mechanistische gevoeligheid van het kader wordt gedemonstreerd door het toe te
passen op de studie van oppervlakteruwheid. Ruwere oppervlakken produceren gro-
tere, meer langwerpige druppels door verbeterde vastzetting en coalescentie, wat leidt
tot meetbaar hogere en eerder optredende corrosiesnelheden. De resultaten zijn volle-
dig traceerbaar via de optische en globale kinetische datastromen.

Samenvattend vestigt dit werk een nieuw experimenteel paradigma voor atmosferisch
corrosieonderzoek: een paradigma dat de zwarte doos opent door de elektrolytpopulatie
zichtbaar, meetbaar en koppelbaar aan schade te maken. De resulterende gekoppelde
datasets bieden de experimentele basis die nodig is om de volgende generatie fysisch
interpreteerbare en overdraagbare corrosievoorspellingsmodellen te valideren en te in-
formeren.
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PREFACE

There is a lot of science in this film, but it’s there for the people who are interested in it and
want to dig a little deeper.
— Christopher Nolan, on Interstellar, 2014

When Christopher Nolan set out to depict a black hole on screen for the first time, he did
not ask audiences to simply trust that it looked right. He brought in theoretical physicist
Kip Thorne, who derived the actual equations governing how a black hole bends light,
and handed them to the visual effects team. The result was imagery that had never ex-
isted before: not as an artistic impression, but as a genuine scientific rendering made
visible for the first time. Audiences did not need to understand the mathematics to feel
its truth. But the mathematics was there for those who wanted it, and its presence made
everything more honest.

I find that story instructive for a field like atmospheric corrosion. For decades, corrosion
in application has operated with a version of the just-trust-it problem. Engineers have
learned which surface treatments work and which do not. Standards have accumulated
vast empirical databases. Machine learning models have found statistical patterns in en-
vironmental data that predict damage with reasonable accuracy. All of this works, in the
same way that a film, can be emotionally effective without showing you the real physics
ofablack hole. But none of it shows you what is actually happening. The electrolyte layer
that mediates every corrosion reaction — the thin, stochastic population of droplets that
forms on a steel surface, evolves, interacts, and drives damage, has remained invisible.

This thesis is an attempt to make that invisible process visible. What follows is a frame-
work: experimental, computational, and data-driven, that tracks thousands of individ-
ual droplets in real time, watches corrosion products form and spread beneath each one,
and connects what it sees to quantitative measurements of material loss. It does not ask
scientists to accept correlations they cannot interpret, nor does it ask engineers to trust
a black box they cannot inspect. The mechanisms are there for those who want them.
The outcomes are traceable for those who need them.

Nolan has said he hopes Interstellar will make people think about humanity’s place in
the universe. This thesis has more modest ambitions. But I do hope that anyone who
has ever stood in front of a corroding infrastructure and wondered precisely what is hap-
pening at that surface, and why, will find something useful in these pages.

Keer Zhang
Delft, March 2026
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INTRODUCTION

This research focuses on three primary topics: (1) the development of a "White Box" exper-
imental framework that couples dynamic electrolyte monitoring with global kinetic mea-
surements; (2) the formulation of dynamic probability descriptors to characterize visual
corrosion propagation, and the implementation of weakly supervised learning to infer
material loss evolution for each droplet from droplet visual features and global corrosion
kinetics; and (3) the statistics investigation of how surface roughness modulates corrosion
mechanism via altering electrolyte population. This chapter provides an overview of the
research background and its associated challenges, followed by a discussion of the existing
knowledge gaps and an outline of the thesis structure.



2 1. INTRODUCTION

1.1. SOCIAL IMPORTANCE OF ATMOSPHERIC CORROSION MAN-

AGEMENT

Atmospheric corrosion is the most prevalent form of material degradation, affecting in-
frastructure, transportation, and energy sectors globally. Unlike specific degradation
mechanisms that require continuous immersion, atmospheric corrosion is a widespread
phenomenon driven by the interaction between materials and dynamic environmental
conditions, particularly fluctuating humidity, wet-dry cycles, and the presence of sur-
face electrolytes or pollutants[1]. The economic burden is substantial; according to the
NACE International IMPACT study, the global cost of corrosion is estimated at $2.5 tril-
lion annually, equivalent to roughly 3.4% of global Gross Domestic Product (GDP)[2].
A significant fraction of this cost arises from atmospheric corrosion of carbon steel[2].
Carbon steel is a primary construction material widely utilized across civil infrastruc-
ture, marine, offshore, and transportation applications. It serves as the central focus of
this thesis. Consequently, the ability to accurately predict its corrosion rates and ser-
vice life under complex atmospheric conditions has become a critical requirement for
predictive maintenance and management.

1.2. FROM INTERNATIONAL STANDARDS TO MACHINE LEARN-
ING

To address this predictive challenge, the corrosion community has traditionally relied
on empirical modeling. The current state-of-the-art, as described in standards such
as ISO 9223 [3], utilizes Dose-Response Functions (DRFs) to estimate corrosion rates.
These functions operate as statistical regressions that correlate environmental parame-
ters, such as relative humidity (RH), temperature (T), and pollutant concentrations (e.g.,
S02, Cl-), directly with material mass loss. While effective for broad corrosivity catego-
rization, these linear models struggle to capture the complex and non-linear interactions
in dynamic weather systems.

In recent years, the field has moved toward data-driven approaches by employing Ma-
chine Learning (ML) algorithms, such as Artificial Neural Networks (ANNs) and Random
Forests, to analyze high-dimensional environmental datasets[4-8]. These models sig-
nificantly outperform traditional DRFs by capturing non-linear dependencies and in-
tegrating a wider array of variables. Furthermore, techniques such as transfer learning
have been introduced to adapt models trained in data-rich regions to new locations with
sparse data[9].

Despite these advances, a fundamental limitation persists that both traditional DRFs
and modern ML models operate as “Black Boxes”. They map environmental inputs di-
rectly to corrosion outputs via bypassing the physicochemical reality of the process.
Consequently, they suffer from two critical weaknesses:

* First, the data dependency. Their accuracy is intrinsically bound to the quality
and granularity of the training data. Most models rely on historical environmental
monitoring that is often coarse (hourly or daily averages), which smooths out the
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rapid fluctuations in wetting and drying that drive corrosion initiation.

* Second, lack of mechanistic insights: A model trained on data from one climate
learns the statistical correlations specific to that region. When applied to a dif-
ferent climate, purely statistical transfer learning struggles because it does not
“understand” how changes in environmental parameters fundamentally alter the
electrolyte phase, which usually appears as a thin, dynamic liquid film that serves
as the direct medium for interfacial electrochemical reactions.

In short, the model optimizes correlation but ignores causation. To achieve true transfer-
ability, which predicts corrosion in a new environment without historical data, we must
open the black box and explicitly model the electrolyte layer as the governing transfer
function.

1.3. THE EXPERIMENTAL BOTTLENECK: FIELD VS. INDUSTRY

VS. LABORATORY

To move beyond statistical correlation and validate mechanistic models[10], researchers
require high-resolution coupled data, specifically, data with sufficient spatiotemporal
resolution to synchronize dynamic physical changes with transient electrochemical re-
sponses. This data should link a broad input space, including environmental conditions,
material properties, and the dynamic electrolyte configurations, which is the primary fo-
cus of this thesis to the corrosion kinetics.

Historically, continuous corrosion monitoring sensors, such as Electrical Resistance (ER)
[11-15], galvanic Atmospheric Corrosion Monitor (ACM) |6, 16-19], and gravimetric [20,
21] sensors have been widely employed to bridge this gap. While these sensors are ex-
cellent in providing time-resolved kinetic data in atmospheric research, correlating their
outputs directly with the complex, instantaneous physical state of the surface remains a
challenge. Consequently, current experimental methodologies lack the ability to provide
the fully coupled data necessary for mechanistic validation.

Field exposure test (FET)

FET in application sites (e.g., test centers in coastal or industrial zones) serves as the
“ground truth” of atmospheric corrosion. However, from a modeling perspective, the
field functions as a black box. While FET yields valuable quantitative outcomes, such as
integrated mass loss, localized attack metrics, corrosion morphology, and time-resolved
macroscopic environmental information, the instantaneous evolution of direct corro-
sion mediums (i.e. the formation, growth, and evaporation of electrolyte droplets) is
stochastic and barely recorded. While knowing the material is actively corroding, the

specific wetting events or droplet configurations that cause the damage remain unknown.

This lack of temporal resolution makes it impossible to validate dynamic mechanistic
models.

Accelerated corrosion tests (ACT)
To overcome the time constraints and uncontrollability of field exposure, the industry
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relies on ACT, ranging from continuous salt spray (e.g. ASTM B117[22]) to more complex
cyclic tests (e.g., ISO 14993([23]). ACTs are commonly designed for qualitatively evalu-
ating the corrosion resistance of materials under specific protocols. While cyclic tests
attempt to mimic atmospheric transitions by alternating between wet and dry phases,
direct monitoring of the electrolyte conditions encountered during the tests is often
absent[24], making it hard to establish quantitative transferability to how the material
would corrode in field applications.

Fundamental lab-scale tests

To uncover the fundamental physicochemical mechanisms driving atmospheric corro-
sion, academic research has produced an extensive body of work combining surface-
sensitive techniques and localized electrochemical testing. Techniques such as the Scan-
ning Kelvin Probe (SKP)[25-31], Electrochemical Impedance Spectroscopy (EIS) [32-42],
potentiodynamic polarization [32, 39, 40, 43-46], Electrochemical Noise (EN) [32, 47—
52], and Wire Beam Electrodes (WBE) [53-57] have been widely deployed to measure
transient corrosion kinetics and local potential fields.

However, previous in-situ investigations into atmospheric corrosion rarely focus directly
on the geometry of the thin electrolyte layer. Instead, they typically examine the direct
influence of macroscopic environmental parameters, such as relative humidity[34, 40,
42, 45], ambient temperature[34, 40, 43, 50] and atmosphere composition[35, 41] on the
metal’s corrosion behavior. When the electrolyte configuration is explicitly considered
to achieve mechanistic clarity, studies typically restrict their focus to highly idealized
geometries. Research thus falls into two physically distinct scenarios: continuous thin
electrolyte films[26, 28, 33, 58-60] which provide relatively homogeneous boundary con-
dition or isolated single droplets[29-32, 53, 55, 56] which allow for precise analysis of lo-
calized electrochemical gradients. This necessary idealization ignores a critical physical
reality: due to surface tension, wetting properties, and dynamic environmental transi-
tions, atmospheric moisture most often exists as a complex, discontinuous, and inter-
acting multi-droplet population.

The gap in mechanistic modeling

The discrepancy between idealized lab-scale experiments and real-world multi-droplet
environments highlights a major bottleneck in current predictive modeling. As discussed
previously, while empirical standards and data-driven models are excellent at finding
statistical correlations, they operate as black boxes which lack causal interpretability. To
achieve true mechanistic prediction by looking for causation rather than just correlation,
the field mostly relies on physics-based numerical modeling, such as Finite Element
Models (FEM). FEM approaches attempt to explicitly simulate the underlying physical
reality by calculating ion transport, oxygen diffusion, and local potential distributions
based on interfacial electrochemical kinetics.

However, because these mechanistic models require explicitly defined spatial bound-
aries, they are heavily constrained by the same idealized geometries used in lab experi-
ments. Current FEM simulations are highly effective at modeling a static single droplet[61-
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63] or a continuous thin film[24, 64-67]. More recently, significant efforts have been
made to extend FEM into multi-droplet realities. For instance, Van den Steen et al[68]
developed a framework that computes corrosion current densities for individual droplet
geometries and applies them to imposed droplet-size distributions. However, because
experimental data coupling multi-droplet population distributions with actual corro-
sion rates is largely missing, such models must rely on synthetic size distributions rather
than measured inputs for comparison. Consequently, these mechanistic frameworks
remain fundamentally bottlenecked by a lack of direct experimental validation linking
realistic multi-droplet configurations to corrosion kinetics.

1.4. THEORETICAL FRAMEWORK

To bridge the gap between laboratory models, the accelerated corrosion tests, and realis-
tic field behavior via exploring the role of electrolyte configurations, this thesis integrates
concepts from four scientific domains: interfacial electrochemistry, electrical resistance
monitoring, computer vision, and weakly supervised machine learning. As illustrated in
Fig. 1.1, this thesis positions the droplet electrolyte as the governing transfer function
linking all three scales of corrosion research.

This section outlines the fundamental operating principles of these domains necessary
to understand the proposed multi-modal framework.

The interfacial electrochemistry: from Evans droplet to dynamic multi-droplet sys-
tems

Central to the mechanistic understanding of atmospheric corrosion is the behavior of
the discrete electrolyte droplets. Unlike immersion under a bulk or continuous thin film
electrolyte, where material access with electrolyte is uniform, a sessile droplet on a metal
surface creates a condition of differential aeration. This phenomenon, first elucidated
by U.R. Evans[69], serves as the foundational conceptual reference for localized atmo-
spheric corrosion.

Asillustrated in the classical Evans model (Fig. 1.2), oxygen from the surrounding atmo-
sphere first dissolves into the electrolyte and must then diffuse through the liquid phase
to reach the metal surface. Because the electrolyte is thinnest at the droplet’s periph-
ery (the three-phase boundary), the dissolved oxygen diffusion path is shortest there,
enabling rapid replenishment and establishing an oxygen-rich region that facilitates the
cathodic reduction reaction:

0+ H,O+4e —40H (1.1)

Conversely, the thicker electrolyte near the droplet center sustains a longer diffusion
path, leading to dissolved oxygen depletion and establishing an anodic region where
active metal dissolution occurs:

Fe— Fé*" +2e 1.2)

As Fe?" ions migrate outward and OH™ ions migrate inward, they meet in an intermedi-
ate zone where they interact to form insoluble iron hydroxides and oxides, and precipi-
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Figure 1.1: The droplet electrolyte as a governing transfer function bridging three scales of atmospheric corro-
sion research. Current limitations in each domain and the contributions enabled by this thesis are indicated.

tate as a distinct membranous mantle or "rust ring".

While Evans accurately captured the dynamic precipitation and physical movement of

corrosion products within these spatially separated zones, his foundational work pri-
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Figure 1.2: Schematic illustration of Evans droplet corrosion model

marily examined macroscopically isolated and stable droplets. Real atmospheric corro-
sion, however, introduces two additional layers of complexity: first, as discussed in the
last section, multiple droplets can co-exist and interact through several mechanisms,
including merging via wet area expansion, electrochemical coupling when their elec-
trolyte zones overlap, and ion redistribution driven by evaporation-induced flows; and
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second, the properties of an individual droplet can be highly transient. As stochastic
multi-droplet populations evaporate, merge, and interact, local concentration gradients
emerge due to enhanced vapor flux at the edges. This induces internal capillary and
Marangoni flows that redistribute ions and further complicate the localized kinetics[70-
72]. Furthermore, depending on droplet size and electrolyte composition, sample sur-
face condition and environmental conditions, corrosion is not strictly confined to the
initial footprint. For instance, expansion of the wet area surrounding the original pri-
mary droplet is observed[73], and sometimes corrosion is also found to propagate out-
ward from the area covered by the primary droplet[74, 75], which further enables inter-
droplet interactions.

Translating electrochemistry to visual signatures

This dynamic electrochemical heterogeneity directly translates into observable optical
features. Whether confined to the original droplet footprint or spreading to the sur-
rounding regions, the localized anodic and cathodic activities result in the spatial distri-
bution of corrosion products. Because the precipitation of iron oxides involves distinct
color shifts (e.g., from a clear electrolyte to highly opaque yellowish, brownish, or black
rust), these insoluble products act as a direct, physical proxy for underlying corrosion
propagation([76]. By applying automated data pipelines to analyze the spatiotemporal
evolution of these visual signatures, it becomes possible to optically quantify the corro-
sion progression of thousands of droplets simultaneously without interrupting the phys-
ical electrochemical process.

The kinetic monitoring: the electrical resistance (ER) method

To quantify the corrosion kinetics generated by these droplets without interrupting the
reaction process, this work utilizes the Electrical Resistance (ER) technique. Electro-
chemical methods such as EIS, EN and galvanic method often struggle under realistic
atmospheric conditions because they typically require a continuous bulk electrolyte to
maintain ionic conductivity between electrodes. In contrast, the ER method is excep-
tionally well-suited for atmospheric corrosion research particularly under multi-droplet
conditions. It is non-invasive and focuses on the macroscopic physical properties of the
corroding material itself, making it capable of measuring integrated mass loss even un-
der highly discontinuous or purely droplet-based electrolyte conditions.

The method functions by directly linking mass loss to changes in electrical properties.
It relies on the inverse relationship between the electrical resistance (R) of a metallic el-
ement and its cross-sectional area (A), governed by Ohm’s law:

R= L (1.3)
_pA .

where p is the resistivity and L is the length. As corrosion reduces the metal thickness,
the cross-sectional area decreases, leading to a measurable increase in resistance (R).
Because ER can change with temperature, a moisture-blocked reference sample is in-
troduced to compensate for thermal effects. In the context of this thesis, the ER signal
serves as the “global ground truth”. While it is important to acknowledge that the ER
method has inherent limitations in spatial resolution since it assumes thickness loss is
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uniform across the sensor track and thus cannot capture the exact depth or geometry of
localized pitting attacks, it provides a precise, robust and time-resolved measurement of
the total integrated material loss across the entire surface. This global kinetic data serves
as the most reliable quantitative validation target for the data-driven predictive models
developed in this work.

The computational logic: from vision to weakly supervised learning

A primary challenge in correlating visual droplet dynamics with corrosion rates is the
“corrosion status quantification”. A single experiment generates hundreds of images
containing tens of thousands of droplets, making manual annotations infeasible. To re-
solve this, this thesis establishes a multi-stage computational pipeline that progresses
from robust segmentation to kinetic inference.

° Semantic segmentation via Large Vision Models (LVM) Traditional thresholding
algorithms (e.g., Otsu’s method[77]) struggle to distinguish between transparent
droplets, corrosion products, and background artifacts. To overcome this, this
work utilizes state-of-the-art Large Vision Models (e.g., SAM[78]) to perform ro-
bust, zero-shot segmentation of the droplet areas followed by post-processing,
which provides the geometrical basis for all subsequent analysis.

e Corrosion feature construction Once segmented, the pipeline extracts high-dimensional

features for each droplet at each time step. Probability-based corrosion indicators
are then constructed for inferring the likelihood of corrosion initiation based on
the evolution of segment color, which serves as the quantitative proxy for corro-
sion status evolution.

* Kinetic disaggregation via weakly supervised learning Meanwhile, to link these
local optical corrosion features with physical mass loss, the framework employs
weakly supervised learning to solve an “inverse problem”. The algorithm takes the
time-resolved visual features from all droplet segments and correlates them with
the single global corrosion kinetic signal measured by the ER sensor. By learning
temporal weights that best map the collective visual features to the measured in-
crease in resistance, the model effectively disaggregates the global signal to infer
the specific kinetic contribution of each individual droplet without requiring per-
droplet ground truth labels. It must be noted that this data-driven disaggregation
does not replace mechanistic understanding; rather, it complements it. By provid-
ing localized kinetic estimations that are experimentally impossible to measure
directly, this framework serves as a bridge between macroscopic sensor data and
microscopic droplet electrochemistry.

1.5. RESEARCH OBJECTIVES AND THESIS OUTLINE

The primary objective of this thesis is to investigate atmospheric corrosion under a col-
lection of droplets coexisting on the same surface, which serves as a simplified model for
discontinuous electrolyte configurations. By computationally analyzing the spatiotem-
poral optical evolution of the localized electrolyte, this work aims to establish a quanti-
tative framework that links macroscopic corrosion rates with microscopic multi-droplet
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dynamics. This data-driven approach directly bridges the gap between the idealized
single-droplet geometry in fundamental lab-scale models with the stochastic, large-scale
droplet population observed in field and accelerated corrosion tests. To achieve this, the
research strategy is structured as a comprehensive experimental-computational pipeline
progressing from experimental platform designing, multi-modal data acquisition and
signal processing to automated feature extraction, kinetic inference, and finally, mecha-
nistic application. The outline of the full thesis is presented in Fig. 1.3. The first major
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& multi-modal data acquisition
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on multi-droplet corrosion
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Conclusions and outlook

Figure 1.3: Thesis outline

objective of this thesis is to design and validate an experimental framework that inte-
grates real-time optical monitoring with precise corrosion kinetic measurements. Ac-
cordingly, Chapter 2 establishes the data-generation and signal-processing foundations
of the thesis. It details the design and validation of a novel pipeline that synchronizes
the continuous signal acquisition of droplets’ optical evolution with ER-based corrosion
kinetics.
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Once these high-resolution data streams are established, the next objective is to compu-
tationally extract quantitative features from the complex visual environment of a corrod-
ing surface. Traditional segmentation fails due to transparent droplets, textured metals,
and visually confusing corrosion products. Chapter 3 utilizes state-of-the-artlarge vision
models to achieve robust, zero-shot segmentation of transparent droplets against these
noisy backgrounds. It then addresses the oversimplification of binary corrosion classifi-
cation by developing continuous, probability-based indicators from raw visual features
to quantitatively track the gradual progression of corrosion.

With local optical features computationally extracted and global kinetic data recorded,
the research confronts an "inverse problem". While mechanistic corrosion operates at
the local droplet level, the electrical resistance sensors capture an integrated, macro-
scopic effect across the entire surface. Chapter 4 aims to link global kinetic signals to lo-
cal visual features using weakly supervised machine learning. This approach effectively
infers the specific kinetic contribution of each individual droplet without requiring per-
droplet ground-truth labels.

Chapter 5 applies this fully developed data-driven framework to investigate a fundamen-
tal governing parameter of atmospheric corrosion: surface roughness. The objective is to
determine how surface topography acts as a governing parameter to alter droplet pop-
ulation dynamics, and consequently, to quantify its effect on the underlying corrosion
mechanisms.

Finally, Chapter 6 concludes the dissertation by summarizing the main findings, demon-
strating that the core research objectives have been met, and outlining potential direc-
tions for future data-driven research in atmospheric corrosion.
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Abstract

This paper presents a novel approach to investigate atmospheric corrosion kinetics of car-
bon steel under multi-droplet conditions. A homemade climate chamber has been devel-
oped to accurately control and monitor environmental conditions, including temperature
(T) and relative humidity (RH), during exposure. Carbon steel corrosion kinetics are mon-
itored with a custom-designed Electrical Resistance (ER) sensor pair. Savitzky-Golay (S-G)
based filtering technique has been used for the corrosion signal processing. In parallel,
top-view droplet temporal evolution has been recorded by microscopic imaging and an-
alyzed for both droplet size distribution and the solid-liquid contact angle. The droplet
size distribution can typically be described with a power-law form curve. The curve shows
a decrease in height and a concurrent expansion in width with progressive drying. The
introduction of NaCl into the electrolyte and surface roughness variations have also been
identified to substantially influence the carbon steel corrosion rate. A strong correlation
between the corrosion rate derived from the ER monitoring method and the RH can be ob-
served. Additionally, this correlation can be further expanded to droplet-based electrolyte
conditions. This study offers valuable insights into the development of mechanistic and
kinetic prediction models for atmospheric corrosion.
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2.1. INTRODUCTION

Atmospheric corrosion usually initiates and proceeds under a thin, continuous, or dis-

continuous electrolyte layer. In either scenario, the thin electrolyte film exhibits a low

thickness at a scale of several tens of micrometers, facilitating the oxygen diffusion through

the layer and enabling the occurrence of redox reactions at the metal-electrolyte inter-
face[l]. This characteristic differs significantly from bulk-electrolyte corrosion, where

the rate of oxygen diffusion primarily governs the kinetics of corrosion[2].

Under natural conditions, the formation of the thin electrolyte layer typically results
from several processes. These include the deliquescence of pre-deposited salt, physi-
cal condensation initiated by the local temperature gradient between the sample sur-
face and the surrounding environment, or direct deposition from environmental sources
such as rain, snow, and fog. Conversely, in accelerated exposure conditions like salt spray
tests, the thin electrolyte layer usually forms through direct deposition. In both cases, the
thin electrolyte layer can appear to be quite discontinuous due to variations in relative
humidity, temperature and wind speed[3].

The geometry, thickness and chemical nature of the thin electrolyte layer are essential
in determining oxygen accessibility at the solid-liquid interface. When the thin elec-
trolyte layer is discontinuous, or in extreme scenarios where the layer resembles a group
of droplets, each droplet can be considered as an individual electrochemical cell, com-
monly referred to as an Evans droplet[4]. In the context of an Evans droplet, the metal
located at the center of the droplet usually functions as an anode due to a higher local
thickness in the thin electrolyte layer, resulting in lower oxygen availability at the solid-
liquid interface. On the other hand, the metal situated under the peripheral part of the
droplet usually functions as a cathode. The dynamic change in droplet geometry during
the drying process could also induce internal flows, such as Marangoni flow and capil-
lary flow. These flows can lead to a dispersion in salt concentration within the droplet
when salt is introduced[5]. Furthermore, complex changes in droplet geometry, such as
merging between adjacent droplets, could also occur in scenarios involving multiple dy-
namic droplets, leading to a change in droplet size distribution.

Previous in-situ investigations into atmospheric corrosion have rarely directly focused
on the geometry of the thin electrolyte layer. These investigations typically involve a
direct examination into the influence of various environmental parameters, such as rel-
ative humidity, temperature, rainfall precipitation, corrosive gases, and particulate con-
taminants, on the corrosion behavior of metals, such as corrosion rate and corrosion
product formation. Electrochemical techniques such as electrochemical impedance spec-
troscopy (EIS)[3, 6, 7], galvanic couple sensors or atmospheric corrosion monitors (ACM)[8—
13] and electrochemical noise (EN)[14], or non-electrochemical techniques such as elec-
trical resistance (ER)[15-23] and quartz crystal microbalance (QCM)[24], have been uti-
lized to study metal corrosion behavior in a controlled or monitored environment. Some
other studies focusing on the thin electrolyte layer geometry usually assume a simplified
condition, where the thin electrolyte layer is modelled as either a thin film that is homo-
geneous in thickness and composition[25-27], or as a single droplet[28-33]. By adopting
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this assumption, metal corrosion behavior can be assessed with electrochemical meth-
ods such as EIS[26, 28, 29], potentiodynamic polarization[27, 29, 30], and open circuit
potential measurements[25, 31-33]. However, as discussed previously, this thin elec-
trolyte layer can also appear relatively discrete and would be more accurately described
as a group of droplets. Besides, some investigations[34-36] have also stated that when
relative humidity exceeds the threshold for NaCl to deliquesce, several monolayers of
absorbed moisture could also exist where droplets are not visible. These monolayers
will then introduce continuity among (part of) the droplets, acting as bridges to transfer
ions between them. Some studies have also investigated the electrolyte geometry con-
dition through modeling approaches[29, 37]. Jiang et al.[29] have assessed the effect of
droplet size distribution under multiple-droplet conditions, analyzing it from the per-
spective of the total three-phase boundary (TPB) area. They argued that corrosion tends
to be less significant under a single large droplet than ten smaller droplets when the to-
tal solid-liquid contact area is equivalent, at 1 cm2 for both scenarios. Van den Steen et
al.[37] have proposed a steady-state iron corrosion model for single droplet condition,
and subsequently extended the analysis to include multi-droplet conditions, incorporat-
ing the distribution of droplets. Both works have revealed a considerable dependence of
corrosion rate on droplet distribution, which consequently affects the corrosion process.

This calls for a method where both corrosion kinetics and droplet distribution can be
studied simultaneously in an in-situ configuration. In situations where multiple droplets
are involved, non-electrochemical methods are often preferred since they can capture
corrosion information even when the thin electrolyte layer is (partially) discontinuous.
For QCM, a calibration into deposited mass of salt, relative humidity with QCM response
is always necessary to differentiate corrosion-induced mass gain from other factors, such
as that resulting from moisture absorption. ER-based corrosion rate assessment is an-
other widely employed method since its introduction in the 1950s[38]. Prosek et al.[20]
have utilized this method to study the corrosion kinetics of both carbon steel and zinc
during atmospheric corrosion tests, and later applied the same technique to assess the
corrosion rate of bronze in an atmosphere where formic or acetic acid is also present[21].
Diler et al. have employed this method to investigate the degradation of both metallic
and organic coatings on carbon steel during atmospheric corrosion tests[15]. Subse-
quently, they have examined the deviation between ER-based corrosion depth from the
mean localized corrosion depth and emphasized that such deviation is directly related
to the distribution and size of pits[16]. Regarding the electrical conductivity of the thin
electrolyte layer itself, Rafefi[22] has studied the possible short circuit effect by this layer
during electrical resistance measurements, and confirmed that such an effect is negligi-
ble even when dealing with a fluid possessing electrical conductivity equivalent to that
of seawater. Nevertheless, there is still a research gap concerning the impact of the pre-
cise geometry of the thin electrolyte layer on corrosion, which calls for further investiga-
tions. Additionally, effective signal filtering techniques are also essential for accurately
retrieving real-time corrosion depth and corrosion rate from the acquired electrical re-
sistance signals. With these parameters determined, it is possible to further analyze the
relationship between corrosion rate and various factors, such as droplet geometry and
environmental parameters. This work proposes a setup where corrosive multi-droplet-
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based electrolyte condition is created, and the corrosion rate is actively monitored using
the electrical resistance method. The sample surface is simultaneously monitored with
an optical microscope, from which both droplet distribution evolution and corrosion
product formation can be visualized. Special attention has been paid to lowering the ef-
fect of thermal noises while keeping droplet boundaries recognizable under the optical
microscope. A detailed discussion into corrosion signal and image processing has also
been addressed.

2.2. MATERIALS AND METHODS

2.2.1. THE CLIMATE CHAMBER

While this work focuses on corrosion under multi-droplet-based electrolyte condition,
ideally, after the initial formation of droplets on the metal surface, the droplets should
be maintained as long as possible. This is crucial because corrosion takes time to initi-
ate, progress and become optically observable under the microscope. This is achieved
with a homemade climate chamber, the details of which will be provided in the result
section. An environmental probe (HygroSmart HS3 probe, Michell Instruments, United
Kingdom) is included for environmental conditions monitoring. To accurately record
the initial conditions, all monitoring channels are started prior to introducing the corro-
sive environment. These include the monitoring of environmental conditions with the
environmental probe, as discussed above, corrosion kinetics monitoring using the elec-
trical resistance track pair, and droplet evolution monitoring with a camera and lens,
which will be discussed subsequently.

2.2.2. THE ELECTRICAL RESISTANCE (ER) METHOD

The ER method monitors corrosion kinetics by actively measuring metal sample elec-
trical resistance. As corrosion progresses, metal will gradually transform into oxides,
which possess significantly lower electrical conductivity compared to the uncorroded
metal. Consequently, the resistance of the sample will increase. In the case of atmo-
spheric corrosion, localized corrosion usually first appears at discrete sites and gradually
spreads over the sample. These local corrosion products can also deviate in size, shape,
and depth. Considering the specific configuration of localized corrosion products, the
electrical resistance (R) of a corroding sample can be described with Eq. 2.1, using the
electrical resistivity of iron (p) without accounting for temperature variations.

R= fL Ldi= fL L @.1)
lo A0 TPL TR waw '

Here, L (or 1 for specific location), W (or w), and H (or h) represent length, width, and
height (or thickness) of the sample, respectively. The electrical currents flow in the length
direction of the sample. L and W are constant throughout the test, while H decreases
because of corrosion. Due to the complexity in Eq. 2.1, sample electrical resistance is
simplified to Eq. 2.2 by assuming thickness loss is the same over the whole L-W plane.

R=p—— 2.2
PHw @2
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Sample electrical resistance is continuously monitored with an EL3692 EtherCAT termi-
nal, coupled with an EK1100 EtherCAT coupler for power supply (provided by Beckhoff
Automation GmbH & Co. KG, Germany). Four-wire measurements are performed to
eliminate contact resistance. To account for the effect of temperature, a reference track
(Rref), composed of the same material as the sensor track (Rsens) which is actively cor-
roding, is also included and placed in the same environment as the sensor track. Addi-
tionally, it is covered with a moisture-blocking layer to prevent its exposure to the corro-
sive environment.

By continuously monitoring Ry.s and Rgens, corrosion depth (AH(#)) can be obtained
with Eq. 2.3, where fy and t represents the initial state and the state at the time of mea-
surement, and h represents the initial thickness of the substrate.

_ Rref(t) Rref(to)
Rsens(t) Rsens(to)

AH(t)=ho|1 (2.3)

As reported in the standards ASTM-G96 and ISO 11844-2[39, 40], insufficient tempera-
ture compensation remains a challenge for the electrical resistance method, even with
the implementation of a reference track. Efforts have been made throughout previous
studies to tackle this issue, mainly through two approaches: precise temperature control
by keeping fluctuations within a narrow range(3, 21], or restricting corrosion analysis to
period where both temperature and relative humidity are stable[20].

Track geometry also plays a crucial role in minimizing thermal noises. In general, alarger
L, and smaller W and H is preferred to enhance the detection of corrosion effects by am-
plifying the change in R for the same corrosion depth. Such geometry can, however, po-
tentially result in a delay in heat transfer between the track and the environment when
there is a sudden change in environment conditions, due to an increased track heat ca-
pacity. Furthermore, the presence of moisture-blocking material on the reference track
may further contribute to this delay in its thermal responses to environmental changes.
To address this issue, efforts have been made to enhance the heat exchange between the
reference track and the environment, with further details to be discussed in the result
section.

Additionally, a proper filtering technique is applied on electrical resistance signals to ex-
tract the underlying trend. The details about electrical resistance signal filtering method
are described in the Supplementary Information, under Section 2.S.1.

2.2.3. VARIABLE CORRELATION ANALYSIS

The Pearson correlation (Eq. 2.4), a widely accepted criterion for evaluating the lin-
earity between two variables, is employed in this study to assess the linear correlation
between the electrical resistance of reference and sensor track with the ambient tem-
perature. Later, this criterion is also applied to assess the relationship between relative
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humidity and corrosion rate.
P Y (i —=0yi—9)
Xy =
VEL = D%/, i - 92

(2.4)

Here, ry,, denotes Pearson correlation coefficient, x and y represent variables. Specifi-
cally, X and jy represent the mean value of x and y.

2.2.4. MATERIALS AND ROUGHNESS QUANTIFICATION

The electrical resistance samples are prepared by cold-cutting from EN 10139 DCO01-
C590 carbon steel sheet measuring 25 ym thickness (Georg Martin GmbH, Germany).
The elemental composition is as follows: 0.12 wt % C, 0.6 wt % Mn, 0.05 wt % B, 0.045
wt % S, with the remainder being Fe. Two different surface finishes have been applied to
the electrical resistance track pairs to facilitate various aspects of the study. Initially, one
group of the samples is finished with 3 um colloidal silica polishing suspension. This
finish is chosen to minimize background distortion and enhance the clarity of droplet
distribution, aiding droplet image analysis. The second group is finished with 2000 grit
silicon carbide (SiC) grinding paper. This choice is based on an analysis into the results
obtained from the 3 um samples, details of which will be addressed later in the result
section. After surface preparation, all samples are rinsed with deionized water (18.2 MQ
cm) followed by isopropanol, and then dried with compressed air. All samples are stored
in a drying box for 1 day before the exposure test. Sample surface roughness is analyzed
with atomic force microscopy (AFM) and quantified by the roughness average (Ra) ac-
cording to ISO 4287[41].

2.2.5. DROPLET EVOLUTION MONITORING

Droplets are pre-deposited onto the sample surface by spraying to avoid a fast evolu-
tion in droplet distribution configuration, which can add extra complexity to droplet
image analysis. Following the initial deposition of droplets, moisture composed of the
same electrolyte as the droplet is generated by a humidifier (Spring light wood diffuser,
Asakuki, Japan) and then introduced to the chamber to increase the relative humidity.
The droplet geometry is continuously monitored with a camera (Manta G319-B camera
provided by Allied Vision Technologies GmbH, Germany, with sensor pixel size being
3.45 um x 3.45 ym) and lens (10X telecentric objective lens and 3X compact objective
lens, both provided by Mitutoyo Corporation, Japan) system. The metal surface is illu-
minated with a ring light to enhance the visualization of the droplet boundaries[42]. To
avoid any potential damage caused by moisture, both camera and lens are positioned
outside the climate chamber.

2.2.6. DROPLET IMAGE ANALYSIS METHOD

A Python program has been developed for auto-recognition of droplets. As an illustra-
tion, Fig. 2.1a shows a snapshot of the image acquired with the camera and 10X lens
on a sample finalized with 3 um polishing suspension. As presented in the figure, each
droplet is identifiable through a distinct bright contour (indicated with blue arrows) pro-
jected from the ring light for illumination. This study uses the bright contour for droplet
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size analysis due to its proximity to the droplet perimeter.

0L
180 pm QQ 5 Q G

0

Figure 2.1: (a) An image illustrating the distribution of droplets on the sensor track surface of an electrical re-
sistance track pair. The droplets were formed using deionized water deposited by spraying, and tracks’ surface
was finished using 3 um polishing suspension. The image was acquired using a 10X lens. A specific droplet
is highlighted with blue arrows indicating the contour formed with refraction, and yellow arrows indicating
the contour formed by reflection, to facilitate further analysis into droplet’s solid-liquid contact angle. (b) A
high-resolution microscopic top-view image of the marked droplet.

As discussed in the introduction, droplet contact angle can have a great impact on corro-
sion kinetic by affecting oxygen concentration at the metal-liquid interface. The conven-
tional methodology for droplet contact angle measurement typically involves observing
a sessile droplet from side-view with a goniometer[43]. This approach is, however, less
applicable when dealing with multiple dynamic droplets that are coexisting and under-
going drying on the same surface. Overlapping or obscuring of droplets in a side-view
can occur, making geometrical analysis difficult. This study analyzes the contact angle
directly from the top-view droplet distribution image (Fig. 2.1a), using a method pro-
posed by Campbell and Christenson[43]. As illustrated in Fig. 2.1b, in addition to the
bright contour highlighted with blue arrows, a smaller second contour with lower bright-
ness, indicated by yellow arrows, can also be observed. Campbell and Christenson[43]
suggested that the inner contour (yellow arrows in Fig. 2.1b) is formed with reflection
from the droplet surface, while the outer contour (blue arrows in Fig. 2.1b) originates
from refraction by the metal surface. Based on either contour, an estimation into con-
tact angle is possible by ignoring the effect of gravity and assuming each droplet behaves
like a lens. Contact angle approximations from reflection and refraction contours are
achieved with Eq. 2.5 and Eq. 2.6, respectively. In this analysis, the droplet perimeter is
distinguished from the bright contour to align with these two equations.

e:i(ﬁ_i) 2.5)

o) (n )—1(NA 1)
O~ — | 1 +— (2.6)
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Here ® represents droplet diameter, n,, stands for air refractive index (n,,=1.00 for air),
n stands for the droplet refractive index (n=1.31 for water and n=1.34 for 1 M NaCl solu-
tion), NA for numerical aperture (10X lens: NA=0.21, 3X lens: NA=0.07), dl for reflection
contour diameter, dr for refraction contour diameter, Z, (10X lens: 32.2 mm, 3X lens:
20.1 mm) for a measurable lens property in a unit of length that can be measured with
experiments. When salt, such as Na(l, is introduced, the chloride concentration can
experience a substantial increase with droplets drying. By combining the information
on both droplet diameter and contact angle, it becomes possible to estimate the real-
time salt concentration without the need for direct measurement (details can be found
in Supplementary Information under Section 2.S.5) as such measurement could poten-
tially distort droplet geometry.

2.3. RESULTS AND DISCUSSION

2.3.1. DESIGN OF THE EXPERIMENTAL SETUP

The experiments are carried out in a homemade climate chamber (Fig. 2.2) with a trans-
parent cover made of acrylic plastic. Fig. 2.3 illustrates a schematic drawing of the ge-
ometrical configuration and dimension of electrical resistance track pairs (the relative
positions of both tracks are presented in Fig. 2.3a), with special emphasis being placed
on reducing thermal noises in the system.

10 cm
Lens
Ring light

Climate chamber

Moisture loop

Reference track

Sensor track

Environment sensor

Figure 2.2: A schematic drawing of the experimental setup.

The sensor track, which is actively corroding, has a snake-like configuration to amplify
the electrical resistance increase caused by the corrosion process. The track has a sig-
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Figure 2.3: A schematic drawing showing the geometry and dimension of the electrical resistance track pair,
including (a) sensor track, and (b) reference track.

nificantly large length (900 mm in total) compared to its width (approx. 2 mm) and out-
of-box thickness (25 pm). It is attached to an acrylic plastic plate (50 mm x 100 mm x
2 mm) as mechanical base support. After cutting and surface preparation, the sensor
track has an initial resistance between 2.5 Q to 4.0 Q at room temperature. The variation
mainly originates from the difference in width between samples during cutting and the
initial thickness after surface preparation. Width and initial thickness are always fixed
along the length of each sample. Furthermore, initial thickness is calibrated by know-
ing the initial sensor track electrical resistance and sensor track width, where the former
is obtained from electrical resistance monitoring and the latter is directly available via
droplet image monitoring. The calibration is later confirmed with scanning electron mi-
croscope (SEM). Eq. 2.7 experimentally correlates these three terms together by examin-
ing 10 samples, where Rgens5,0, W and hp denote sensor track initial electrical resistance,
sensor track width and sensor track initial thickness after surface preparation.

holpm] = 87 2.7
o B Rsens,O [Q] - W[mm] '

This work employs pyrolytic graphite sheet (Panasonic Holdings Corporation, Japan.
Heat conductivity: 1600 W/m-K) as moisture-blocking material applied on the reference
track. Theoretically, temperature compensation is valid as long as the reference track is
composed of the same material as the sensor track. This work utilizes a reference track
that is significantly smaller than the sensor track, aiming to reduce its heat capacity for
a faster response to temperature changes, as well as to minimize temperature variations
across the track. In this way, the delay in heat transfer on reference track introduced by
the moisture-blocking layer can be partially compensated.

2.3.2. SURFACE ROUGHNESS MEASUREMENT

Figs. 2.4a and 2.4b show representative AFM topography maps and height distribution
plots of the sample after different surface preparation. The Ra values are obtained from
the analysis of the AFM images. For the case of mirror-like finishing (3 pm polishing
suspension), surface has an Ra value of 5.04 + 0.51 nm. For 2000 grit SiC paper, the
surface has an Ra value of 47.32 + 3.22 nm.
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Figure 2.4: AFM topography maps and height distribution analysis of the sensor track surface after preparation
with (a) 3 ym polishing suspension and, (b) 2000 grit SiC grinding paper.

2.3.3. ER SIGNAL ACQUISITION AND ANALYSIS
To facilitate droplet image analysis by minimizing background distortion and enhanc-
ing the clarity of droplet distribution, measurements are performed on the mirror-like
sample (after 3 um polishing) using deionized water as the electrolyte to constitute the
droplets. Fig. 2.5 summarizes the parameters monitored during the experiments: tem-
perature, relative humidity, electrical resistance of both reference and sensor tracks, and
corresponding corrosion depth. From Fig. 2.5a, it is observed that relative humidity
mostly remains above 70 % within the chamber except at the very beginning of the test,
while fluctuation in temperature is kept within +2 °C.
Despite the implementation of the reference track and the efforts made to constrain tem-
perature fluctuations within the climate chamber, the adequacy of temperature com-
pensation remains to be validated. Eq. 2.8 shows the relationship between the electrical
resistance and temperature of a metal sample[44], ignoring any change caused by cor-
rosion.

R(T)=R(Tp)- 1+ a(T-Tp)) =R(Tp)-aT+ (1 —-aT)-R(Tp) (2.8)

Here T and T, denote the measured and reference temperatures, a represents the tem-
perature coefficient of electrical resistance and R refers to sample electrical resistance
at a specific temperature. In case where temperature variations are small, a¢ can be
treated as a constant. Consequently, sample electrical resistance theoretically exhibits
a linear correlation with sample temperature in the absence of corrosion. If tempera-
ture compensation is effective, R;.r and ambient temperature should be almost linearly
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Figure 2.5: Environment parameters and electrical resistance signal monitoring were conducted during the ex-
posure of an electrical resistance track pair to droplets of deionized water deposited on the surface. The tracks’
surface was finished with 3 um polishing suspension. The details are as follows: (a) ambient temperature and
relative humidity within the chamber (b) ambient temperature and reference track electrical resistance (R f)
(c) ambient temperature and sensor track electrical resistance (Rsens) (d) electrical resistance of both refer-
ence and sensor track, along with the corrosion depth calculated from electrical resistance.



2.3. RESULTS AND DISCUSSION 33

correlated. Fig. 2.5b visually shows that R, and ambient temperature have a very high
level of correlation. The Pearson correlation analysis conducted on R;,r and tempera-
ture reveals a coefficient of approximately 0.995. This high coefficient indicates a very
strong linear correlation between R, with ambient temperature, suggesting the refer-
ence track can effectively represent the temperature change in the surrounding environ-
ment.

The effect of temperature on sensor track electrical resistance is assessed by analyzing
Rgens and ambient temperature. Fig. 2.5c shows a comparison between these two vari-
ables. The two curves share a very similar trend over time, and the Pearson correlation
analysis yields a coefficient of approximately 0.919. This suggests that the variations in
Rgens are predominantly due to temperature fluctuations, indicating minimal or poten-
tially absent corrosion on the sensor track. This analysis also excludes the direct effect
of relative humidity on Rgeys, as no significant correlation can be observed between the
trend of these two curves.

The corrosion depth obtained with Eq. 2.3 is presented in Fig. 2.5d together with the
electrical resistance signal. The initial thickness is calculated to be approximately 16
pm, following Eq. 2.7. The ratio between the sensor track and the reference track is also
included in the Supplementary Information under Section 2.S.6, based on which corro-
sion depth can be obtained directly. It must also be noticed that the corrosion depth
calculated from the electrical resistance signal does not fully represent the depth of lo-
calized attack; rather, it should be considered as an averaged corrosion depth over the
full sensor track.

Previous discussions have indicated that the variations in electrical resistance of the sen-
sor track are predominantly influenced by temperature fluctuations. However, for effec-
tive temperature compensation, it is crucial to achieve a high corrosion signal to thermal
noise ratio (SNR), as compensation methods can never be perfect; otherwise, residual
thermal noise can significantly affect the accuracy of the corrosion signal. A high SNR in-
dicates a clearer and more reliable corrosion measurement, because it means the desired
corrosion signal is much stronger than the unwanted thermal noise, making it easier to
distinguish the true corrosion signal from the background noises. This partially explains
the behavior of the corrosion depth curve (depicted with the red solid curve, Fig. 2.5d)
which is directly derived from the original electrical resistance signal. Theoretically, it is
unrealistic for the corrosion depth curve to exhibit negative values if both reference and
sensor tracks consistently maintain identical temperatures. However, in practice where
corrosion is very mild, as in the current context, the corrosion depth curve is more accu-
rately interpreted as an aggregation of thermal noises, which do not accurately represent
actual corrosion depths. The observed fluctuations are within a range of +0.1 pym over an
exposure duration of around 50 h, further indicating that the corrosion is indeed rather
mild throughout the test. In subsequent experiments the corrosive conditions are inten-
tionally intensified by adding salt to the electrolyte and increasing the roughness of the
sample surface. This approach is taken to validate the method under conditions where
the increase in the corrosion depth curve is predominantly driven by corrosion effects,
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rather than by temperature fluctuations.

2.3.4. DROPLET MONITORING AND IMAGE ANALYSIS

The camera system continuously monitors electrolyte droplets during the electrical re-
sistance signal acquisition. By monitoring the droplet’s evolution in real time, it is pos-
sible to quantify the droplet size and distribution as a function of time and correlate it
with the electrical resistance signal evolution.

Fig. 2.6 illustrates the processing of the image of deionized water droplets sprayed on
a carbon steel sample presented before (Fig. 2.1a). Figs. 2.6a to 2.6¢ display the results
obtained at each analysis step: (a) thresholding to isolate the droplets (b) contour filling
of the identified droplets and (c) labelling of individual droplets. Notice that Figs. 2.6b
and 2.6c demonstrate the successful segmentation of the droplet pattern from the back-
ground, as the majority of the droplets have been accurately identified and filled.

175 d —— Fitted: #=70.31-07055
( ) EEm Droplet size

Amount, #

0 20 40 60 80 100 120
Diameter, ® (um)

Figure 2.6: Droplet geometry and distribution analysis were conducted on Fig. 2.1a. The results after each step
are as follows: (a) thresholding to isolate the droplets (b) contour filling of the identified droplets (c) labelling
of individual droplets (d) histogram of droplet diameter distribution.

Following this, a droplet size histogram is also obtained, as illustrated in Fig. 2.6d. The
droplet amount generally decreases with the droplet size increasing. Furthermore, the
distribution can be fitted to a power law form (red curve), which partially agrees with the
finding by Le Fevre and Rose[45], as described with Eq. 2.9, regarding the distribution of
droplets during dropwise condensation in the absence of non-condensing gases. Here,
#, ®, and N represent the droplet amount at a specific diameter, the droplet diameter,
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and the total amount of droplets, respectively. A is a constant related to the maximum
droplet diameter.

#(®)

N
Contact angle analysis was performed using the aforementioned methodology. The pa-
rameters for contact angle estimation, based on Eq. 2.5, 2.6 using droplet image Fig.
2.1a, are summarized in Tab. 2.1. The contact angle value from reflection contour ©H
is approximately 27.6°, whereas the contact angle obtained from the refraction contour
(0") is around 26.4 °. In general, with an analysis of the droplets where either reflection
or refraction contours can be identified, the droplet contact angle within this image is
approximately between 21.2 ° to 28.0 °.

A-@8/3 2.9

Table 2.1: Parameters for contact angle analysis on the arrow-highlighted droplet in Fig. 2.1a. The image was
acquired using a 10X lens.

) d’ dr Nm N NA %
69um 15um S5lpym 1.00 1.31 0.21 32.2mm

Note that the increase of surface roughness, as mentioned in the last subsection, may
distort the background, potentially reducing the clarity of droplet distribution. Besides,
surface roughness can increase the hydrophilicity of the metal surface, leading to a tran-
sition in droplet geometry toward a more film-like configuration. As corrosion pro-
gresses, the formation of corrosion products can further distort droplet geometry, as
illustrated in Fig. 2.10a to c. To address this issue, images that cannot be efficiently
analyzed by the auto-recognition program are processed using a combined approach:
First, auto-recognition is performed with Python. Subsequently, areas that are not de-
tected or misdetected are manually labelled using Label Studio, an open-source platform
for image labelling. The details are described in the Supplementary Information, under
Section 2.S.3.

2.3.5. VALIDATION EXPERIMENTS: CORROSION OF CARBON STEEL IN EXPO-

SURE TO 1 M NACL SOLUTION

Previous investigations have reported that an increase in NaCl concentration can influ-
ence the corrosion rate of carbon steel by[46] (i) participating in the dissolution of the
natural oxide layer present on the metal surface (ii) enhancing electrolyte conductivity,
which enhances ion migration and (iii) decreasing oxygen solubility to limit the oxygen
reduction reaction. Additionally, an increase in surface roughness can also intensify the
corrosion process by (i) increasing the actual solid-liquid interface area and (ii) provid-
ing more microstructural heterogeneity (e.g. inclusions, precipitates) for corrosion to
initiate.

To achieve a sufficiently high corrosion rate, 1 M NaCl solution was sprayed to a car-
bon steel sample characterized by high roughness (finished by grinding with 2000 grit
sanding paper). The initial thickness of the sample is approximately 20 um following the
calibration procedure previously described.
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Fig. 2.7a shows the evolution of temperature and relative humidity within the climate
chamber. The relative humidity value stays above the NaCl deliquescence point at room
temperature[47, 48] for the first 12.5 h since the start of the experiment, while the fluc-
tuation in temperature is constrained within 2 °C. Fig. 2.7b and c shows a comparison
between the ambient temperature and the electrical resistance of the reference track and
the sensor track, respectively. To investigate the effect of corrosion on sensor track’s elec-
trical resistance, Pearson correlation analysis is performed between the electrical resis-
tance of both tracks with the ambient temperature. The Pearson correlation coefficient
value between temperature and R;.r is approximately 0.904, indicating the change in
reference track electrical resistance can efficiently represent the change in ambient tem-
perature over the period of exposure. Meanwhile, the analysis conducted on tempera-
ture and Ry, s reveals a Pearson correlation coefficient value of around 0.405, indicating
the impact of temperature on electrical resistance change has decreased significantly
due to an enhanced contribution from corrosion effects.

Specifically, Fig. 2.7e illustrates the evolution of the Pearson correlation between the
electrical resistance of both the sensor and reference tracks with ambient temperature,
which reflects the integrated effect of temperature on resistance from start of the test
to each subsequent point of analysis. Initially, both tracks exhibit a high degree of cor-
relation with temperature, as highlighted in the detailed plot-in-plot for the first hour.
Notably, at the very beginning of the test, fluctuations can be observed due to an abrupt
temperature change, as a result of moisture introduction. As the experiment progresses
beyond the first hour, a significant divergence between the two curves appears. Specifi-
cally, the correlation coefficient for the reference track maintains a relatively stable and
positive value, suggesting a consistent and direct relationship with temperature through-
out the test. In contrast, the correlation coefficient for the sensor track decreases sharply
after the first hour and gradually becomes negative, suggesting additional factors other
than temperature. In this case, the corrosion effects start to influence the electrical resis-
tance of the sensor track. With time, the correlation curves of the two tracks diverge in-
creasingly until near the end of the test, the divergence starts to decrease again. This in-
dicates the effect of temperature on the sensor track’s electrical resistance has increased
again, probably due to a decrease in the corrosion rate. As discussed previously, to en-
sure that the calculated corrosion depth accurately represents the actual value, the SNR
must be relatively high. This means that the influence of corrosion on the increase in
sensor track electrical resistance should exceed that caused by temperature fluctuations.
In the subsequent analysis, this initial 1-hour period will be designated as the 'stabiliza-
tion period. During this period, changes in the calculated corrosion depth are likely
predominantly influenced by temperature fluctuations.

Fig. 2.7d shows the temporal electrical resistance evolution under the specified exper-
imental conditions, along with the corresponding corrosion depth. The ratio between
sensor track electrical resistance to that of reference track is found in the Supplemen-
tary Information under Section 2.5.6. In general, the corrosion depth, as defined in Eq.
2.2, progressively increases with time and exceeds 1 ym after 25 h of exposure under
dynamic droplet conditions. Specifically, the zoomed-in view of the plot at the start of
the test shows some initial fluctuations in corrosion depth. These fluctuations primarily
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Figure 2.7: Environment parameters and electrical resistance signal monitoring were conducted during the
exposure of an electrical resistance track pair to droplets of 1 M NaCl solution deposited on the surface. The
tracks” surface was finished with 2000 grit SiC grinding paper. The details are as follows: (a) ambient tem-
perature and relative humidity within the chamber (b) ambient temperature and reference track electrical
resistance (R, f) (c) ambient temperature and sensor track electrical resistance (Rsens). (d) electrical resis-
tance of both the reference and sensor tracks, along with the corrosion depth calculated from the electrical
resistance, including a zoomed-in view at the beginning of the test (e) Pearson correlation analysis results be-
tween the electrical resistance of the sensor and reference tracks with ambient temperature. The calculation
is performed using data from the start to each time step of analysis. The results at the beginning of the test are
shown in a zoomed-in view on the plot.

occur within the first hour and align with the analysis in Fig. 2.7e.

The corrosion rate can be obtained by analyzing the first derivative of the corrosion
depth evolution over time. Fig. 2.8a and b illustrate a comparison before and after
filtering the signal. Fig. 2.8a shows a high noise level, particularly pronounced at the
beginning of the test. Generally, the noise observed in Fig. 2.8a is mostly internally gen-
erated by the data acquisition device throughout the test. Additionally, during the initial
stage of the experiment, external noise from inadequate temperature compensation is
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also playing an important role. This device-originated noise is less significant in either
corrosion depth or original electrical resistance signals but becomes amplified after cal-
culating the first derivative (i.e. corrosion rate). A detailed explanation is included in
the Supplementary Information under Section 2.5.2. By adopting proper filtering tech-
niques, this device-originated noise can be removed, revealing the true trend of the cor-
rosion rate.

a) —— corrosion rate  «+++ corrosion depth (b) — corrosionrate ---. corrosion depth
400000
1.0 1.0
800

< 200000 -

T 08¢ L 08¢
= o 3
. 2 - 600 =
E < E £
. 0 0637 2 062
[ L 9

¢ S £ a0 3
c 200000 049 ¢ 0.4
2 -200000 88 |
e 0 028 £ 200 5
S ~200000 -~ S 02"

—400000 000
0.0 0
0.0
0 5 10 15 20 25 0 5 10 15 20 25
Time (h) Time (h)

Figure 2.8: Corrosion rate corresponding to the corrosion depth in Fig. 2.7d (a) Corrosion rate without filtering,
including a zoomed-in view at the beginning of the test (b) Corrosion rate after S-G filtering with M=8000 and
N=2. The light blue zone at the beginning of the test corresponds to the ‘stabilization period’, during which
variations in the sensor track’s electrical resistance are dominated by temperature fluctuations. Consequently,
this zone might offer less reliable insights into the real corrosion rate. Details are presented in the analysis in
Fig. 2.7e. The light green zone by the end of the test might be affected by edge effects introduced by the filtering
process and might not accurately represent the real corrosion rate of the sensor track. For details, please refer
to Section 2.S.1 of Supplementary Information.

The design of S-G filter is described in the Supplementary Information under Section
2.5.1 and 2.5.2. Corrosion rate ranges from approx. 900 um-yr~! (7000 g-m~2-yr~!) at
earlier stage of exposure to approx. 100 pm-yr’1 (780 g- m~? -yr’l) atlonger times. Com-
plementary weight loss tests, as described in the Supplementary Information under Sec-
tion 2.5.4, are also performed under a similar experimental condition to corroborate the
corrosion depth and rate values found in the electrical resistance studies. The values
obtained from electrical resistance measurement and weight loss are relatively similar,
being in the same order of magnitude. Furthermore, the corrosion rate values are consis-
tent with the range reported for carbon steel under coastal atmospheric conditions[46],
which is also discussed in detail under Section 2.5.4 of the Supplementary Information.

At the beginning of the test, the rate first increases to a local maximum, then gradually
reduces to a non-zero value and remains stable until the end of the test. This non-zero
stable stage suggests that by the end of the test, though relative humidity has dropped
below the NaCl deliquescence point at room temperature, the surface is still partially
wet. This phenomenon can likely be elucidated by the hysteresis effect associated with
the deliquescence and efflorescence of NaCl. Throughout the test, the relative humidity
consistently remains higher than the NaCl efflorescence point at room temperature[47,
48]. Consequently, the salt particles do not undergo full crystallization from the solution;
instead, they exist in a moist state that lies between dissolution and crystallization.
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The correlation between relative humidity and corrosion rate is presented in Fig. 2.9,
where, in general, it is observed that the two parameters exhibit a strong correlation in
their trends. This agrees with the previous investigations by Vernon[49], Peck[50] and
Klinger[51], in which a strong positive dependency of corrosion rate on relative humidity
was found. This correlation is particularly pronounced at the later exposure stage, where
the corrosion rate exhibits an enhanced sensitivity to the relative humidity. This obser-
vation is also theoretically coherent, as the droplet electrolyte has mostly dried out at this
stage, leaving behind only a thin moisture layer sustained by the presence of NaCl. The
characteristics of this moisture layer, which directly impact the corrosion rate, are mod-
ulated by the ambient relative humidity near the sample surface. Nevertheless, when
analyzing the results more closely, small deviations can still be found between the two
terms. This phenomenon is observed, for example, at points (II) and (II) as highlighted
in Fig. 2.9. The corrosion rate at the latter point substantially surpasses that at the for-
mer, despite their similarity in relative humidity. This discrepancy can be explained by
the analysis into the sample surface images.
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Figure 2.9: A direct comparison between corrosion rate and relative humidity was conducted based on the
environment parameters and electrical resistance signal monitoring results as specified in Fig. 2.7, Fig. 2.8.
The light blue zone at the beginning of the test and the light green zone by the end of the test might offer less
reliable insights into the real corrosion rate. Detailed explanations are presented in Fig. 2.8.

Fig. 2.10a to c illustrate droplet distribution image and corresponding size histogram at
(a) 0.5 h from the beginning of the test, by which time droplet distribution has been sta-
bilized, (b) after approx. 1.5 h from the beginning of the test, and (c) after approx. 4.5h
from the beginning of the test.

Comparing the images in Fig. 2.10a and b, it is evident that relatively soon after the stabi-
lization of droplets, corrosion attacks under some of the droplets become visible. As sug-
gested by Risteen et al.[36], the probability of corrosion initiation under a known droplet
is strongly correlated with both droplet size and surface roughness. This is partially con-
sistent with the findings from this test, as it is observed that corrosion predominantly
occurs under droplets with a diameter higher than 100 um. However, further validation
is needed to fully understand the quantitative relationship between droplet size and cor-




2. DEVELOPING AN EXPERIMENTAL FRAMEWORK FOR MONITORING ATMOSPHERIC
40 CORROSION KINETICS UNDER MULTI-DROPLET CONDITIONS

600 pm

—— Fitted: #=62.56-0067 —— Fitted: #=12.69-9-050 —— Fitted: #=7.03-0~060
£ Em Droplet size W Droplet size W Droplet size

Amount, #
Amount, #
Amount, #

0
© s 100 1% 200 25 320 30 400 3 100 200 300 400 o s w0 10 200 250 %0
Diameter, © (um) Diameter, ® (um) Diameter, ® (um)

Figure 2.10: Analysis of the droplet images at the highlighted times in Fig. 2.9. Droplet image and droplet dis-
tribution at (a) 0.5 h (b) 1.5 h (c) 4.5 h of the experiment are presented. Prior to the analysis, images are first
randomly cropped into 1000 pixels x 750 pixels (original image size: 2064 pixels x 1544 pixels), with coordi-
nates for cropping being the same for all images.

rosion product formation. Comparing the images in Fig. 2.10b and c, which correspond
to the periods indicated by points (II) and (III) in Fig. 2.9 where the corrosion rate is suf-
ficiently high, the number of corrosion sites however remains almost unchanged. This
suggests that corrosion propagation is primarily perpendicular to the surface, progress-
ing deeper into the bulk of the sample rather than expanding along the surface. This
observation indicates that Evans-type corrosion is dominating the process.

In terms of the analysis into the droplet size distribution in Fig. 2.10, the data in (a)
can be best fit with a power law form, while a mismatch between the droplet size distri-
bution (blue bars) and the fitted curve (red curve) becomes apparent after longer times,
as seen in (b) and (c). This discrepancy is likely due to the impact of metal dissolution
and the subsequent formation of corrosion products, which alter the geometry of the
droplets. Moreover, from time (a) to (b), the droplet distribution curve exhibits a de-
crease in height and an expansion in width, indicating concurrent droplet merging and
drying processes. In comparison, the curve decreases in both height and width from (b)
to (c), suggesting that droplet drying is the dominant process during this period.

Following the analysis explained in the experimental section, further analysis of the droplet
images can be carried out to estimate the contact angle of the different droplets. The pa-
rameters utilized are summarized in Tab. 2.2. By randomly selecting and analyzing 20
droplets from each of Fig. 2.10a to c, droplet contact angle values are calculated to be
8.3+£1.1°,5.941.9° and 4.7+2.0°, respectively. The contact angle tends to decrease with
time, which agrees with the previous investigations[5, 52, 53]. The analysis of the droplet
contact angle enables the access of three-dimensional data from two-dimensional im-
ages, which, for example, can provide an approximation of the droplet volume values.
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Based on droplet volume, it is feasible to estimate the real-time electrolyte concentra-
tion, which is expected to increase due to evaporation (Detailed discussion can be found
under Section 2.5.5 in the Supplementary Information). Therefore, the contact angle
analysis provides a more comprehensive and complete description of droplet geometry
during the monitoring of the corrosion rate.

Table 2.2: Parameters for contact angle analysis on 1 M NaCl droplets in images captured using a 3X lens.

Nm n NA 4
1.00 1.34 0.07 20.1 mm

In summary, this novel experimental approach enables the correlation of real-time at-
mospheric corrosion rate with both prevailing environmental conditions and electrolyte
evolution. Performing experiments under multiple-droplet conditions closely mimics
common outdoor exposure and service conditions, providing a more realistic represen-
tation compared to previous studies. The primary limitation of this method is the need
for environmental corrosivity to exceed a certain threshold to induce detectable corro-
sion. Theoretically, corrosion detection is feasible even in relatively mild corrosive envi-
ronments, provided the electrolyte remains on the sample surface for a sufficient dura-
tion. However, in practice, achieving this can be quite challenging due to the dynamic
behavior of droplets, making it difficult to maintain a stable multi-droplet scenario. En-
hancing the sensitivity of the method may be achieved through an improved designing
into the geometry of the electrical resistance tracks. Furthermore, considering the in-
herent limitation of the electrical resistance method, which may cause deviations from
results obtained through weight loss experiments, it is feasible to offset this discrepancy
by properly calibrating these two methods with additional complementary experiments.
This calibration involves accounting for the distribution of corrosion products, which
significantly influences the accuracy and comparability of the measurements. Conse-
quently, this approach holds significant promise for advancing the understanding of at-
mospheric corrosion. This enhanced understanding can, in turn, contribute to the de-
velopment of more accurate mechanistic and kinetic models for atmospheric corrosion
prediction, thereby making a valuable contribution to the field.

2.4. CONCLUSIONS

This work describes the design, operation, and data processing of a novel experimental
setup to study the real-time corrosion rate of metals exposed under controlled and mon-
itored multi-droplet conditions. In this work, the atmospheric corrosion of carbon steel
is studied. The following can be concluded:

* The novel experimental setup allowed simultaneous real-time monitoring of the
corrosion rate and the evolution of the electrolyte geometry. The environmental
conditions, including relative humidity and temperature, have also been continu-
ously monitored.

* Real-time corrosion rate monitoring is accomplished using the electrical resis-
tance (ER) method. In this work, a careful design of the ER track geometry and
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a refined signal filtering protocol were introduced to minimize the effect of ther-
mal noise for accurately extracting the corrosion rate signal from the background
noises.

Droplet size distribution analysis was performed on the droplet evolution images.
Additionally, contact angle information was estimated from these images, which
could be further used to approximate chloride concentration.

The corrosion rate of carbon steel under a multi-droplet electrolyte (1 M NaCl) was
studied as a model system. The rate values obtained from the ER system correlated
well with previously reported kinetic data and additional experimental validation,
confirming the reliability of this approach.

A strong correlation was observed between the corrosion rate of carbon steel and
the relative humidity in the environment chamber, aligning with findings from
previous investigations. This correlation is particularly pronounced at the later
stages of exposure, where the corrosion rate exhibits enhanced sensitivity to rela-
tive humidity. Nevertheless, at the earlier stage, the corrosion rate appeared less
influenced by relative humidity, suggesting that other factors might be at play.
Results from droplet size distribution and contact angle analysis hint that elec-
trolyte geometry might significantly influence the corrosion kinetics, especially at
an early stage of exposure.

In general, it was observed that the corrosion under the droplets follows an Evan-
type mechanism, with the attack propagating toward the bulk of the metal.

This novel experimental approach offers valuable insights that can significantly
contribute to advancing mechanistic and kinetic understanding of atmospheric
corrosion, facilitating the development of mechanistic and kinetic corrosion pre-
diction models.
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SUPPLEMENTARY INFORMATION

2.S.1. ER SIGNAL FILTERING METHOD

This work utilizes a frequency of 50 Hz for ER signal acquisition. Subsequently, the fre-
quency is decreased to 1 Hz by averaging the amplitude over a temporal window of 60
seconds. This approach is adopted to reduce the processing time and memory usage.
From a corrosion mechanism perspective, this low frequency aligns with the typical
timescales of the atmospheric corrosion process, which are often over hours, days or
years rather than seconds.
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Figure 2.11: (a) Flowchart diagram describing the Savitzky-Golay (S-G) filter procedure. (b) An example of a
cumulative power spectrum (converted to decibels by scaling with the total signal power) given a sequence of
Rsens (c) An example of S-G filter (M=19000, N=2) response in the frequency domain showing a pulse signal.
From f> on, the pulse signal starts to be significantly attenuated by the filter.

In this work, a Savitzky-Golay (S-G) low pass filter is considered, mainly due to its ex-
tremely flat pass band. The S-G filter, which is based on local least-squares polyno-
mial approximation, is widely applied when a signal has most of its energy in the filter
band[54, 55]. The filter works by minimizing the mean square error between data fitted
with polynomial fitting and the original signal within the selected window. The window
will then move along the whole input signal. An S-G filter is defined by two parameters,
one being the highest polynomial order (N) for fitting and the other being half window
length (M). A well designed S-G low-pass filter should have a proper cutoff frequency
that allows most of the power in the input signal to pass. The process followed in the
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application of S-G filter is presented in Fig. 2.11a. The input ER signal is analyzed to de-
termine the highest frequency (f1) to be passed after filtering, as presented in Fig. 2.11b.
This is achieved by allowing a maximum of 10 % loss in signal power, which is equivalent
to approximately 0.5 dB. The S-G filter is initialized with a random estimation into both
N and M. Following this, the filter response can be tested by applying a pulse signal to
the filter. The cutoff frequency (f2) is determined by allowing a 3 dB signal power loss,
which is equivalent to approximately 50 % of the power of the input signal, as presented
in Fig. 2.11c. Comparing two frequencies, f> should match or slightly exceeds f;. If the
criterion is not met, adjust N and M and go through the loop again until optimal N and
M is found. It must be noticed that different M and N combinations can lead to the same
cut-off frequency. To simplify the analysis, N is fixed to 2 throughout this work.

Also notice that S-G filters operate by fitting successive subsets of adjacent data points
with a low-degree polynomial by the method of linear least square. Therefore, at the
start and end of a signal, when the filter window size exceed beyond the bound of the
data, the filtering can no longer be performed as there are insufficient data points to fit
the polynomial. To resolve this issue, replicate padding, where the original signal is ex-
tended by repeating the nearest value, is adopted. This method physically makes sense
at the start of the ER signal, this is mainly because, before the introduction of the corro-
sive electrolyte, the sensor track will not corrode and shall stay at its initial status. Since
the ER signal is extended towards the direction earlier than the introduction of the cor-
rosive electrolyte, it’s reasonable to assume all the extended values are as the same as
the first value of the incoming signal. This however might not be the case at the end of
the signal, since if the experiment keeps going on, the sensor track is supposed to keep
on corroding. Given the analysis above, the last 8000 data points, which is equivalent to
% h given the ER signal has a frequency of 1 Hz before filtering, is discarded since this
portion might not accurately represent the real corrosion rate.

2.5.2. ER SIGNAL FILTERING RESULTS AND DISCUSSION

Fig. 2.12a 2.12b and illustrate a comparison before and after filtering on corrosion rate
mentioned in the main text, under the section of 'Results and discussion’, subsection of
"Validation experiment: corrosion of carbon steel under 1M NaCl condition’.

The noise observable in Fig. 2.12a are mostly internally generated by the data acquisi-
tion device. Compared to either corrosion depth or original electrical resistance where
the noise is less significant, the noise is amplified after calculating the first derivative.
When calculating the first derivative of a signal, the change in the signal is essentially
emphasized, which also amplifies any noise present, particularly high-frequency noises.
In the original 1 Hz electrical resistance signal, when there is a sudden change in curve
(which is caused by a sudden change in temperature on sensor track during the intro-
duction of droplet electrolyte at the beginning of the test), this sudden change generally
indicates the presence of high-frequency components in its Fourier spectrum. Denoting
Fourier transform analysis as &%, original signal as f(t), the first derivative of original as
f'(1), w as the angular frequency, j as the imaginary unit, and signal in frequency domain
as F(w), the following equations are valid:

F{f)}=F(w) (2.10)
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Figure 2.12: (a) Corrosion rate without filtering, including a zoomed-in view at the beginning of the test (b)
Corrosion rate after S-G filtering with M=8000 and N=2, The light green zone by the end of the test and light
blue zone at the beginning of the test and might not accurately represent the real corrosion rate of the sensor
track. For detailed explanations on light green zone, please refer to Section 2.S.1 under this Supplementary
Information; Regarding light blue zone, please refer to the discussion on Figure 7 in the main text. (c) Cumu-
lative power spectrum of Rgeps (d) S-G filter (taking M=8000, N=2) frequency domain response when given a
pulse signal. The filter cutoff frequency f> is slightly higher than input signal highest frequency f;

F{f (0} = joF () 2.11)

The factor jo means that each frequency component of f(t) is scaled by w, implying the
higher frequency components in noises are amplified more than lower ones. When con-
verted back to the time domain, the significant amplification of high-frequency noise
components are manifested as pulse-like spikes. These spikes are more pronounced at
the beginning of the test where extremely high values are observed, primarily due to both
internal fluctuations from the data acquisition device and external responses of the sen-
sor track to temperature fluctuations, where electrical resistance of the sensor track is
predominantly influenced by temperature changes.

Following the method in last section, the adopted S-G filter takes M=8000 and N=2 based
on an analysis into the frequency spectrum of both S-G filter (Fig. 2.12d) and sensor track
electrical resistance (Fig. 2.12c¢).
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2.5.3. DROPLET IMAGE ANALYSIS METHOD
A four-step procedure achieved with Python and Label Studio, an open source platform
for image labelling, is employed to analyze the droplets, as presented in Fig. 2.13.
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Figure 2.13: Flowchart diagram describing image processing and droplet recognition procedure. In the post-
processing section where droplet size analysis is performed, since most of the droplets are irregular in shape
due to varying local surface morphology and tension, the concept of equivalent diameter is employed. The
equivalent diameter is calculated by converting an irregular pattern into a circle while preserving the same
area. To eliminate the noises, droplets occupying an area smaller than 10 pixels (4.10 pm and 1.23 pm in
equivalent diameter for 3X and 10X lens) are neglected.

In general, the whole procedure is divided into four sections, including pre-processing
where the original images will go through a series of steps to remove the background
noises generated during acquisition; step 1 where droplets with a clear boundary against
the background are labelled with the auto-recognition algorithm in Python; step 2 unde-
tected droplets are manually labelled with Label Studio; and finally the last section, the
post-processing section where droplet size distribution and corresponding distribution
is quantified and visualized. Noticing that it is never ensured an optimal parameter can
be obtained for step 1, to achieve a balance between efficiency and quality, step 1 will
stop after 10 iterations, and step 2 will be subsequently performed.

2.S.4. WEIGHT LOSS - ER CROSS VALIDATION

The corrosion rate and depth values found in the ER studies have been corroborated by
measuring the weight loss of a sample between the start and the end of an exposure. This
cross-validation involved the parallel exposure of an ER sample pair with two additional
small square samples measuring approx. 15 mm x 15 mm x 500 um for the weight loss
test. All samples were placed under the same electrolyte and environmental conditions.
Before exposure, all samples were surface finished down to 3 i polishing suspension. To
obtain the weight loss data for small square samples accurately, the corroded samples
were cleaned following the procedures specified in ASTM G1-03[56], using chemicals
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prepared according to designation C3.1 under the standard. After the cleaning proce-
dure, the samples were dried and weighed immediately to avoid further corrosion.

The ER data was processed following the procedures as described in the main text, with-
out adopting filtering. As shown in Fig. 2.14, after 20 h of exposure, the corrosion depth
has reached 0.53 ym. The average corrosion rate of ER sample within the exposure is the
calculated to be approx. 236 pm-yr—'.
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Figure 2.14: Corrosion depth of ER sample exposed under multi-droplets formed of 1M NaCl solution, for a
duration of 20 h. Before exposure, ER sample is finished with 3 p polishing suspension.

Tab. 2.3 summarizes the weight loss results of the two examined small square samples
exposed to multi-droplets formed of 1M NaCl solution for 20 h. The weight loss tests in-
dicate a corrosion depth slightly higher than the ER result, 0.73 pym and 0.68 ym for the
two samples, respectively.

Table 2.3: Weight loss result of two square samples exposed in parallel with ER sample pair, under same exper-
imental conditions. Before exposure, both samples are finished with 3 u polishing suspension.

Area Weight start | Weight end | Weightloss | Depthloss | Depth loss rate

(mm?) ® ® (g-m? (um) (um-yr™h)
Sample 1 | 14.24 x 14.51 0.9260 0.9248 5.8077 0.73 318
Sample 2 | 14.05 x 14.45 0.8890 0.8879 5.4181 0.68 296

Despite the observed difference, the ER-based and weight-loss-based corrosion depth
values are still relatively similar, i.e. within the same order of magnitude. The difference
may mainly originate from the following aspects:

* Aprevious investigation by Diler et al.[16] has shown the impact of corrosion prod-
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uct 3D geometry and distribution on ER change through simulation, from which
the correspondence of sample mass loss and ER change can be inferred. The study
has highlighted that, for the two simulated corrosion product geometries (hemi-
spherical and cylindrical), a higher distribution density correlates with a closer
alignment between weight-loss-based depth and ER-based corrosion depth val-
ues. Under one circumstance, when corrosion products are sparsely distributed,
the weight-loss-based depth can exceed the ER-based depth by over 40%, a dis-
crepancy even greater than the results observed in the current study. Consider-
ing the potential complexity of corrosion product distribution and 3D geometry in
real-world scenarios, variations between weight-loss-based depth and ER-based
depth should be commonly accepted.

¢ Since the ER sample is way more elongated than the square samples, the chance to
form bigger droplets should be higher in the latter than in the former. In general,
corrosion tends to initiate underneath bigger droplets. Hence, it is reasonable to
accept that corrosion is slightly more significant on square samples than on the ER
sample.

* Because the ER sample is extremely thin, always measuring less than 25 ym, the
corrosion can easily penetrate the sample thickness locally, halting perpendicu-
lar propagation of the corrosion product. Conversely, the square samples have a
relatively high thickness (approx. 500 pm), making it virtually impossible for the
corrosion to penetrate the full sample thickness under the current experimental
conditions and duration. As a result, the sample geometry does not impede corro-
sion product growth, leading to a higher corrosion rate.

This result also correlates well with the previous investigations on offshore carbon steel
infrastructure corrosion rates. A strong correlation between atmospheric salinity and
carbon steel annual corrosion rate is observed[46, 57], and in general annual steel corro-
sion rate is positively proportional to atmospheric salinity (Fig. 2.15). The electrolyte de-
position can be roughly converted to salinity with Eq. 2.12, where S, M, C and x represent
atmospheric salinity, molar mass of chloride ion, molar concentration of the electrolyte
and the height of the electrolyte layer.

SimgCl m™2-d™!] = M[g-mol™!]- C[mol- L] x[um] (2.12)

In the current study, the 1M NaCl solution is only introduced at the beginning of the
test via spraying. Taking M = 35.3, C = 1, the expression can be simplified to S = 35.5- x.
Based on the discussion in Section 2.2.6 under the main text, x can be approximated
when knowing both contact angle and droplet diameter. To simplify the analysis, the
change in solid-liquid interaction is ignored when NaCl is introduced to the liquid. If
considering the average x over the whole surface of the sample, x shall possess a value of
several microns. This will result in a salinity value between several tens to several hun-
dreds, which corresponds to annual corrosion rate between 100 um-yr~! to 1000 ym-yr~!
in Fig. 2.15.

The value remains within a comparable order of magnitude to the results from the ER
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Figure 2.15: The correlation between annual steel corrosion rate and atmospheric salinity at offshore re-
gion[46].

test presented in this study, thereby cross-validating the experimental and data analysis
approach presented in this study.

2.S.5. DROPLET ELECTROLYTE CONCENTRATION ESTIMATION

The concentration of the solute i.e. NaCl, can be calculated by roughly estimating droplet
volume by regarding the droplet as a segment of a 3D sphere (Fig. 2.16), knowing contact
angle (0) and droplet-sample surface contact area (S).

Figure 2.16: Schematic drawing showing that each droplet is regarded as a segment of a 3D sphere.

Droplet volume (V) can be correlated with 6 and S with Eq. 2.13:

. S5 (1-c0s0)2(2+ cosH) (2.13)
= 3,05 sin30 '
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which can be further correlated with NaCl concentration by fixing the amount of NaCl
unchanged. Noticing that such estimation is aimed at providing a rough insight into the
real-time NaCl concentration which would facilitate in understanding the role of NaCl
in carbon steel corrosion under multi-droplet condition, rather than conducting a thor-
ough and accurate analysis on this parameter.

2.8.6. RATIO OF SENSOR TRACK TO REFERENCE TRACK
The ratio between sensor track to reference track is presented below:
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Figure 2.17: The ratio between the electrical resistance of sensor track to reference track for the tests repre-
sented by (a) Fig. 2.5 and (b) Fig. 2.7 in the main text.
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Abstract

Understanding localized corrosion under atmospheric droplets is critical, yet previous
studies have mostly focused on single-droplet systems or general trends, leaving the role
of individual droplets within multi-droplet environments yet to be explored. Here, we
present a fully automated, image-based, data-driven framework for analyzing corrosion
progression under thousands of droplets simultaneously. Using time-resolved optical imag-
ing and pre-trained large vision models for droplet segmentation, we construct per-droplet
color features and propose a probability-based representation of corrosion product for-
mation in inner and outer regions of interest. This approach overcomes the limitations
of binary classification by capturing the continuous and spatially heterogeneous nature of
corrosion product formation. Applied to carbon steel exposed to over 1500 pre-sprayed 1 M
NacCl droplets of various sizes, the method reveals that the probability of corrosion prod-
uct presence strongly depends on droplet size, with larger droplets more likely to exhibit
products both under and around the droplet footprint. Moreover, corrosion products in
the outer region can appear independently of under-droplet corrosion, suggesting a role
for inter-droplet interactions. By transforming raw imaging data into physically mean-
ingful per-droplet metrics, this work offers a scalable platform for investigating localized
corrosion kinetics and morphology in complex, real-world droplet populations, opening
new opportunities for connecting droplet formation and population behavior to local and
overall atmospheric corrosion rates.
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3.1. INTRODUCTION

Droplet-based electrolytes play a crucial role in atmospheric corrosion, especially dur-
ing its initial stages[1-9]. In multi-droplet systems, electrochemical activity at the solid-
liquid interface is influenced not only by droplet size and shape but also by their spatial
distribution[10].

Previous studies have primarily focused on single droplets, using electrochemical tech-

niques such as polarization tests[3-5, 11], electrochemical impedance spectroscopy (EIS) 3,

11], electrochemical noise (EN)[11] analysis, and wire beam electrode (WBE)[1, 12] se-
tups to study corrosion kinetics. These experiments often rely on precisely controlled
droplet placement, with optical microscopy used to track corrosion product formation
over time. For example, Rahimi et al.[11] combined EIS, polarization, and EN with opti-
cal imaging for studying corrosion kinetics under a single droplet to examine its link with
electrolyte evaporation, droplet geometry, and ion concentration. Analytical models[3,
13, 14] and finite element modeling (FEM)[14, 15] simulations have also been developed
to simulate electrolyte spreading, ion transport, and potential fields, although they of-
ten rely on assumptions such as fixed droplet shapes, idealized boundary conditions, or
steady-state behavior.

Some studies have extended this approach to multi-droplet configurations. Larger droplets

have been linked to higher corrosion probability and distinct corrosion types[6, 7]. As
corrosion progresses, secondary spreading can lead to formation of a thin electrolyte
layer surrounding the original droplet footprint[9], which enables inter-droplet interac-
tions that further affect corrosion dynamics. Van den Steen et al.[10] introduced an FEM
framework incorporating droplet size distributions and geometries to estimate global
corrosion rates. While it accounts for heterogeneity, it assumes steady-state conditions
and excludes inter-droplet interactions or time-resolved corrosion product evolution.
Other works have combined imaging with kinetic measurements to study corrosion un-
der droplet exposure[2, 7, 16, 17]. For instance, Weissenrieder and Leygraf[7] used QCM
and optical microscopy to observe corrosion spreading from a single droplet to adjacent
regions. While this study provided valuable mechanistic insight into corrosion spread-
ing dynamics, the analysis was limited to isolated droplet and focused primarily on the
propagation event. More recently, Zhang et al.[2] correlated electrical resistance (ER)-
based corrosion depth with droplet size distributions as analyzed from in-situ optical
imaging. However, this work did not resolve corrosion progression at the individual
droplet level. These studies illustrate the value of image-based analysis in corrosion re-
search and highlight the potential for a method that treats optical microscopy images as
a quantitative source. A key step toward this is defining a reliable image-derived indica-
tor that reflects corrosion activity.

Corrosion products offer such an indicator. Their visual appearance, which is usually
through color and texture changes, makes them useful for non-invasive tracking into
corrosion progression across large droplet populations. In the Evans model, corrosion
products accumulate at the droplet center-periphery interface[18]. Other work has shown
corrosion products formation both under and outside the droplet[6, 7, 12]. The distribu-
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tion and appearance of corrosion products reflect localized electrochemical activity[11,
19], making them suitable for kinetic and mechanistic analysis.

To quantify these changes across thousands of droplets, a robust image analysis pipeline
is required. This includes:

* Segmentation of individual droplets;
¢ Extraction of relevant features;
* Numerical and statistical analysis of corrosion patterns.

Traditional segmentation methods (e.g. thresholding[20, 21], connected component
labeling[2, 22]) are being complemented by deep learning techniques[20]. However,
such methods often require labeled data and extensive computational effort[23]. More
recently, large vision models (LVM), pre-trained across diverse datasets, offer general-
purpose segmentation without task-specific training[24].

This work introduces a fully image-based, automated framework for analyzing corrosion
under more than 1,500 NaCl droplets on carbon steel. Using a pre-trained LVM for seg-
mentation and unsupervised clustering of extracted features, we develop a probability-
based representation of corrosion product evolution. This allows continuous tracking of
localized corrosion in both inner and outer droplet regions over time.

This work serves two purposes: (1) to demonstrate a scalable, automated approach for
quantifying localized corrosion from optical images, and (2) to investigate how droplet
size affects corrosion initiation and progression within a multi-droplet environment.

3.2. EXPERIMENTAL METHODOLOGY

3.2.1. SAMPLE PREPARATION AND CORROSION MONITORING

Corrosion experiments were conducted on carbon steel samples under multi-droplet
conditions, following the methodology described by Zhang et al[2]. The focus of the
study was on droplet evolution over time; therefore, no kinetic measurements were per-
formed.

Carbon steel specimens (1.5 cm x 1.5 cm, 500 pm thickness) were cut from an EN 10139
DCO01-C950 steel sheet using cold cutting. The composition was 0.12 wt% C, 0.6 wt% Mn,
0.05 wt% B, 0.045 wt% S, with Fe as the remainder. Surfaces were mechanically ground
using P800 SiC paper to a roughness of 172.68 + 16.74 nm, measured by atomic force
microscopy (AFM, Dimension Edge Scanning Probe Microscope, Bruker Corporation,
USA). Samples were then stored in a drying chamber at <20 % relative humidity for 24
hours before exposure.

3.2.2. TIME-LAPSE IMAGING
Images were recorded using a Manta G319-C camera (Allied Vision Technologies GmbH,
Germany) fitted with a zoom lens (Zoom 1:6.5 W.D.240mm, Unitron Ltd., USA), mounted
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above the sample. Illumination was provided by an LED ring light. The zoom was fixed
throughout the experiment, giving a field of view of 11.65 mm x 8.72 mm and capturing
1600 droplets per frame.

A1 M NaCl solution was sprayed onto the sample surface to generate droplets, followed
by 4 hours of free corrosion in a climate chamber. Images were acquired at 2-minute
intervals over 3 hours and 20 minutes. A total of 101 frames were selected to represent
the corrosion process.

To correct for lighting variation, histogram matching was applied across the image se-
quence to normalize brightness levels. Minor displacements due to mechanical vibra-
tions were corrected using Fast Fourier Transform (FFT)-based image registration, which
aligned all frames to the first frame before further analysis.

3.3. RESULTS AND DISCUSSION

3.3.1. DEVELOPMENT OF A DATA-DRIVEN FRAMEWORK

To analyze localized corrosion under thousands of droplets, we developed a data-driven
framework that tracks visual changes over time. The process consists of three main steps:
(1) droplet identification and segmentation using a pre-trained LVM, (2) feature extrac-
tion and clustering (3) probability-based modeling of corrosion product evolution.

3.3.1.1. DROPLETS SEGMENTATION AND ROI DEFINITION

Each droplet is treated as an individual electrochemical cell that may or may not initiate
localized corrosion. To analyze the formation and spread of corrosion products associ-
ated with each droplet, two regions of interest (ROIs) are defined: the inner ROI, corre-
sponding to the initial droplet footprint, and the outer ROI, representing a surrounding
annular zone with an outer equivalent diameter 9/5 as the inner. This 9/5 ratio is chosen
as a conservative boundary based on the physical behavior of the droplets observed in
our experiment, as addressed in detail under Section 3.5.1 in the Supplementary Infor-
mation. In cases where outer ROIs overlap with the inner ROIs of neighboring droplets,
the overlapping areas are excluded from analysis to avoid ambiguity in region attribu-
tion (Fig. 3.1e).

The segmentation process (Fig. 3.1a-e) begins with the first image in the time-lapse se-
quence. A pre-trained vision model, Segment Anything Model (SAM)[25], identifies in-
dividual droplets from the background. As SAM occasionally merges adjacent droplets
(Fig. 3.1f), we filter masks based on spatial overlap and convert the remaining masks
into binary format (Fig. 3.1b). Connected component labeling assigns unique identi-
fiers to each droplet (Fig. 3.1c-d), which are then tracked throughout the sequence using
brightness-normalized and spatially aligned frames. Outer ROI are generated via mor-
phological dilation (Fig. 3.1e).

3.3.1.2. FEATURE EXTRACTION AND CLUSTERING

The color and spatial distribution of corrosion products serve as important indicators
of the underlying corrosion process. These visual features can provide insight into the
severity of corrosion and the possible composition of the corrosion products[11]. The
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Figure 3.1: ROI extraction workflow for droplet-induced corrosion analysis: (a) Initial droplet image used for
segmentation (b) Binary mask of droplet locations after post-processing (c) Time-lapse tracking of droplet-
covered areas (d) Tracked droplet segments at selected exposure times (e) Inner and outer ROIs for a repre-
sentative droplet, with overlapping regions excluded (f) Segmentation artifacts in SAM output, where adjacent
droplets are merged.

darkening observed is a well-known characteristic of the formation of iron oxide/hydroxide
layers on steel, which have low optical reflectivity. To directly validate that this optical
darkening corresponds to corrosion in our experiments, post-mortem SEM-EDS anal-
ysis is performed on a representative sample (see Section 2.5.2 in the Supplementary
Information), which confirms that the dark regions are composed of iron- and oxygen-
rich corrosion products.

To track these changes, each ROI is first interpolated to a fixed size of 32 x 32 pixels us-
ing a high-quality bicubic interpolation (cv2.INTER_CUBIC) to preserve feature integrity
and masked to exclude non-droplet regions (Fig. 3.2a). Three feature engineering strate-
gies are then applied to extract color information from the inner and outer ROIs: (1) ra-
dial segmentation, where pixels are grouped by angular sectors (Fig. 3.2b); (2) concentric
segmentation, where pixels are grouped based on radial distance from the droplet cen-
ter (Fig. 3.2¢); and (3) autoencoder-based encoding[26, 27], where unsupervised neural
networks are trained separately for inner and outer ROIs (Fig. 3.2d). The feature engi-
neering strategies are chosen to capture key physical characteristics of corrosion pat-
terns. The concentric segmentation method aligns with the classic Evans droplet model,
which describes distinct, concentric anodic and cathodic zones due to the oxygen gradi-
ent along droplet radius. The radial segmentation method emphasizes the asymmetri-
cal nature of real-world corrosion where corrosion usually initializes at localized defects.
Autoencoder is included as a data-driven approach to learn more complex spatial pat-
terns without domain-specific assumptions. For radial/concentric methods, we com-
pute the mean and variance of RGB channels per subgroup. To account for the obser-
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Figure 3.2: Feature engineering strategies for ROI analysis, using the final image in the time-lapse sequence. All
ROIs are resized to 32 x 32 pixels. Only droplet-covered (unmasked) regions are included. (a) ROI masking to
remove background pixels. (b) Radial segmentation of pixels by angular sector. (c) Concentric segmentation
of pixels by radial distance. Regarding b and c, for illustration, each ROI is divided into four subgroups. (d)
Autoencoder-based feature extraction trained separately for inner and outer ROIs.

vation that corrosion products within an outer ROI are often unevenly distributed[12],
which typically appears in localized areas rather than forming a uniform ring around the
droplet, we also extract grayscale gradient featured for the outer ROIs: (1) the mean and
variance of all pairwise pixel intensity differences, which capture the overall variation
and contrast within the region; and (2) a normalized intensity histogram computed over
5 bins spanning the full grayscale range [0, 255] which provides a coarse representation
of the pixel intensity distribution.

The total number of features for the segmentation-based methods therefore scales with
the number of segments chosen. For the autoencoder method, two autoencoders are
trained separately on inner and outer ROIs to extract the same number of features from
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each ROL. A detailed description of the procedures can be found in Section 3.5.3 under
the Supplementary Information.

Based on a multi-stage optimization process, the concentric segmentation method is
selected for final analysis. A subsequent grid search evaluated by the Silhouette score
determines that the ideal parameters are 5 segments for the inner ROIs and 2 for the
outer ROIs. The final number of Principal Components (PCs) is determined to be 5 for
both regions to retain over 90 % of the variance from the complete dataset. The detailed
methodology for the entire selection and optimization process is provided in Section
3.S.4 under the Supplementary Information.

K-means++ clustering groups ROIs into corrosion and non-corrosion types. The results
(Fig. 3.3a-b) show clear separation, the choice of 2 clusters is determined to be optimal
as it yields the highest Silhouette score for both regions (see Fig. 3.14 under Supplemen-
tary Information, Section 3.S.4). The resulting Silhouette scores of 0.72 for inner ROIs
and 0.53 for outer ROIs validate the clustering quality.

a)  Sijlhouette score = 0.72 b)  Silhouette score = 0.53 O
e . O .. 8P
1342 droplets 310 droplets 1218 droplets ) .
.'i s . ‘ )r:(Q': T et T

. *Cluster2: corroding

1 i

Cluster 1: no corroding

Figure 3.3: K-means++ clustering of PCA-reduced features for (a) inner ROIs and (b) outer ROIs. The plot
is shown in space defined by the first two PCs for illustrative purposes. Cluster separation corresponds to
corrosion vs. non-corrosion categories, normalized using MaxAbs (inner) or MinMax (outer) scaling.

Mapping the reduced feature space back to the original ROIs reveals that one cluster
(green) is associated with a strong presence of corrosion products, whereas the other
(blue) corresponds to droplets with minimal or no corrosion.

3.3.1.3. CONTINUOUS PROBABILITY-BASED MAPPING OF CORROSION EVOLUTION

While clustering captures final corrosion status, it does not reflect when corrosion be-
gins or how it progresses. One potential approach to extract this kinetic information is
to perform clustering on the time series of each droplet’s ROI and assign a binary transi-
tion label from “no corrosion” to “corrosion”. However, this approach oversimplifies the
process and is inadequate for capturing the gradual, heterogeneous evolution observed
in practice (see Section 3.5.5 under Supplementary Information).

To address this, we convert PCA-reduced features into continuous probability curve for
each ROI over time. As illustrated in Fig. 3.4, the K-Means++ classifier effectively sepa-
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rates the ROIs into distinct clusters but treats all samples within a cluster equally, dis-
regarding variations within each group. To overcome this limitation, we replace the
discrete cluster labels with a probability distribution that reflects the likelihood of each
sample belonging to the identified clusters.

o~ d(ACY)
1A = T ey o d AT
o~ d(AC)
024 = — e 3.1)

n
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This probabilistic approach is based on the weighted distances between a sample and

Figure 3.4: Probability-based representation of corrosion status for two inner ROI data points A and B, based
on weighted distance to cluster centers (C; and Cz) in PCA space. Colors match cluster assignments in Fig.
3.3.

each cluster center. Asshown in Eq. 3.1, the distances to the centers of the blue and green
clusters, denoted as d(A, C; ) and d(A,C; ) are calculated using weights representing the
normalized explained variance ratio obtained during PCA. A negative sign is applied to
reflect the inverse relationship between distance and cluster membership probability.

A SoftMax operation is then applied to convert these opposite distances into probabil-
ities: 01(A) and 02 (A), representing the likelihood of A belonging to the blue or green
cluster, respectively. This transformation ensures that the two probabilities sum to 1
and amplifies the contrast between samples when one cluster is clearly more likely than
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the other. By extending the method to the entire droplet recording, for each droplet, we
obtain a time series of probabilities:

* pxy: the likelihood of corrosion product in the inner ROI at time t
° pq,y: same for the outer ROI

The validity of using end-frame cluster centers to analyze the entire time series is con-
firmed with a consistency check, which is detailed in Section 3.S.6 under the Supplemen-
tary Information. This yields a smooth temporal profile of corrosion product evolution
(Fig. 3.5) which enables detailed analysis of initiation, progression, and stabilization on
a per-droplet basis.

3.3.2. APPLICATION OF THE FRAMEWORK

With the framework, covering segmentation, feature extraction, unsupervised cluster-
ing, and probability-based tracking, in place, we now apply it to analyze the spatiotem-
poral behavior of corrosion across a large droplet population. We first examine repre-
sentative cases, then assess population-wide corrosion kinetics, and finally investigate
how droplet size influences both corrosion type and evolution.

3.3.2.1. REPRESENTATIVE CORROSION BEHAVIORS

To illustrate typical corrosion patterns, we begin with two droplets categorized as cor-
roding or non-corroding based on the clustering results from the final image (Section
3.3.1.2). Fig. 3.5 shows their probability curve (a-b: corroding, c-d: non-corroding) over
time, as derived from the framework introduced in Section 3.3.1.3. In Fig. 3.5a, the in-
ner ROI probability px (light blue solid curve) rises gradually and stabilizes near 1.0 by
50 min, indicating substantial accumulation of corrosion products. A Savitzky-Golay fil-
ter[28, 29] is applied to extract the general trend from the original data. The smoothed
trend (orange curve) is consistent with image darkening over time and highlights three
key kinetic features: transition onset (vertical dark blue dashed line), plateau start (ver-
tical yellow dashed line), and midpoint between them (vertical red dashed line). From
these points, we extract key kinetic descriptors: the transition interval is the duration
between the onset and the start of the plateau. The transition slope is defined as the av-
erage rate of change of the probability during this interval, calculated from the smoothed
curve. A steeper slope indicates a more rapid stabilization of corrosion products accu-
mulation. Once the plateau is reached, no significant visual changes are observed, which
aligns with the stabilization of px.

Fig. 3.5b shows the corresponding outer ROI probability py, which also increases and
stabilizes around 0.8, confirming corrosion product accumulation beyond the droplet
footprint. This is further supported by the corresponding image sequences showing the
evolution around the droplet periphery.

A comparative analysis of Fig. 3.5a and 3.5b indicates that corrosion product forma-
tion begins earlier in the inner ROI than in the outer ROI. This observation aligns with
the findings of Wang et al.[12], who reported that while pitting and uniform corrosion
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Figure 3.5: Representative corrosion probability curves and corresponding ROI images. (a) Inner ROI (py) for
a corroding droplet, with raw (blue) and smoothed (orange) curves, and marked onset, midpoint, and plateau.

(b) Outer ROI (py) for the same droplet. (c) Inner ROI probability for a non-corroding droplet. (d) Outer ROI
probability for the same non-corroding droplet.

tend to occur within or near the droplet periphery, while minor corrosion processes may
develop outside the droplet over time.

In contrast, Fig. 3.5c and 3.5d depict a droplet where no significant corrosion prod-
uct formation occurs. In Fig. 3.5¢, px curve initially rises to approximately 0.4, then
declines to near zero after 100 min. Image inspection suggests that this behavior can
be related to the droplet drying process. In our previous work[2], we have shown that
certain contact angles can lead to optical effects such as ring-shaped illumination or re-
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flection/refraction patterns that darken the droplet edge. Although these effects are not
distinctly observable here due to resolution limits, the early dark rim is evident and fades
over time as the droplet dries and the contact angle decreases. The py curve (Fig. 3.5d)
remains consistently low, fluctuating range between 0.0 and 0.1, which confirms the ab-
sence of corrosion product formation in the outer ROI of this droplet.

These representative cases illustrate the outcomes where either both ROIs show signif-
icant accumulation or neither does. Apart from that, our framework also quantitatively
describes other distinct corrosion patterns reported in the literature. For example, Soulie
et al.[30] observed that corrosion products under a 1M NacCl droplet is predominantly
confined within the droplet footprint. This corresponds to a high px plateau and low py
in our representation. Conversely, Weissenrieder et al.[7] described corrosion that initi-
ates at the periphery of the droplet and propagates outward, forming filiform-like cor-
rosion morphology. Risteen et al.[6] further demonstrated that such behavior is strongly
influenced by droplet size. Within our framework, this would manifest as a high final py
plateau and a low px.

While clustering on the end-of-exposure image (Section 3.3.1.2) provides an initial corrosion/non-

corrosion categorization, a more physically meaningful definition based on the full time-
resolved probability curves will be adopted in the following analysis, where ROI cor-
rosion status is determined based on their long-term behavior. An ROI is considered
“corroding” if its probability curve (px or py) shows a sustained transition and stabilizes
at a high plateau (p > 0.5) which indicates a sustained existence of corrosion products.
Conversely, a “non-corroding” ROl is one where the probability remains low. The robust-
ness of the choice regarding the probability threshold and plateau duration for end-stage
plateau detection is demonstrated by a sensitivity analysis in the Supplementary Infor-
mation under Section 3.5.7.

3.3.2.2. COMPARATIVE TEMPORAL ANALYSIS OF CORROSION PROGRESSION IN INNER AND
OUTER ROIs

The data-driven framework allows a direct comparison of corrosion kinetics (i.e. tran-

sition midpoint, transition intervals, and transition slopes) between inner (X) and outer

(Y) ROIs. We focus on ROIs that develop a clear, sustained presence of corrosion prod-

ucts, defined by the probability curve stabilizing at a plateau over 0.5.

Fig. 3.6 show that corrosion products on average appear earlier and accumulate faster
in inner ROIs. This observation is consistent with individual cases discussed in Section
3.2.1. In Fig. 3.6a, the histogram of transition midpoints shows that the kernel density
estimation (KDE) for px peaks earlier than for py, indicating faster initiation in the inner
region. Fig. 3.6b shows that the transition intervals (onset to plateau) are also shorter
for px, suggesting a faster corrosion stabilization. This is further supported by Fig. 3.6c,
where the KDE of transition slopes is steeper for px, confirming faster corrosion product
accumulation in the inner region. Fig. 3.7a compares two representations of corrosion
product occurrence over time: the “soft representation”, based on average probability
values (solid curves), and the “hard representation”, based on the binary classification of
whether p > 0.5 at each time step. Fig. 3.7a also suggests that another contributing factor



3.3. RESULTS AND DISCUSSION 69

a) b)
= X
0.05 0.04} -y
0.04
0.03
Py
% 0.03
=
& 0.02

0.01

0.00 g s0 75 100 125 0.00 75 100 125 150 175
Time {min) Time (min)
c)
- X
80} mmm ¥

Figure 3.6: Statistical comparison of corrosion kinetics between inner (red) and outer (blue) ROIs for droplets
classified as corroding at the end of the exposure. (a) Transition midpoint. (b) Transition intervals (onset to
plateau). (c) Transition slopes.

of px peaks at a higher value than py in Fig. 3.6c might be explained by the generally
high values of px compared to py. This is also theoretically valid, as corrosion product
coverage is often more substantial in the inner ROI, making it more likely to exhibit ei-
ther a strong presence or complete absence of corrosion products which leads to more
extreme higher px values.

The “soft” and “hard” representation can be described with Eq. 3.2 and Eq. 3.3:

J— 1 Nq
ph= N > pl, whereN,=#(a""=1) VYae(X,Y} 3.2)
aij=1

1 Ng nt
Frac), = N Y 1(p;,>05= Fd wheren, =#(a'=1) Vae{X,Y}  (3.3)

ai=1 a

where N, denotes the number of droplets containing corrosion products in the inner or
outer ROI at the final stage, while p;, represents the dynamic probability of corrosion
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Figure 3.7: Comparison of “soft” (probability-based, solid lines) and “hard” (binary classification, dashed lines)
corrosion representations. (a) Temporal evolution of average corrosion status for inner (red) and outer (blue)
ROIs. (b) Correlation between soft and hard representations for droplets showing corrosion product at inner
(red) and outer (blue) ROIs at the end of exposure. (c) Correlation between the two representations for droplets
showing corrosion product at both inner and outer ROIs at the end of exposure (d) Co-development of corro-
sion in both ROIs, expressed for droplets corroding in the inner (red) or outer (blue) ROIL

product existing in the inner or outer ROI of droplet i at time t, and n!, stands for the
number of droplets containing corrosion products in the inner or outer ROI at time t.
a'=1 and a9 =1 explicitly mean inner (a = X) or outer (a =Y) ROI shows presence of
corrosion product at time t and by the end of exposure.

The close match between the two, as shown in Fig. 3.7a, confirms that the probability-
based representation provides a soft yet accurate approximation of the corrosion frac-
tion. The two curves follow a similar overall trend, with the probability-based curve ini-
tially being slightly higher and later slightly lower than the fraction-based curve. This
behavior reflects the nature of the probability assignment: droplets located near clus-
ter boundaries in feature space receive intermediate probability values rather than dis-
crete 0 or 1 labels. As a result, the probability-based representation exhibits a smaller
dynamic range compared to the binary count, while preserving the overall shape of cor-
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rosion evolution. Importantly, although the global averages are similar, the “soft rep-
resentation” offers finer-grained, per-droplet information, which captures gradual cor-
rosion transitions that would be lost under “hard representation”. This relationship is
further supported by Fig. 3.7b, which shows a mostly linear correlation between the two
representations over time, validating Eq. 3.4:

t

n _
N—“ =aq-p,+PBa Yae{X,Y.XY} (3.4)
a

Eq. 3.4 can be further extended to droplets that show corrosion products at both inner
and outer ROIs at the end of exposure, as validated by Fig. 3.7c. To explore the interaction
between inner and outer ROIs, we focus on droplets that have already developed corro-
sion in one region at certain time and investigate the fraction that simultaneously exhibit

t t
corrosion in both regions (I;—’iy or I;—’i"). Within the “soft representation”, the joint proba-
X Y

bility of corrosion in both ROIs (pit,XY) is approximated as the product of the individual
probabilities (pit’X and p;Y) since they are separately analyzed and therefore statistically
independent. Eq. 3.5 shows the correlation between the “soft” and “hard” representa-
tions by applying Eq. 3.4 to three groups of droplets: those showing corrosion in the
inner ROI (a = X), the outer ROI (a =Y), and both ROIs (a = XY) at end of exposure.
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Fig. 3.7d presents the evolution of co-corrosion for inner and outer ROIs. The red curves,
representing the co-development analysis regarding inner ROIs, stabilize above 0.6. This
indicates that the majority of those droplets showing corrosion products at inner ROI
also develop corrosion products at their outer ROI. This observation supports earlier
findings by Wang et al.[12], suggesting that under-droplet corrosion often propagates
outward due to electrochemical or diffusional effects.

In contrast, the blue curves show that only 40 % of the droplets exhibiting corrosion in
the outer ROI also show corrosion in the inner ROI. This suggests that outer-region cor-
rosion may occur independently of corrosion under the main droplet footprint. One hy-
pothesis is that this is potentially due to inter-droplet interactions or diffusion of chem-
ical species between neighboring droplets. A target analysis shows that the droplet spa-
tially clustering behavior can both slightly increase the overall probability and acceler-
ate the onset of outer ROI corrosion, as detailed under 3.5.8 in the Supplementary In-
formation. Another explanation is that these independent outer corrosion events are
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governed by other factors such as corrosion initiating at the three-phase boundary of a
single droplet and subsequently propagating outward, as previously observed by Risteen
et al.[6] and Weissenrieder et al.[7]

In summary, the comparative temporal analysis reveals distinct kinetic profiles and prop-
agation pathways for the inner and outer ROIs. The statistical analysis of the kinetic de-
scriptors demonstrates that corrosion product formation initiates earlier and stabilizes
more rapidly in the inner region. Furthermore, the analysis of co-development fractions
shows an asymmetric relationship: while under-droplet corrosion has a high probability
of propagating outward, a significant portion of outer-region corrosion occurs indepen-
dently. These findings suggest a primary “inner-to-outer” corrosion mechanism, sup-
plemented by an independent initiation process at the droplet periphery.

3.3.2.3. INFLUENCE OF DROPLET SIZE ON CORROSION PROBABILITY

With the corrosion behaviors classified in a scale-invariant manner, the influence of
the original, physical droplet size can now be systematically investigated. Droplet size
plays a critical role in determining droplet-induced corrosion by influencing not only the
likelihood of corrosion the occurrence but also the type and rate of corrosion progres-
sion[4, 6, 18, 31]. A previous study[6] has shown that for carbon steel, the probability of
Evans-type corrosion increases with droplet size, with a threshold beyond which nearly
all droplets exhibit this corrosion mode.

In the context of the present study, this behavior corresponds to px stabilizing at a high
plateau, regardless of the evolution of py. Conversely, corrosion products that primarily
from outside the droplet footprint, represented by py stabilizing at a high plateau while
px remains low, are more frequently associated with smaller droplets. This trend is evi-
dentin Fig. 3.8.

Fig. 3.8a presents the distribution of droplets across size bins, along with the fraction ex-
hibiting corrosion at either the inner or outer ROIs by the end of exposure. The size bins
are defined as uneven ranges to avoid excessively low droplet counts in the larger size
categories. A monotonic increase in corrosion fraction can be observed with increas-
ing droplet diameter for both inner and outer ROIs. While smaller droplets dominate
the population, density-normalized histograms (I'ig. 3.8b) and cumulative density func-
tions (Fig. 3.8¢c) confirm that this trend is not an artifact of population imbalance. Specif-
ically, in Fig. 3.8b, the KDE curves for droplets classified as Xenq =0 or Yepq = 0 peak at
much smaller value than that for either Xg,q = 1 or Yepgq = 1. The cumulative distribution
curves in Fig. 3.8c further support this trend: droplets without corrosion products in the
inner or outer ROI reach a plateau at lower diameters compared to those with corrosion
(Xend =1 0r Yenq = 1).

The finding that the probability of developing optically detectable corrosion increases
with droplet size is a real physical phenomenon and not simply an artifact of optical
detection limits. This trend is consistent with the previous study|6] that uses direct pro-
filometry to measure metal volume loss, where the trend that the fraction of drops show-
ing corrosion increases with drop size is also observed. This confirms that while trace
electrochemical activity might exist, the likelihood of significant and visible corrosion
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Figure 3.8: Influence of droplet size on corrosion probability and type. (a) Droplet counts (bars) and corro-
sion fractions (lines) by size bin for inner (red) and outer (blue) ROIs. (b) Normalized size distributions for
corroding vs. non-corroding droplets in each ROIL (c¢) Cumulative distributions of droplet size for the same
categories in (b). (d) Fractions of Evans-like (red) and outer-only (blue) corrosion types by size bin. (e) Nor-
malized size distributions for non-corroding (green), Evans-like (red), and outer-only (blue) corrosion types.
(f) Corresponding cumulative distributions shown in (e).

initiation is strongly size-dependent.

Comparing corrosion development in the inner versus outer ROIs, it is observed that the
presence of corrosion products in the inner ROI is more strongly associated with larger
droplet sizes. As shown in Fig. 3.8a, the fraction of droplets exhibiting corrosion at the
inner ROI increases more steeply with droplet size compared to the outer ROL In con-
trast, droplets exhibiting corrosion at the outer ROI appear across a broader size range,
maintaining a relatively higher fraction even at intermediate droplet sizes (Fig. 3.8a).
This observation is further supported by the density-normalized size distributions (Fig.
3.8b) and cumulative density functions (Fig. 3.8c), where droplets with inner ROI corro-
sion (Xenq = 1) are shifted toward larger diameters relative to those with outer ROI corro-
sion (Yenq = 1), which suggests that corrosion at the outer ROI may be less dependent on
individual droplet size and more influenced by inter-droplet interactions or diffusional
processes.

In Fig. 3.8d-f, the droplet behavior based on ROI is categorized into three types: non-
corroding Xepq =0 and Yepg = 0), Evans-like corrosion (Xeng = 1, no matter of Y), and
corrosion localized outside the droplet footprint (Xeng =0 and Yeng = 1), based on the
previous investigation[6]. Overall, the probability of a droplet undergoing corrosion in-
creases with its size, with Evans-type corrosion becoming dominant beyond a critical
droplet diameter. Corrosion localized only in the outer ROI may be due to inter-droplet
effects or diffusion of corrosion products from neighboring droplets. This phenomenon
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is more frequently observed in droplets of intermediate size. As presented Fig. 3.8f, when
the droplet diameter exceeds approximately 360 yum, nearly all droplets exhibit signs of
corrosion, and above 650 um, all corrosion predominantly follows the Evans-like pat-
tern.

These observations confirm that droplet size is a critical factor governing both the likeli-
hood and the dominant mode of corrosion, with larger droplets favoring under-droplet
(Evans-like) corrosion, while intermediate-sized droplets may promote corrosion in sur-
rounding regions due to inter-droplet interactions or product diffusion.

3.3.2.4. INFLUENCE OF DROPLET S1ZE ON CORROSION CHARACTERISTICS OVER TIME
The previous section focused on the influence of droplet size on whether corrosion oc-
curs and type of corrosion by the end of the exposure, while droplet size also has a signifi-
cant impact on corrosion kinetics. Jiang et al.[3] have reported that the cathodic limiting
current increases linearly with the inverse of droplet radius, indicating that corrosion
under larger droplets might be constrained by oxygen concentration at the solid-liquid
interface. Cole et al.[14] have further showed that larger droplets exhibit a more pro-
nounced oxygen concentration gradient along the radius, favoring cathodic reactions
near the droplet edge. In addition, as droplets evaporate, their initial size influences the
drying rate and thus the evolution of electrolyte concentration. Lequien et al.[32] have
demonstrated that even within a single droplet, local concentration gradients might
emerge due to enhanced vapor flux at the edges, which induces diffusion, capillary flow,
and Marangoni flow, all strongly dependent on droplet size. Furthermore, the transport
and precipitation of corrosion products, both inside and outside the droplet, are also af-
fected by droplet dimensions[18].

In this section, we analyze the influence of droplet size on two temporal descriptors: the
transition midpoint, indicating when corrosion products begin to appear, and the transi-
tion interval, reflecting how fast corrosion product accumulation stabilizes. The metrics
are evaluated separately for the inner and outer ROIs to extend the previous global anal-
ysis into a size-dependent context. For consistency, droplet diameters are classified into
the same ranges as presented in Fig. 3.8.

Fig. 3.9 presents normalized histograms of these characteristics across droplet size bins.
In the inner ROIs, Fig. 3.9a shows that droplets of intermediate size (100 pm to 400 ym)
tend to reach the transition midpoint slightly earlier than smaller (0 um to 100 ym) or
larger (400 um to 800 um) droplets. Similarly, Fig. 3.9b reveals that these intermediate-
sized droplets also exhibit slightly shorter transition intervals, suggesting faster stabi-
lization of corrosion product accumulation. This behavior may result from an optimal
balance between oxygen solubility and ionic conductivity. Larger droplets tend to re-
tain volume longer and maintain lower chloride concentration, enhancing oxygen sol-
ubility but reducing electrolyte conductivity. Fig. 3.9c shows the average evolution of
px for droplets of different sizes. Larger droplets tend to stabilize at a lower plateau
value, possibly due to less uniform corrosion product precipitation across the initial
footprint. For outer ROIs, the trend differs. Fig. 3.9d-e show that larger droplets (400 um
to 800 pum) initiate corrosion earlier, while smaller ones (0 ym to 100 um) stabilizes more
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Figure 3.9: Effect of droplet size on corrosion kinetics. (a-b) Transition midpoints and intervals for inner ROIs.
(c) Average pyx evolution for droplets of different sizes. Only inner ROIs with corrosion product presence at
the end of exposure are included in (a)-(c). (d-e) Transition midpoints intervals for outer ROIs. (f) Average
py evolution for droplets with different sizes. Only outer ROIs with corrosion products presence at the end of
exposure are included (d)-(f).

quickly. Earlier appearance of corrosion products in larger droplets can be attributed to
enhanced evaporation at droplet edges, which results in a higher chloride concentration
and thereby creating a more aggressive environment that promotes early corrosion initi-
ation at the periphery. In contrast, the fast drying of smaller droplets cuts off electrolyte
supply and accelerates stabilization.

Fig. 3.9f shows the average evolution of py across size bins. Larger droplets stabilize
at slightly higher plateau values than smaller droplets, possibly due to the influence of
neighboring, actively corroding droplets. Corrosion products diffusing from adjacent
droplets may accumulate in the outer ROI and compensate for the dilution effect caused
by the larger areas. This diffusion-driven mechanism helps explain the stronger corro-
sion signal in the outer ROI of larger droplets.

These findings highlight that droplet size influences not only the likelihood but also the
dynamics of corrosion, with distinct temporal behaviors observed between inner and
outer regions.

3.4. CONCLUSIONS

This study introduced and validated a fully automated, data-driven framework for quan-
tifying corrosion under thousands of individual droplets using time-lapse optical imag-
ing. By converting raw image data into interpretable, probability-based metrics, the
method enables a quantitative analysis of both the occurrence and kinetics of corrosion
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on a per-droplet basis.

Application of this framework to carbon steel revealed that corrosion behavior is strongly
size-dependent, with larger droplets exhibiting a higher probability of developing sig-
nificant, optically detectable corrosion. The analysis of spatial patterns distinguished
two primary corrosion pathways: a 'inside-to-outside’ propagation and an independent
corrosion process occurring in the periphery of the droplet. Furthermore, the kinetic
analysis showed that droplet size also affects the onset and rate of corrosion product for-
mation, with distinct behaviors observed for inner versus outer regions.

By translating raw pixel data into physically meaningful metrics, this work provides a
scalable platform for investigating localized corrosion kinetics and morphology in com-
plex environments. The framework is broadly applicable to other surface processes where
progression can be tracked by visual changes, which offers a powerful tool for high-
throughput materials analysis.
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SUPPLEMENTARY INFORMATION

3.S.1. OUTER ROI REGION DEFINITION
The purpose of the outer ROI is to create a consistent area to monitor how corrosion
products develop surrounding the droplet.

Previous investigations[33, 34] have suggested that salty sessile droplets evaporate in
an constant contact area behavior, which is also observed in our experiment. To justify
this, we have randomly picked 100 non-corroding droplets and analyzed their diameter
evolution. Only non-corroding droplets are analyzed, since for corroding droplets, once
corrosion products form and spread, the real edge of the droplet becomes obscured and
is often impossible to define accurately.

The temporal evolution (Fig. 3.10a) shows that the droplets undergo a slight initial ex-
pansion before stabilizing at an average diameter approximately 3-4 % larger than their
initial size. To quantify the full range of this behavior, we plotted the distribution of the
maximum expansion ratio for each droplet (Fig. 3.10b). The histogram shows that the
maximum observed expansion in our experiment was approximately 1.32 times the ini-
tial diameter.
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Figure 3.10: (a) Temporal evolution of normalized droplet diameter (Solid line: mean value; transparent back-
ground: standard deviation) and (b) Maximum expansion ratio histogram of the randomly selected 100 non-
corroding droplets.

The outer ROI is therefore selected as 9/5 of the inner ROI diameter is a conservative
boundary based on the physical behavior of the droplets.

3.S8.2. POST-MORTEM SEM-EDS ANALYSIS

A complementary characterization experiment is repeated on a new sample which is
prepared and tested following an identical protocol (material, electrolyte, exposure con-
ditions) to the one described in the manuscript. After exposure, this sample is analyzed
post-mortem using SEM-EDS. As presented in Fig. 3.11, the analysis confirms that the
optically dark regions correspond to iron- and oxygen-rich corrosion products contain-
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ing chloride.

C———————302mm C—————0.2mm C————————0.2mm Cl K

Figure 3.11: Direct experimental validation linking optical darkening to corrosion product formation. (a) In-
situ optical recording of NaCl droplets on the carbon steel surface at the start of the experiment. (b) The
same region after 4 hours of exposure, where significant darkening can be observed (c) Post-mortem SEM
characterization of the area circled in (a) and (b). (d-f) Corresponding EDS elemental maps for oxygen (O),
iron (Fe) and chloride (Cl). Together they confirm that the dark regions observed optically are composed of
iron- and oxygen-rich corrosion products which also contain chloride.

3.S5.3. CONVOLUTIONAL NEURAL-NETWORK-BASED AUTOENCODER FOR FEA-
TURE EXTRACTION
A convolutional autoencoder is designed to learn compact representations of droplet
ROI images, and two instances are trained separately for inner and outer ROIs to ac-
count for their distinct characteristics. The encoder consists of three convolutional lay-
ers with stride-2 downsampling and ReLU activations, reducing the input from 32x32x3
to a 1024-dimensional vector, followed by a fully connected layer to compress into a N-
dimensional latent space. N scales with number of subgroups in segmentation-based
feature extraction methods. For example, when 4 subgroups are generated, N will be 24
for each inner ROI and 52 for each outer ROI (The details can be found in Section 3.S.4).
The decoder mirrors this process, expanding the latent representation back through a
fully connected layer and three transposed convolutional layers to reconstruct the orig-
inal image dimensions. The model architecture diagram can be visualized in Fig. 3.12a.
As shown in Fig. 3.12b-g, all autoencoders achieve stable convergence with low recon-
struction error, confirming that the latent features preserve relevant color characteristics
of the original ROls.

This process converts each ROI into a color vector that has the same dimension as that
generated with either radial or concentric segmentation method. Such latent vectors
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Figure 3.12: (a) Architecture of the convolutional autoencoder used to extract latent representations from in-
ner and outer droplet ROIs. The encoder compresses the 32x32x3 input into a N-dimensional latent vector
through three convolutional layers and a fully connected bottleneck. The decoder reconstructs the original
image using three transposed convolution layers, and reconstruction quality is evaluated using mean squared
error (MSE). The training and validation loss curves for autoencoders trained on inner ROIs are presented to
align with segmentation-based methods when (b) 2 segments (12 features) (d) 4 segments (24 features) and
(f) 8 segments (48 features) are generated. Similarly, loss curves for autoencoders trained on outer ROIs are
also included to align with segmentation-based methods when (c) 2 segments (26 features) (d) 4 segments (52
features) and (g) 8 segments (104 features) are generated. The stable convergence in both cases indicates that
the latent space effectively captures key color features of the droplets.

are then processed with principal component analysis (PCA) for expressiveness analysis
for comparing with the two pixel-grouping-based methods, with the results detailed in
Section 3.5.4.
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3.5.4. THE MULTI-STAGE OPTIMIZATION PROCESS
The optimization is as follows:

* Stage 1: Selection of the optimal feature engineering method

The initial goal is to identify the most effective segmentation method. Here we
have tested three feature engineering strategies, including radial segmentation
method, concentric segmentation method and autoencoder method, to capture
key physical characteristics of droplet corrosion. As described by the classic Evans
droplet model, concentric zones of electrochemical activity would form due to the
radial oxygen gradient across the droplet, with the central part being more anodic
and the periphery being more cathodic. The concentric segmentation method is
designed to extract features from these physically meaningful regions. Addition-
ally, since in real-world corrosion, the development of corrosion products is usu-
ally asymmetrical and corrosion can first occur at localized defects, radial segmen-
tation method is also evaluated where such asymmetry is emphasized. Finally, an
autoencoder method, which learns more complex spatial patterns, is also included
as a pure data-driven approach.

The primary criterion for this stage is information parsimony which is defined as
the ability of a method to capture the maximum amount of Cumulative Explained
Variance (CEV) in the fewest number of dimensions. The analyses are performed
on droplets from the end-of-exposure image, as this is the moment where the vi-
sual distinction between corroded and non-corroded states is at its maximum. To
ensure this selection is robust and not dependent on a specific level of segmen-
tation granularity, we perform PCA comparison across three representative val-
ues, including a low (2 segments), a medium (4 segments) and a high (8 segments)
granularity. Specifically, for the segmentation-based methods, each segment in
the inner ROI generates 6 features (mean and variance for RGB channels), and
each segment in the outer ROI generates 13 features (RGB stats plus gradient fea-
tures). The number of latent dimensions for the autoencoder is chosen to match
the total number of features generated by the segmentation methods at each level
of granularity to ensure a fair comparison of their information compactness.

 Stage 2: Optimization of segmentation and clustering parameters

Once the concentric method is selected, we perform a grid search to identify the
optimal number of segments and number of clusters. Again, this analysis is also
performed on droplets from the end-of-exposure image. For each combination,
we retain the number of principal components (PCs) required to explain 90 % of
the CEV. The optimal parameters are then determined by finding the combination
that maximizes the Silhouette score from a K-Means++ clustering. As a final op-
timization, we find that using the MaxAbs scaler for inner ROIs and the MinMax
scaler for outer ROIs yields the best performance.

* Stage 3: Determination of the final number of PCs
With the feature engineering method (concentric) and its parameters (number of
segments) finalized, the last step is to determine the number of PCs to be retained
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for the final temporal analysis. To ensure this choice is representative of the en-
tire corrosion process, this analysis is performed on the full dataset, including all
droplets across all selected time frames. We selected the number of PCs that ex-
plained 90 % of the CEV for this complete dataset.

Since concentric segmentation method, among the three tested granularities, always
requires the lowest number of components to represent the data effectively (captures
the maximum amount of CEV in the fewest number of dimensions, as presented in Fig.
3.13), this method is adopted.

In Stage 2, we have found that under concentric segmentation method, the highest scores
which indicate the optimal cluster quality are found with 5 segments and 2 clusters for
the inner region, and 2 segments and 2 clusters for the outer region, as presented in Fig.
3.14. These combinations are therefore selected for further analysis. In Stage 3, we have
analyzed the number of PCs to retain for keeping CEV over 90 %, which leads to the re-
taining of 5 PCs for both inner and outer ROIs, as presented in Fig. 3.15.

3.S.5. MISCLASSIFICATION ON PER-DROPLET TEMPORAL CORRODING STA-

TUS USING BINARY CLASSIFICATION

To illustrate the limitations of binary classification in representing corrosion progres-
sion, both the temporal evolution of individual droplets and the clustering results based
on dimensionally reduced features are examined. Fig. 3.16 shows a time series of ROl im-
ages from a single droplet that gradually transitions from a clean state to one with visible
corrosion products. This progression visually shows the continuous nature of corrosion,
where no clear-cut boundary exists between non-corroded and corroded states.

To classify droplets based on their final condition, PCA is applied to features extracted
from the full time series, followed by clustering into two groups. As shown in Fig. 3.17a,
the data points form two distinguishable clusters. When mapped back to droplet im-
ages, one cluster (Fig. 3.17b) largely corresponds to droplets with significant corrosion,
while the other (Fig. 3.17c) contains mostly non-corroded droplets. However, several
droplets with visible corrosion are also found in the non-corroding cluster, indicating
that the transition is not always captured accurately through binary labeling. This rein-
forces that while clustering is useful for general categorization, it may not fully reflect the
gradual and complex kinetics of corrosion product formation, and therefore an alterna-
tive method might be considered.

3.S.6. CONSISTENCY CHECK VALIDATING THE USE OF END-FRAME CLUSTER
CENTERS

The validity of using end-frame cluster centers to analyze the entire time series is con-

firmed with a consistency check. This consists of two parts:

* Population Snapshots: First, we show the feature data for the entire droplet pop-
ulation at different time points (initial, intermediate, and late) plotted against the
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Figure 3.13: PCA results for different feature engineering methods on the end-of-exposure image. The plots
show the CEV versus the number of PCs. The comparison is performed for three levels of segmentation gran-
ularity: (a) 2 segments, (b) 4 segments, and (c) 8 segments.
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Figure 3.14: Grid search results for optimizing segmentation and clustering parameters. The heatmaps visu-
alize the Silhouette score for the concentric segmentation method across a range of parameters. The analysis
is performed separately for (a) the inner ROIs (scaled with MaxAbs scaler) and (b) the outer ROIs (scaled with
MinMax scaler) using K-means++ algorithm for clustering analysis.
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Figure 3.15: PCA on the full dataset to determine the final number of retained PCs for (a) inner and (b) outer
ROIs. The analysis shows that for the inner ROIs, 5 PCs explain 93.7 % of the variance and for the outer ROIs, 5
PCs explain 91.7 %. Therefore, to capture over 90 % CEV in both cases, 5 PCs are retained for the final analysis.

two final clusters. As presented in Fig. 3.18a, the plots clearly show that for both
inner and outer ROIs, the population beginning almost entirely within the “non-
corroding” cluster and progressively evolving across the feature space toward the
"corroding" state over time.

e Individual Trajectories: Second, we show the trajectories of representative individ-
ual droplets. As presented in Fig. 3.18b, these plots trace droplet ROI journey from
the non-corroding cluster to the corroding cluster. The corresponding optical im-
ages to link this movement in the feature space to the physical accumulation of
visible corrosion products are also provided.



3. DEVELOPING A DATA-DRIVEN FRAMEWORK FOR ANALYZING ATMOSPHERIC
84 CORROSION OPTICAL RECORDING

Figure 3.16: Temporal evolution of one inner ROI showing gradual corrosion product formation. Early frames
show no visible corrosion, while later frames exhibit increasingly darkened regions indicative of corrosion
products.

3.S.7. SENSITIVITY ANALYSIS OF THE CORROSION STATUS CLASSIFICATION
CRITERIA

The robustness of the choice regarding the probability threshold and plateau duration
for end-stage plateau detection is demonstrated by a sensitivity analysis.

As presented in Fig. 3.19, the results show that the final fraction of droplets classified
as corroding is highly stable. Varying the probability threshold (from 0.45 to 0.55) and
the minimum plateau duration (from 4 to 6 frames) has only a minor effect on the final
corroding fraction for both inner and outer ROIs. For the outer ROI, the fraction varies
by about 17 % across the entire tested range, and for the inner ROI, the variation is even
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Figure 3.17: (a) PCA representation of ROI evolution as presented in Fig. 3.12, clustered into two groups. (b)
Images of ROIs assigned to the ‘corroded’ cluster, showing significant presence of corrosion products. (c) Im-
ages of ROIs assigned to the ‘non-corroded’ cluster. Despite the overall grouping, some ROIs in (c) still exhibit
clear signs of corrosion, which highlights the limitations of binary classification when applied to a gradual pro-
cess.

smaller, at just over 7 %. This shows that the main statistical conclusions are robust and
not sensitive to the specific parameters chosen for the classification.
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Figure 3.18: Consistency check validating the use of end-frame cluster centers. (a) Snapshots of the entire
droplet population (yellow) in the feature space at different time points (t=0h, 1h, 2h), plotted against the
final "non-corroding" (purple) and "corroding” (teal) clusters. The population begins in the non-corroding
region and progressively evolves toward the corroding state. (b) The trajectories and corresponding image of a
representative inner and a representative outer ROI over time, which link their path in the feature space to the
physical accumulation of visible corrosion products.

3.S.8. EFFECT OF DROPLET SPATIALLY CLUSTERING BEHAVIOR ON CORRO-
SION PRODUCT DEVELOPMENT IN OUTER ROIS

To determine if spatially isolated versus clustered droplets exhibited distinct corrosion
behavior, droplets are separated into two equally sized groups (“isolated” and “clus-
tered”) using the median nearest-neighbor distance as a non-arbitrary threshold. We
then compared both their final corrosion status and their corrosion kinetics. The analy-
sis of the final corrosion status shows a slight difference between two groups, where the
fraction of droplets exhibiting outer ROI corrosion is 29.9 % for the “clustered” group and
26.8 % for the “isolated” group. This indicates that the clustering behavior can slightly
increase the overall probability of outer ROI corrosion. Meanwhile, an analysis of the
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Figure 3.19: Sensitivity analysis of the corrosion status classification criteria. The heatmaps show the final
fraction of droplets classified as corroding by detecting whether there is a stable high plateau appearing at
the end of the probability curve in (a) the inner ROIs and (b) the outer ROIs, as a function of the probability
threshold and the minimum plateau duration.

corrosion transition midpoint time shows a modest acceleration in the onset of outer
ROI corrosion in the “clustered” group when compared to “isolated” droplets, as pre-
sented in Fig. 3.20.
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Figure 3.20: Transition midpoint for clustered and isolated droplets, classified by the median nearest-neighbor
distance. The distance between two droplets is defined as their central distance extracted by their radius.
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A WEAKLY SUPERVISED
FRAMEWORK FOR DROPLET-LEVEL
CORROSION INFERENCE FROM
GLOBAL MEASUREMENTS

This chapter will be submitted as:

Zhang, K.; Mol, A.; Gonzalez-Garcia, Y., A Weakly Supervised Framework for Droplet-Level Corrosion Inference
from Global Measurements

The Python code for the analysis involved in this work is available at:
https://github.com/KeerZhang345/MILcorr.git
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Abstract

In different stages of atmospheric corrosion, discontinuous electrolyte layers often form
as isolated droplets, each with distinct physicochemical and geometrical characteristics.
While global corrosion kinetics can be measured, the contribution of individual droplets
remains unknown under realistic multi-droplet exposure conditions. In this chapter, we
present a weakly supervised learning framework that extracts droplet-level corrosion be-
havior using only time-resolved optical imaging and global measurements of material loss
from an electrical resistance sensor.

Framed as a multiple-instance regression problem, the model learns to reconstruct global
corrosion curves by inferring per-droplet contributions from their spatiotemporal visual
features. Despite the absence of droplet-level labels, the model reveals physically mean-
ingful patterns: droplets with pronounced color evolution or larger initial size contribute
more significantly to total damage, and inner-region corrosion often precedes spreading
to outer regions.

Temporal correlation and spatial inspection confirm that predicted droplet-specific loss
aligns with image-based evidence of corrosion propagation. This approach demonstrates
how weak supervision can uncover localized corrosion mechanisms from global observa-
tions, providing a scalable complementary to droplet-level electrochemical methods and
offering new opportunities for data-driven mechanistic studies in atmospheric corrosion.
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4.1. INTRODUCTION

Corrosion of metallic materials is a pervasive and costly degradation process that ac-
counts for an estimated 3.4% of global GDP, with atmospheric corrosion contributing
approximately half of that total cost[1]. Atmospheric corrosion occurs when metallic
surfaces are exposed to humid or salt-containing environments, leading to the forma-
tion of thin electrolyte layers that enable electrochemical reactions. Under outdoor or
semi-controlled laboratory exposures, such as salt spray testing, these electrolyte layers
are often discontinuous, especially at the early stages of exposure. The thin electrolyte
layer can therefore be regarded as a collection of micro-droplets with diverse size, shape,
spacing, and chemistry, each acting as a localized electrochemical cell that drives hetero-
geneous corrosion activity[1, 2]. Global corrosion kinetics under such multi-droplet con-
ditions can be measured using non-electrochemical methods such as gravimetric mass
loss[3, 4], or electrical resistance (ER) monitoring[5-8], and, under certain conditions,
electrochemical techniques such as electrochemical impedance spectroscopy (EIS)I6, 9,
10] and galvanic coupling[11]. However, while these methods capture overall corrosion
behavior, they cannot resolve the individual contribution of each droplet, whose local
electrochemical effects remain experimentally inaccessible.

Understanding how individual droplets contribute to overall corrosion behavior is cru-
cial for interpreting experimental data and validating mechanistic models, such as fi-
nite element modeling (FEM)[12-17]. Conventional FEM studies typically validate their
predictions by comparing simulated and measured global corrosion losses, yet this ap-
proach overlooks localized interactions that arise when multiple droplets coexist on the
same surface. In realistic multi-droplet systems, evaporation rates may differ when droplets
shield one another from airflow or radiation[18, 19], and thin electrolyte layers can coa-
lesce or form microbridges between neighboring droplets[20, 21], thereby altering local
electrochemical conditions. Most existing validation data come from isolated single-
droplet experiments[16, 22, 23], performed under idealized free-corrosion conditions,
which do not capture these multi-droplet effects. Achieving droplet-level validation un-
der realistic conditions would thus enhance the mechanistic fidelity and predictive ca-
pability of FEM-based corrosion models[12, 24].

Several spatially resolved electrochemical techniques, such as wire beam electrode (WBE)
arrays[23, 25-27], and the scanning vibrating electrode technique (SVET)[2, 28], have
been developed to probe localized corrosion behavior. However, their applicability to
realistic multi-droplet systems remains limited. WBE can map current distributions un-
der single droplets and is, in principle, also applicable to multi-droplet configurations.
However, its spatial resolution is constrained by the physical size of the electrode el-
ements, making it impractical for micrometer-scale droplets, which is the typical size
range in realistic multi-droplet corrosion scenarios. SVET, which detects local ionic cur-
rent density by scanning potential gradients in the electrolyte, also faces challenges un-
der multi-droplet conditions: the probe must be immersed within each droplet, vibra-
tions can distort droplet geometry, and positioning becomes difficult for many small,
irregular droplets. Consequently, both methods are limited to idealized scenarios and
cannot provide comprehensive, non-invasive mapping of corrosion activity across large
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droplet populations.

To overcome these experimental limitations, we adopt a data-driven imaging approach
that uses surface optical imaging[29-33] as a non-invasive probe of corrosion dynam-
ics under realistic multi-droplet conditions. Time-resolved image sequences capture
the evolution of individual droplets, allowing quantitative extraction of geometrical and
color-based features that reflect the formation and spread of corrosion products. In our
recent work[34], we demonstrated that these optical features can be translated into a
probabilistic representation of corrosion product formation in both the inner and outer
droplet regions. This confirmed that color evolution provides physically meaningful in-
dicators of localized corrosion activity across large droplet populations.

Building on these findings, the remaining challenge is to quantify how individual droplets
contribute to the globally measured corrosion loss during realistic multi-droplet expo-
sures, a quantity that is experimentally inaccessible with existing electrochemical or
imaging methods. The objective of this study is to recover droplet-level corrosion be-
haviour from solely global electrical resistance measurements by exploiting the spa-
tiotemporal information contained in time-resolved optical imaging. Our aim is to de-
termine whether droplet geometry and color evolution can be used to infer physically
meaningful per-droplet contributions to the overall corrosion signal.

To achieve this, we formulate a multiple-instance regression (MIR) task[35-46], where
each image frame is treated as a collection of droplet instances, described by static ge-
ometric properties and dynamic color descriptors. Similar formulations have been suc-
cessfully applied in remote sensing[37, 38, 42, 44], and medical imaging(36, 39, 41],
where global quantities are linked to collections of localized observations. A shared neu-
ral model maps these per-droplet features to latent corrosion contributions whose sum
reconstructs the measured global loss. This weakly supervised framework enables us
to attribute corrosion activity to individual droplets under realistic exposure conditions
without requiring droplet-level labels. In doing so, the study provides a new approach
for resolving localized corrosion mechanism from aggregate measurements.

4.2. EXPERIMENTAL PLATFORM AND DATASET PREPARATION

The dataset used for model development was obtained using the multi-droplet corrosion
platform introduced in our previous work[5]. The system integrates in-situ ER measure-
ments with time-resolved optical imaging to enable synchronized monitoring of global
corrosion kinetics and localized droplet evolution (Fig. 4.1a). Because the experimental
methodology has been validated previously, only the elements relevant to data quality
and model reproducibility are summarized here.

Carbon-steel ER sensors (grade EN 10130 (DC01), nominal thickness 25 pm) were pre-
pared following the established protocol[5] and exposed to a fine spray of 1 M NaCl in-
side a sealed chamber. During exposure, ER was recorded continuously and converted
to corrosion depth using the standard calibration for this sensor geometry. Multiplying
by the active track area yields the global corrosion-volume loss used as the model target
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(Fig. 4.1b). In parallel, a fixed field-of-view covering 11.65 x 8.72 mm? was imaged using
a color camera (Manta G319-C, Allied Vision Technologies, Germany) equipped with a
zoom lens (Zoom 1:6.5 W.D.240mm, Unitron Ltd., USA) and uniform ring illumination
(Fig. 4.1c). The optical stream captures the spatial distribution and temporal evolution
of all droplets on the surface.
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Figure 4.1: Experimental data acquisition loop. (a) Schematic of the in-situ optical imaging-ER setup used
for multi-droplet corrosion experiments. (b) ER-derived corrosion evolution showing accumulated corrosion
depth (left axis) and corresponding corrosion volume loss (right axis) over time. The light blue zone at the
beginning of the test indicates the period when the system is not yet stabilized and is therefore excluded from
subsequent analysis. (c) Optical recording of the sensor track showing evolution of droplets deposited on
the ER sensor surface (d) Schematic illustration of the mechanistic link between localized corrosion beneath
droplets and the global ER signal. Metal dissolution and the formation of non-conductive Fe-oxides reduce
the effective conductive cross-section, leading to an increase in measured ER. Each droplet thus contributes
incrementally to the total corrosion volume loss shown in (b).

To ensure stability of the ER signal, an initial 25-min period dominated by thermal equi-
libration was excluded following the procedure established in our previous work([5]. All
subsequent analyses define this point as t = 0. Removing the corresponding 14 frames
yields 565 candidate samples. From these, one representative mid-exposure frame and
one early frame from the excluded stabilization interval were reserved as the principal
component analysis (PCA) calibration set for color feature extraction (Section 4.3.1). Be-
cause the early calibration frame was already excluded, only the mid-exposure calibra-
tion frame reduces the dataset size, resulting in 564 usable samples.

Each sample contains the extracted droplet-level optical features and the corresponding
global target value representing the ER-derived material loss at that time. The mecha-
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nistic link between these measurements is illustrated in Fig. 4.1d: corrosion initiated
beneath droplets forms non-conductive iron oxide products, which reduce the effective
conductive cross-section of the sensor track and increase the measured ER signal. Si-
multaneously, the growth of these corrosion products alters the local optical response,
enabling the extracted color and geometrical features to serve as quantitative descrip-
tors of localized corrosion activity.

As discussed previously, corrosion products can accumulate both inside and around the
initial droplet footprint. Therefore, both areas are included in the subsequent analysis
and are referred to as the inner (under-droplet) and outer (surrounding) regions of in-
terest (ROIs) (Fig. 4.2c). These two ROIs represent the primary locations of corrosion
product buildup.

4.3. METHODOLOGY

This section outlines the framework used to model droplet-driven atmospheric corro-
sion from weak supervision. We first describe the imaging and ER datasets, including
droplet segmentation and feature extraction. We then present the artificial neural net-
work (ANN) model, formulated as a MIR problem, which learns to relate droplet-level
features to global corrosion loss. Model interpretability is addressed through feature at-
tribution and ablation analysis. Finally, we detail the droplet-level validation strategies
used to examine the model’s spatial, temporal, and geometric consistency with observed
corrosion behavior.

In our framework, each time-resolved optical image constitutes a bag of droplet instances,
each represented by a feature vector that combines static geometric features (such as
area and aspect ratio) and dynamic color descriptors that evolve with corrosion product
accumulation. The geometrical features are treated as static because previous work [34]
showed that corrosion products induced by a droplet primarily form within and around
its initial footprint, and that the initial droplet size has a significant impact on the kinet-
ics of product formation. Consequently, the initial droplet geometry provides a physi-
cally meaningful reference for tracking corrosion evolution. In addition, under 1 M NaCl
conditions, droplet spreading or shrinkage during exposure is minimized[47, 48], further
ensuring that this static representation introduces negligible geometric bias. In contrast,
the color descriptors vary over time, reflecting the progressive accumulation and spatial
redistribution of corrosion products within these fixed regions.

A shared multilayer perceptron (MLP) is applied to every droplet feature vector, and the
predicted per-droplet outputs are aggregated to reproduce the measured global corro-
sion signal. This shared-weight design maintains physical consistency across droplets
while enabling the model to learn nonlinear dependencies between droplet features and
corrosion volume loss. Note that the objective is to quantify how corrosion product de-
velopment is associated with each droplet and how these contributions collectively de-
termine the global corrosion volume loss within a single exposure. The study thereby
emphasizes intra-run interpretability and physically consistent attribution over cross-
run generalization.
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4.3.1. IMAGE PROCESSING AND FEATURE EXTRACTION
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Figure 4.2: Workflow illustrating droplet-level feature extraction and MIR modeling of corrosion volume loss.
Panels (a-c) are partially adapted from our previous work[34] (a) Optical image of the droplet-covered surface
at stabilization. (b) Droplet binary masks obtained using the SAM model with pre- and post-processing, where
each mask defines the initial droplet footprint for ROI extraction. (c) Inner (X) and outer (Y) ROIs representing
regions under and around each droplet, respectively, which are further interpolated into a size of 32 x 32
pixels and divided into ring-shaped slices for color-based feature extraction. (d) Droplet-level feature matrices
across all time points (each time point forming a bag containing all droplets) that serve as model input. (e)
The MIR framework (detailed in Fig. 4.4) maps per-droplet features to the global corrosion volume loss. The
model is trained in a supervised manner, using ER-measured corrosion volume loss as the target and Huber
loss (SmoothL1) as the loss function.

Droplet segmentation and feature extraction follow a workflow similar to that de-
scribed in our previous study[34], with modifications to accommodate the MIR frame-
work adopted here. Each droplet in the initial optical image (Fig. 4.2a) was segmented
from the background using the Segment Anything Model (SAM), a pre-trained large vi-
sion model (LVM) developed by Kirillov et al.[49] The segmentation produced binary
masks that define the footprint of each droplet (Fig. 4.2b). These masks were applied
across the entire image sequence as the pixel coordinates for extracting droplet-specific
image segments at every recorded time point.

Corrosion product buildup occurs both inside and around the initial droplet footprints.
Two regions of interest (ROIs), including an inner region (X), corresponding to the droplet
footprint, and an outer region (Y), extending beyond it by a factor of 2 in equivalent
diameter (Fig. 4.2c), are considered (for more details, see Supplementary Information
Section 4.5.1). Overlapping outer ROIs are trimmed by subtracting intersecting inner
regions from neighboring droplets, and intersections with dark inter-track areas (non-
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metallic support) are excluded to prevent false detections.

Each segmented droplet is resized to 32 x 32 pixels using a high-quality bicubic inter-
polation (cv2.INTER_CUBIC) to preserve feature integrity, and masked to exclude non-
droplet regions (Fig. 4.2c), following the same procedure as described in our previous
work[34]. Within both ROIs, ring-shaped sub-regions are extracted: five rings, includ-
ing the center for the inner ROI, and three rings, excluding the center for the outer ROL
The mean RGB and HSV channel values within each ring serve as the primary color de-
scriptors: 30 features for the inner ROI and 18 for the outer ROI. Normalization ensures
consistent extraction of the same number of sub-regions from droplets of different sizes.
Size normalization removes absolute scale information; two geometrical descriptors, in-
cluding the equivalent diameter and aspect ratio of the inner ROISs, are calculated sepa-
rately from the original segmentation masks and retained as static features in the dataset
(Fig. 4.2d).

Raw color descriptors often exhibit high inter-channel correlation and sensitivity to pixel-
level noise. To mitigate these effects and reduce dimensionality while preserving mean-
ingful variation, PCA is applied separately to the color features of inner and outer ROIs
to enhance robustness and reduce color feature dimensionality, thereby achieving a bal-
ance with the geometrical features. PCA and scaling parameters are fitted using a fixed
calibration set composed of two images, one from early frames recorded during the ini-
tial stabilization period (thus automatically excluded from the full dataset, as discussed
earlier in Section 4.2) and the other at the mid-exposure stage. These frames are ex-
cluded from model training and testing to prevent data leakage.

The resulting droplet-level feature vectors, combining static geometric descriptors with
dynamic PCA-reduced color components, are organized frame by frame into feature ma-
trices that represent all droplets in the field of view (Fig. 4.2d). Each frame thus forms a
“bag” of droplet instances associated with a single global corrosion measurement from
the ER sensor. These instance-level features serve as the input to the MIR framework
(Fig. 4.2e), which learns to map the aggregate behavior of all droplets within a frame
to the experimentally measured corrosion volume loss. The architecture and training
procedure of this MIR model are described in the following sections.

4.3.2. DATASET PREPARATION AND SAMPLING STRATEGY

The dataset consists of a time-ordered series of frames acquired during the 16-hour ex-
posure experiment. Each frame provides a “bag” of droplet-level feature vectors (Sec-
tion 4.3.1), together with a corresponding global corrosion volume obtained from ER
measurements. Following the preprocessing described in Section 4.2, and the removal
of PCA calibration frames (Section 4.3.1), the modeling dataset comprises 564 cleaned
samples (Fig. 4.3a).

The overall objective is to identify how localized droplet features relate to global corro-
sion loss rather than to forecast temporal evolution. The samples are treated as indepen-
dent observations rather than sequential time series. Therefore, the training, validation,
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and test subsets are created by non-sequential random sampling rather than contiguous
temporal splits.

The sampling strategy consists of two stages. First, assessing how dataset size affects
model performance and second, partitioning of the clean data set for ensemble learning.

In the first stage (Fig. 4.3b), the data are repeatedly split into three subsets: training, val-
idation, and temporary hold-out. For each random seed, a variable training proportion
aj is used, and the remaining data are split 1:1 into validation and temporary evaluation
subsets. The training subset always includes two anchor frames (one early and one late
exposure sample) to ensure full coverage of corrosion progression. The temporary eval-
uation set is used solely to compare model performance across training sizes and does
not participate in model optimization.

In the second stage, partitioning is performed for ensemble modeling (Fig. 4.3c). Us-
ing a fixed random seed, the cleaned dataset is divided into a test set of proportion a*
(selected from the training-size analysis) and a training—validation pool containing the
remaining 1 + a* proportion of samples. The test set remains unseen throughout model
training and ensemble construction. The training-validation pool serves as input to the
ensemble, from which each ensemble member draws its own bootstrapped training and
validation subsets.

4.3.3. MODEL ARCHITECTURE

The architecture of ANN, formulated as an MIR model, is summarized in Fig. 4.4. The
MIR framework employs a shared multilayer perceptron (MLP) that processes each droplet’s
feature vector independently using identical weights. The resulting droplet-level predic-
tions are then summed to obtain the global (sample-level) estimate of material loss. This
additive formulation reflects the physical nature of the process: since localized corrosion
product buildup corresponds to underlying metal volume loss, the total material loss ac-
cumulates across all droplets, allowing the global corrosion response to be interpreted
as the sum of these individual droplet contributions.

The geometrical descriptors remain constant across frames, yet they provide the con-
textual structure the model needs to interpret the color-based corrosion signal. Droplets
with different sizes or shapes can produce distinct corrosion dynamics even when their
color trajectories look similar, so the model must account for these variations. Because
these descriptors do not change over time, they complicate the attribution of temporal
effects. This issue is examined in detail using SHAP and targeted ablation analyses in
Section 4.3.6.

4.3.4. TRAINING AND ENSEMBLE STRATEGY

The model is evaluated across 30 independent runs to determine the minimal training
set size required for reliable performance. This balances the statistical reliability and
computational cost for each candidate size. Each run uses a different random seed to
generate a unique train—validation-evaluation split (Section 4.3.2). The same set of 30
seeds is reused across all training sizes to ensure matched and directly comparable re-
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Figure 4.3: Overview of dataset preprocessing and sampling strategy. (a) Removal of the stabilization period
and PCA calibration samples to obtain the cleaned dataset. Two anchor samples (one early-stage and one late-
stage frame) are marked and will always be included in subsequent training sets. (b) Splitting procedure used
during the training-set size analysis. For each random seed i, the cleaned dataset is first partitioned using a
variable ratio aj, which controls the training-set proportion and is varied across tested sizes. The remainder
is then split 1:1 into validation and temporary evaluation subsets, resulting in an overall ratio of 1 : a; : «; for
training : validation : evaluation. (c) Final split used for ensemble learning. A fixed random seed (seed = 42)
is used to partition the cleaned dataset into a test set and a training-validation pool using the selected ratio
a* obtained from (b). The test set is used only for final ensemble evaluation, while the remaining (1+ a*)
proportion constitutes the training—validation pool and serves as input to the ensemble learning (Fig. 4.5).

sults. All runs share identical network architecture and training hyperparameters.

Model training employs the Adam optimizer (learning rate = 1 x 103, weight decay =
1 x10™%) for up to 6000 epochs. Early stopping is triggered if the validation loss does
not improve for 50 consecutive epochs, and the learning rate is halved after 10 stagnant
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Figure 4.4: Multiple-instance regression (MIR) architecture used to link droplet-level features to the glob-
ally measured corrosion volume loss. (a) At each time point, the optical image is represented as a bag of
droplet-level feature vectors, each combining PCA-reduced color descriptors and static geometrical attributes.
A shared MLP processes all droplets independently and produces a droplet-level contribution. These contri-
butions are summed to obtain the predicted global material loss. (b) Internal structure of the shared MLP,
consisting of five fully connected layers, each followed by ReLU activation, except for the final Softplus output,
which enforces non-negative per-droplet predictions.

epochs, down to a minimum of 1 x 10~°. The batch size is 4 for both training and valida-
tion to maintain GPU efficiency given the large per-sample computational load, as each
sample corresponds to a full droplet field which contains hundreds of instance-level fea-
ture vectors. The loss function is Smooth L1 (Huber) Loss, which is chosen for its balance
between sensitivity to small deviations and robustness against occasional large errors.
All models are initialized from scratch using Kaiming normal weight and zero bias, with
a fixed random seed (separate from the data-split seeds) to ensure reproducibility of ini-
tialization and internal stochasticity.

The optimal training size is the smallest subset for which performance (Section 4.3.5)
remains consistently high across 30 independent runs. Once this optimal size (a™) is
established, ensemble learning is used to improve robustness. The predefined train-
ing-validation pool and test set (Section 4.3.2) are used as input for the ensemble pro-
cess. Each of the k ensemble models is trained on a bootstrapped subset of the train-
ing—validation pool, maintaining the training-validation ratio 1: @¢*. Each subset always
contains two anchor samples (shown by hatched bars) representing early and late expo-
sure stages. All ensemble models have the same architecture and training setup. During
inference, all k models generate independent predictions on the fixed test set, and their
average outputs form the ensemble prediction for the final performance evaluation. The
entire ensemble workflow is depicted in Fig. 4.5.
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Figure 4.5: Ensemble learning workflow. The ensemble process starts from the predefined training-validation
pool and fixed test set (Section 4.3.2). Each of the k ensemble models is trained on a bootstrapped subset of
the training-validation pool, with training : validation ratio 1: a*, where a* is the same optimal ratio used for
the test split. Each bootstrapped training set always includes two anchor samples (hatched bars) representing
early and late exposure stages. All models share identical architectures and training configurations. During
inference, each model produces independent predictions on the fixed test set, which are averaged to obtain
the ensemble prediction. Model performance is evaluated against the ground truth using standard metrics.

4.3.5. MODEL EVALUATION

Model performance is mainly measured using the coefficient of determination (R?). For
each candidate training set size, the model is trained and tested over 30 independent
runs, using a fixed set of random seeds for data splitting (Section 4.3.2). The smallest
training size that includes all 30 runs to achieve R? = 0.9 on the evaluation set is called
the minimal sufficient training size. Additionally, the mean and standard deviation of R?,
RMSE, and MAE across the 30 runs are reported to illustrate the accuracy and variability
between runs for each training size.

After determining the minimal sufficient training size, ensemble learning is utilized (Sec-
tion 4.3.4). Each ensemble is built by training 20 learners on bootstrap samples from the
selected training set. The ensemble’s performance is evaluated using the same metrics
(R%, RMSE, MAE), emphasizing the reproducibility of the ensemble results multiple con-
structions. To evaluate stability, multiple ensembles are trained with identical hyperpa-
rameters, and their performance metrics are reported individually.

4.3.6. MODEL INTERPRETABILITY

Model interpretability aims to understand how the trained model uses input features
to produce the overall material loss prediction. Since the architecture processes each
droplet independently through a shared MLP and adds their contributions, interpretabil-
ity is assessed at the feature level rather than at the level of individual droplets.
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The influence of each input feature on the global prediction is analyzed using SHAP val-
ues and ablation tests. As discussed earlier in Section 4.3.3, SHAP can underestimate
the importance of temporally static features over time because it attributes importance
based on individual feature perturbations. To address this, an ablation experiment is
conducted in which geometric features are set to zero while color features remain un-
changed. Model performance metrics (R?, RMSE, MAE) are compared between the orig-
inal and ablated inputs across 100 randomized trials, each with 200 samples.

4.3.7. DROPLET-LEVEL BEHAVIOR VALIDATION

While global interpretability explains how the model utilizes input features, it is equally
important to ensure that individual droplet predictions align with physically observable
corrosion processes in reality. Since the model combines droplet contributions to cal-
culate the overall loss, analyzing droplet-level behavior serves as a validation method
rather than a means of interpretability.

The following analyses are performed:

* Classification consistency: Droplets with predicted final material loss above a thresh-

old are compared with those labeled as corroded via unsupervised clustering of
the final-stage droplet image. Agreement is assessed using precision, recall, and
F1-score, to determine if the predicted droplet activity matches visually identifi-
able corrosion.

» Temporal correlation: For each droplet, the Spearman correlation is calculated
between the predicted material-loss trajectory and the related time series of ag-
gregated color features. This determines whether predicted corrosion onset and
growth align with observable changes in droplet color.

* Spatial alignment: For selected droplets, the evolution of predicted losses is com-
pared qualitatively with the visual progression of their inner and outer ROIs. This
analysis verifies that the predicted evolution of material loss matches the visual
emergence of corrosion products.

In addition to these validation steps, we examine how the predicted material loss varies
with the initial droplet size. This population-level analysis provides insight into whether
the model accurately captures physical geometric effects, such as increased corrosion
volume loss for larger droplets, as shown in a previous investigation[50, 51].

Collectively, these analyses assess whether the droplet-level predictions display realistic
temporal and spatial patterns, complementing the global interpretability findings de-
scribed in Section 4.3.6.

4.4, RESULTS AND DISCUSSION

This section presents the results of the proposed weakly supervised learning framework,
which integrates data-driven insights with physical understanding of corrosion behav-
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ior. It starts by outlining the data statistics, then evaluates the model’s global consis-
tency by comparing predicted material loss with measurements over time. The results
show that the model accurately captures corrosion kinetics even with a limited number
of training samples. Next, we explore how the model interprets input features across all
droplets using feature attribution and ablation studies, highlighting the importance of
both localized color changes and geometric factors such as droplet size. Finally, we val-
idate droplet-level behavior using unsupervised clustering, temporal correlation anal-
ysis, and spatial evolution analysis, and examine how the predicted loss depends on
droplet geometry.

4.4.1. DATA STATISTICS

A total of 606 droplets were detected in the initial droplet-field image. Their diameter
distribution is shown in Fig. 4.6a. The histogram indicates a positively skewed distribu-
tion, accurately modeled by a log-normal probability density function fitted to the data.
This aligns with typical spray-deposition behavior, where small droplets are prevalent
and larger droplets are less common. A kernel density estimate (KDE) is also included to
provide a smooth view of the underlying distribution.

As described in Section 4.3.1, PCA was applied to the raw color features extracted from
each droplet. For both the inner and outer regions of interest (ROIs), the first five prin-
cipal components (PCs) account for more than 95% of the variance in the calibration
set (Fig. 4.6b and 4.6¢c). Consequently, each droplet’s color data is reduced to ten PCA
coefficients (five from each ROI). Along with two geometrical descriptors, this creates a
12-dimensional feature vector for each droplet. PCA thus offers a concise, noise-reduced
way to represent high-dimensional pixel data, balancing color and geometric features.

Fig. 4.6d and 4.6e show the temporal evolution of the average inner- and outer-ROI
PCs across all droplets. The inner-ROI PCs exhibit slightly greater temporal variation,
especially in PC1 and PC3, while the outer-ROI PCs show slightly more gradual changes
except for PC1. These trends confirm that the extracted PCA features effectively capture
the continuous color evolution during exposure by reflecting the ongoing formation of
corrosion products.

The smooth and consistent PC trajectories also suggest a favorable signal-to-noise ratio
for learning temporal patterns, which aligns with the training-size sufficiency analysis in
Section 4.3.2.

4.4.2. GLOBAL PERFORMANCE COMPARISON

To find the smallest training-set size that remains sufficient, model performance was
evaluated across 30 independent runs for each candidate size. As illustrated in Fig. 4.7a-
d, the model rapidly improves as the sample count increases. The percentage of runs
with R? = 0.9 increases sharply and levels off around 40 samples. Meanwhile, both RMSE
and MAE decrease steadily, with confidence intervals tightening. Based on this, a train-
ing set of 40 samples (about 1/14 of the dataset) was chosen for subsequent experiments.
This ensures the training data covers sufficient variations in features, as temporally close
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Figure 4.6: Data summary. (a) Droplet sizes distribution fitted with a log-normal function (green dashed
line) and a kernel density function (dark blue line). (b) PCA of inner-ROI color features: Scree plot (orange)
with eigenvalues of individual components and cumulative explained variance (CEV) (blue) showing fivePCs
capture over 95% variance. (c) PCA of outer-ROI color features, with similar variance capture. (d) Temporal
changes of the first 5 inner-ROI PCs across droplets. (e) Temporal changes of the first 5 outer-ROI PCs across
droplets.

frames change smoothly and incrementally (see Section 4.4.1), providing limited addi-
tional information when combined. After this selection, ensemble learning is utilized.
Fig. 4.7e-g shows performance metrics distribution for 100 independently trained single
learners versus 5 independently trained ensembles, each averaging 20 models. While in-
dividual models already perform well, ensembles consistently achieve higher R? scores
and lower error metrics, thereby reducing the variability observed in single models. The
ensemble points cluster closely, indicating better accuracy and robustness.
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Figure 4.7: Global model performance. (a-d) Training-size sufficiency analysis across 30 runs, shown as (a)
percentage of runs with RZ >0.9 and (b-d) mean and standard deviation of RZ, RMSE, and MAE as training-set
size varies. (e-g) 100 single learners (violins + points) versus 5 ensembles (orange stars). Ensembles outperform
single learners, achieving higher accuracy and lower variability.
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4.4.3. GLOBAL INTERPRETABILITY ANALYSIS

To explore how the model utilizes input features to predict global material loss, we ex-
amine feature attribution using SHAP alongside inference-time ablation testing. SHAP
analysis targets the temporally varying color-feature PCs, while ablation assesses static
geometrical features such as droplet diameter and aspect ratio.

The PCA-reduced color features track pixel-level changes in corrosion products within
both the inner and outer ROIs. Fig. 4.8a shows the temporal progression of the summed
SHAP values across all droplets. Inner-ROI PCs consistently show higher contributions,
highlighting the dominance of under-droplet corrosion in influencing the global ER sig-
nal. Outer-ROI PCs contribute more slowly but steadily increase, aligning with the grad-
ual spread of corrosion products beyond the droplet area. These trends represent aver-
age behavior across the population; individual droplets may experience corrosion only
in the inner region, only in the outer region, in both regions, or in neither, depending on
their local environmental conditions.

Fig. 4.8b shows SHAP values summed over all droplets and time for each PC, revealing
that only a subset significantly impacts predictions. Notably, inner-ROI PCs, especially
PC3 and PC4, are the most important, while outer-ROI PCs, led by PC1, contribute more
modestly. Interestingly, these unimportant PCs do not always correspond to the largest
temporal changes, suggesting that the model prioritizes predictive relevance over mere
feature variance. Overall, the model emphasizes physically meaningful color indicators
of corrosion rather than solely dynamic features.

While SHAP evaluates the marginal influence of perturbing individual inputs, it often
underestimates the importance of features that remain constant within a sample, such
as droplet geometry. For a given droplet, diameter and shape do not change over time,
but they affect how color features evolve and therefore shape the relationship between
local droplet behavior and overall material loss.

Previous studies[3, 34, 51] have emphasized the impact of droplet diameter and shape
on corrosion processes. To accurately assess the contribution of these static geomet-
ric features, we performed inference-time ablation by setting either the diameter or the
aspect ratio to zero, while holding all other features constant. As shown in Fig. 4.8c-
e, eliminating droplet diameter causes a significant decline in model performance (R?
drops from 0.991 to 0.683; RMSE and MAE increase by approximately 500%). Ablating
the aspect ratio (Fig. 4.8f-h) results in a more moderate but still meaningful decrease,
with R? decreasing by 0.014 and RMSE and MAE rising by roughly 60%. These findings
illustrate that geometric features are critical to the model’s accuracy, even though their
role cannot be fully captured by SHAP analysis because they remain unchanged over
time.

4.4.4. PER-DROPLET BEHAVIOR VALIDATION

To confirm that the droplet-level outputs from the model represent physically mean-
ingful corrosion behavior, predictions are examined at the droplet scale. The aim is
not to interpret the individual droplet predictions, as discussed in Section 4.4.3, but to
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Figure 4.8: Global interpretability analysis results. Temporal evolution of the (a) summed and (b) individual
SHAP values for inner and outer droplet color PCs is introduced to assess color features’ attribution towards
global predictions. Ablation tests on temporal static features are also included; the model performances with
and without (c-e) droplet diameter and (f-h) aspect ratio information are presented.

verify whether these predictions follow observable corrosion trends such as larger pre-
dicted material loss correlating with visible corrosion products, temporal trajectories
aligning with changes in droplet color features, and whether the final predicted mate-
rial loss relates to droplet geometry in line with experimental observations. We com-
pare predicted material loss with unsupervised classification obtained from final-stage
droplet images. To avoid imposing an arbitrary cutoff, a two-component Gaussian Mix-
ture Model (GMM) was fitted to the log-transformed distribution of predicted final ma-
terial loss (see Fig. 4.9a). The intersection of the GMM components provides a natural
threshold at around 6 x 10® um3, differentiating droplets with minor loss from those with
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significant loss.

Simultaneously, K-means ++ clustering was used on PCA-reduced color features extracted
from the last-frame images (Fig. 4.9b and 4.9¢). The resulting clusters are well separated,
with silhouette scores of 0.64 (inner ROI) and 0.69 (outer ROI). Visual inspection con-
firms that, in each case, one cluster predominantly contains droplets with visible cor-
rosion products, either within the initial droplet footprint (inner ROI) or surrounding it
(outer ROI), while the other cluster contains droplets with fewer visual signs of corrosion.

Using the GMM-based threshold as the model’s predictor for significant loss, and the
clustering labels as the reference, we compute standard agreement metrics: precision
= 0.678, recall = 0.758, and F1-score = 0.716. These metrics assess how effectively the
model differentiates droplets with notable corrosion activity. Precision indicates the
proportion of droplets predicted to be significantly corroded that also exhibit corro-
sion products in the final images. Recall shows the percentage of the visibly corroded
droplets correctly identified by the model. The F1-score, which balances precision and
recall, indicates moderate agreement between predicted and observed corrosion behav-
ior. Since clustering labels may be uncertain due to imaging noise and differences in cor-
rosion morphology, an Fl-score of around 0.72 suggests a meaningful match between
the model’s predictions and visual observations. These classification metrics are also
consistent under various threshold adjustments (see Supplementary Information Sec-
tion 4.5.2), confirming the robustness of this validation.
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Figure 4.9: Multilevel validation of droplet predictions. (a) Cumulative distribution of predicted final material
loss across all droplets, with a threshold (6 x 103 um?) separating low- and high-loss groups. (b-c) Clustering
of final-stage droplet (b) inner and (c) outer ROIs via K-means++ on PCA-reduced color (d) Spearman corre-
lation (p) between predicted loss progression and color descriptor evolution. (e) Spatiotemporal evolution of
a 234 um-diameter droplet: the predicted loss curve exhibits two growth phases, corresponding to the onset
of corrosion in the inner region and subsequent outward spreading. (f) Visual image of the progression of the
inner and outer regions of the droplet.
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A Spearman correlation analysis examined whether the model’s predictions align
with image-based droplet-level corrosion dynamics. For each droplet, the evolution
of color features over time was represented by a weighted sum of the first five prin-
cipal components, with weights proportional to each PC’s explained variance (Section
4.4.1). Since corrosion can start at either the droplet center or perimeter, the correlation
strength was defined as the highest Spearman’s rank correlation coefficient between the
predicted cumulative material loss and the color descriptor in the inner and outer ROIs.

As shown in Fig. 4.9d, droplets with higher final predicted material loss show signifi-
cantly stronger monotonic correlations with their color changes (median |p| = 0.64) than
those with lower predicted loss (median |p| = 0.42). This difference is statistically signif-
icant (Mann-Whitney U test, p = 1.0 x 10~'9), indicating that the model tends to assign
higher corrosion levels to droplets whose image-derived signals evolve in a manner con-
sistent with ongoing corrosion product buildup.

To illustrate how the model assigns spatial corrosion loss over time, we analyze the tem-
poral evolution of a representative droplet (Fig. 4.9e and 4.9f). Similar trends for addi-
tional droplets of varying sizes are presented in the Supplementary Information, Section
4.5.3. The predicted material loss curve (Fig. 4.9¢) exhibits an initial rapid rise, followed
by a more gradual, continuous increase. While the optical snapshots (Fig. 4.9f) capture
the 2D spatial spread of corrosion products rather than direct volume loss, their progres-
sion provides important temporal context: the initial product formation within the in-
ner ROI matches the steep early increase in the predicted loss curve, and the subsequent
outward spread of products aligns temporally with the continued rise of the predictions.
This temporal agreement suggests the model is responsive to the corrosion dynamics as
captured in the optical images.

These findings show that the model effectively learns from color features to estimate ma-
terial loss per droplet, with predictions consistent with post-exposure surface analysis.
While the global interpretability results in Section 4.4.3 already highlight the influence
of geometric features, especially droplet diameter, on overall predictions, their specific
effect on individual droplet predictions is discussed next.

The predicted final material loss is plotted against initial droplet diameter on a log-
arithmic scale (Fig. 4.10). The distribution is scattered and non-monotonic, but a clear
tendency is visible: most droplets below about 150 ym show minimal predicted loss,
tightly clustered in the linear region near 100 to 1000 um?, while larger droplets have a
more pronounced predicted loss. This aligns with the hypothesis that larger droplets
hold electrolyte for longer, enabling sustained corrosion. Conversely, small droplets
evaporate quickly and have limited time to accumulate measurable products, even if
corrosion begins. This diameter-loss relationship is not used as a strict validation met-
ric. The model was not trained to enforce a size-dependent corrosion law, and the scat-
ter reflects variability from factors such as droplet spacing, local electrolyte composition,
and color evolution kinetics. Instead of strict proportionality, the plot in Fig. 4.10 shows
that the model assigns higher corrosion incidence to larger droplets in a physically plau-
sible way, not via size-independent or random predictions.
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Figure 4.10: Relationship between initial droplet diameter and corrosion-induced volume loss as predicted
by the model. The y-axis is presented on a logarithmic scale to clearly resolve the dense distribution of low-
volume-loss data points.

These results show that the model can predict overall corrosion trends while also captur-
ing localized, per-droplet behavior. It uses time-dependent color changes and geomet-
ric features, especially droplet diameter, to estimate material loss. The predicted values
are within reasonable physical ranges. However, several assumptions should be noted.
Since the method relies on optical features from RGB images, it mainly detects corrosion
products visible on the surface. The possible corrosion processes occurring beneath the
buildup products are underestimated in the material loss prediction. Additionally, lo-
cal lighting differences, surface reflectivity, and segmentation errors can introduce noise
into the color features, especially in early exposure when contrast is subtle.

Future improvements could involve enriching the model’s optical inputs with hyper-
spectral imaging to capture chemical variations in corrosion products more precisely.
Furthermore, while not feasible as real-time continuous inputs, techniques such as post-
exposure surface profilometry or localized electrochemical mapping could be employed
to generate high-fidelity droplet-level targets for model training and validation. Such an
approach would allow future models to explicitly link surface optical features to subsur-
face damage and further reduce the reliance on visual color evolution alone.

4.5, CONCLUSIONS

This study presents a weakly supervised learning framework for modeling atmospheric
corrosion under multiple droplet exposure, mimicking realistic conditions. By integrat-
ing time-resolved optical imaging with global material-loss measurements, the method
identifies droplet-level contributions without requiring direct labels for each droplet un-
dergoing corrosion. It effectively reconstructs global corrosion kinetics from droplet-
level image features and uncovers meaningful spatiotemporal patterns that show how
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individual droplets influence the measured response.

Rather than learning arbitrary data patterns, the learned per-droplet behaviors corre-
spond to the physical spatiotemporal progression of localized corrosion. Specifically, the
model detects droplets with visible corrosion products, tracks how these products accu-
mulate over time, and differentiates between the inner and outer regions of the droplets
where product buildup begins and propagates. Temporal analysis reveals that the pre-
dicted changes in material loss closely match the evolution of droplet color features.
Furthermore, spatial inspection confirms that the predictions align directly with the vis-
ible accumulation of corrosion products. Additionally, the model indicates that higher
corrosion volume loss for this material case correlates with larger droplets. This rela-
tionship may vary depending on material, electrolyte composition, and environmental
factors.

This work shows that droplet-level corrosion behavior can be inferred using weak su-
pervision. It offers a new tool for studying atmospheric corrosion under more real-
istic exposure conditions, where full spatial measurements of the electrolyte are often
missing. Instead of replacing experimental methods, it complements them by enabling
image-based reconstruction of corrosion activity across large droplet populations and
over extended exposure times. More broadly, this study demonstrates how weak super-
vision can yield mechanistic insights from global observations, opening new avenues
for data-driven corrosion analysis, accelerating testing procedures, and advancing the
development of atmospheric corrosion prediction models.
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SUPPLEMENTARY INFORMATION

4.S.1. OUTER ROI REGION DEFINITION

The outer region of interest (ROI) is defined to create a consistent area for monitoring the
development and spread of corrosion products surrounding the initial droplet footprint.
To physically justify the size of this boundary, we randomly selected 300 non-corroding
droplets and analyzed their diameter evolution over time. Only non-corroding droplets
were analyzed because, for corroding droplets, the development of corrosion products
may obscure the true liquid boundary, making accurate edge detection impossible.

The temporal evolution (Fig. 4.11a) demonstrates that droplets undergo a slight initial
expansion before stabilizing at an average diameter approximately 5% larger than their
initial size. To quantify the full range of this behavior, the distribution of the maximum
expansion ratio for each droplet was evaluated (Fig. 4.11b). The histogram indicates
that the maximum observed expansion across the sample was approximately 1.7 times
the initial droplet diameter. Therefore, setting the outer ROI diameter to 2.0 times the in-
ner ROI diameter provides a conservative and robust boundary that safely encompasses
natural droplet expansion while capturing the outward spread of corrosion products.
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Figure 4.11: (a) Temporal evolution of normalized droplet diameter (solid line: mean value; transparent back-
ground: standard deviation) and (b) maximum expansion ratio histogram for the 300 randomly selected non-
corroding droplets.

4.S.2. SENSITIVITY ANALYSIS OF THE MATERIAL LOSS VOLUME THRESHOLD
In the main text, a Gaussian Mixture Model (GMM) was used to establish a data-driven
threshold of approximately 6 x 103 um? to separate droplets with minor predicted vol-
ume loss from those with significant loss. To verify that the agreement between the
model’s predictions and the image-based K-means clustering is not an artifact of this
specific cutoff point, a sensitivity analysis was performed. Fig. 4.12 illustrates how the
classification metrics (Precision, Recall, and F1-score) evolve as the decision threshold is
manually swept across a range of values. As expected, increasing the threshold makes the
classification criterion stricter, which steadily increases Precision (reducing false posi-
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Figure 4.12: Impact of adjusting the predicted material loss threshold on classification agreement metrics (Pre-
cision, Recall, and F1-score). The reference labels are obtained from unsupervised K-means clustering of the
final-stage droplet images.

tives) while proportionally decreasing Recall (increasing false negatives). Notably, the
F1-score representing the harmonic mean of Precision and Recall remains relatively sta-
ble and near its peak value (around 0.70 to 0.72) across a wide threshold range from
5x 103 to 2 x 10* um3. Therefore, the data-driven GMM threshold (6 x 10% um?3) aligns
excellently with the optimal F1-score region and is therefore adopted for further analysis.

4.8.3. SPATIOTEMPORAL EVOLUTION OF ADDITIONAL DROPLETS

To verify that the model’s temporal predictions consistently align with physical corro-
sion processes across a diverse population, the spatiotemporal evolution of several ad-
ditional droplets of varying initial diameters (ranging from 68 ym to 632 ym) was ana-
lyzed, as shown in Fig. 4.13. While the absolute magnitude of the predicted volume loss
varies between droplets, the temporal alignment remains highly consistent, which con-
firms that the model reliably tracks region-specific corrosion dynamics based on optical
features, rather than relying on random artifacts.
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Figure 4.13: Spatiotemporal validation of model predictions for ten additional droplets with different initial
diameters (D = 68 pm to 632 um). The left column displays the predicted material volume loss curves over the
exposure period. The right column presents optical snapshots of the inner and outer regions of interest (ROIs)
at three distinct time points (labeled 1, 2, and 3).
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Figure 4.13: Continued.
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Abstract

Surface roughness is known to influence atmospheric corrosion, yet its role in multi-droplet
conditions remains poorly investigated and quantified. Here, electrical resistance (ER)
measurements are combined with droplet-resolved image analysis to study corrosion of
carbon steel under spray-deposited 1 M NaCl droplets on surfaces grinded to P320, P800,
and P1200 finishes. Rougher surfaces produced larger, more elongated droplets with slightly
higher electrolyte coverage, driven by enhanced pinning and impact-driven coalescence.
These differences explained the higher and earlier-developing ER-measured corrosion depth
on rougher finishes. Probability-based image descriptors showed that the fraction of droplets
exhibiting under-droplet corrosion increased with roughness, whereas inter-droplet corro-
sion displayed a more complex dependence linked to wet-area expansion and secondary
thin-film formation. Time-resolved analysis further revealed earlier and stronger under-
droplet corrosion on rougher surfaces, which is consistent with ER kinetics.
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5.1. INTRODUCTION

Atmospheric corrosion of carbon steel is typically driven by the formation of discrete
micrometer-scale electrolyte droplets or continuous thin films following salt deliques-
cence or the condensation of humidity[1-5]. Under ambient conditions, these individ-
ual droplets or thin films typically reach heights of tens to hundreds of micrometers. In
practice, each discrete droplet acts as a tiny electrochemical cell (i.e., an Evans droplet).
Within this geometry, the center of the droplet has a longer oxygen diffusion path length
than the thin peripheral edge, establishing a differential aeration cell in which the center
acts as the anodic site and the periphery as the cathode. While oxygen transport within
these micrometric layers is rapid relative to bulk immersion, it is not instantaneous and
can become rate-limiting depending on the specific electrolyte thickness and geometry.
Furthermore, dynamic effects such as rapid evaporation, Marangoni flows, and capillary
flows within a drying droplet can redistribute salt concentrations and create steep lo-
cal gradients[3, 6-8]. Unlike bulk immersion, atmospheric corrosion is characterized
by a confined electrolyte geometry, a limited electrolyte volume, strong evaporation-
condensation dynamics, and enhanced transport coupling within micrometric layers.

Surface roughness strongly modulates the geometry and spatial distribution of deposited
droplets, thereby fundamentally dictating the local electrochemical conditions for cor-
rosion[9-20]. According to classical wetting theory on hydrophilic surfaces, increasing
surface roughness enhances wettability at equilibrium by amplifying the intrinsic sur-
face energy, thereby promoting droplet spreading and larger contact area[14-17, 20].
In practical atmospheric corrosion scenarios involving droplet deposition by spraying,
wetting is primarily driven by dynamic impact and is highly non-equilibrium. Dur-
ing spray deposition, micro-scale roughness plays a mechanical role by limiting droplet
mobility, reducing bouncing, and enhancing contact-line pinning on already deposited
droplets([9, 10]. This enhanced pinning allows rough surfaces to effectively trap new in-
coming droplets, promoting rapid coalescence and the formation of larger, more irreg-
ular droplet shapes. Additionally, the directional micro-grooves introduced by grinding
can cause droplets to elongate along specific axes[18, 19]. Larger, elongated droplets
contain a greater electrolyte volume and establish longer oxygen diffusion paths from
the thin, oxygen-rich periphery to the thicker, oxygen-depleted center[21]. This extended
diffusion distance strengthens the differential aeration cell, which more efficiently sep-
arates the anodic and cathodic sites, promoting more severe localized dissolution. Fur-
thermore, larger droplets increase the likelihood that the electrolyte covers surface het-
erogeneities and metallurgical defect sites, which are more prone to corrosion initia-
tion. Consequently, roughness fundamentally alters the droplet size-shape-coverage
statistics, thereby modulating electrolyte volume and oxygen diffusion pathways in at-
mospheric corrosion.

Beyond modifying the physical geometry of the electrolyte, micro-scale roughness can
also influence the intrinsic electrochemical reactivity of the surface. It is important to
note that while the role of surface roughness in localized corrosion is well-documented,
the existing literature predominantly focuses on stainless steel[22-27] or carbon steel[28—
30] in bulk immersion. Studies explicitly investigating the effect of surface roughness
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on carbon steel under atmospheric multi-droplet conditions remain scarce. Neverthe-
less, the fundamental principles of micro-topographical activation observed in bulk sys-
tems provide a crucial mechanistic basis for droplet environments. At the micro-scale,
mechanical grinding introduces physical defects such as micro-crevices, dislocations,
and localized micro-deformations. When an electrolyte droplet covers the surface, these
micro-crevices can act as preferential sites for electrolyte trapping. These sheltered topo-
logical features restrict local mass transport, accelerating the depletion of dissolved oxy-
gen and facilitating localized anodic dissolution[23-26]. Furthermore, rough surfaces
increase the true metal-liquid interfacial area, leading to a larger total surface area for
anodic dissolution and cathodic reduction reactions to take place[27, 28]. Consequently,
micro-scale roughness amplifies spatial heterogeneity through two parallel pathways by
altering both the macroscopic droplet populations and the localized electrochemical ac-
tive sites.

While micro-scale roughness strongly influences individual droplet geometry and local
reactivity, practical atmospheric corrosion is more akin to a multi-droplet phenomenon.
Historically, experimental studies have predominantly utilized single-droplet setups on
smooth substrates(3, 31-36]. Population-based modeling indicates that the spatial dis-
persion and population statistics of these droplets matter significantly. For instance, as-
suming a constant contact angle, one model demonstrates that an array of small droplets
yields a significantly higher global corrosion rate than a single large droplet covering the
same total surface area[37]. Another study reaches the same conclusion even when the
system is constrained to an equivalent total electrolyte volume[38]. Despite these theo-
retical insights, experimental validation under multi-droplet conditions remains scarce.
The fundamental scientific challenge lies in the complexity of the system: understanding
multi-droplet corrosion requires successfully linking the stochastic, highly localized na-
ture of thousands of interacting micro-electrochemical cells (e.g., via overlapping diffu-
sion fields or shared electrolyte pathways) to the overall macroscopic corrosion kinetic.

To overcome this complexity, our recent works established a specialized framework to
quantify these localized and global relationships. Specifically, Chapter 2 introduced an
experimental setup that enables simultaneous optical recording of surface changes and
continuous measurement of global corrosion kinetics under multi-droplet conditions.
Building on this, Chapter 3 proposed a data-driven approach to extract per-droplet vi-
sual evolution and quantify local corrosion development using probability-based de-
scriptors. However, these foundational multi-droplet investigations were conducted on
a single surface finish.

Consequently, the relationship between real surface micro-topography, the statistical
distribution of coexisting droplets, and their collective corrosion behaviour remains in-
sufficiently studied. Incorporating roughness effects into a multi-droplet, spatially re-
solved corrosion framework is therefore an ongoing challenge. This chapter aims to
address this gap by systematically introducing controlled surface roughness into our
framework. Building on the methodologies from eatlier chapters, this work experimen-
tally quantifies how micro-topography alters droplet population statistics and conse-
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quently influences corrosion kinetics. Carbon steel samples were prepared with three
different grinding finishes (P320, P800, P1200 grit), which produce measurable rough-
ness profiles (for example, Ra) to systematically vary surface micro-topography. A cus-
tom electrical resistance (ER) sensor pair continuously records overall metal loss, while
high-resolution optical imaging simultaneously captures the development of corrosion
products associated with each droplet. By analysing each droplet footprint to compute
per-droplet statistics and probability maps of corrosion-product formation, this work
statistically correlates image-based descriptors with the ER-measured global corrosion
depth to determine how roughness affects droplet size, shape, coverage, and how these
aspects collectively influence atmospheric corrosion.

5.2. METHODOLOGY

5.2.1. EXPERIMENTAL CONDITIONS AND DATA ACQUISITION

The present study is based on corrosion experiments conducted under controlled multi-
droplet atmospheric conditions, using carbon steel corrosion sensors with different sur-
face finishes. A schematic overview of the experimental setup and the resulting data
streams is provided in Fig. 5.1. The experimental setup, corrosion sensor design and fab-
rication, surface preparation procedures, environmental control, and the parallel acqui-
sition of ER signals and time-lapse optical images follow the same protocols as described
in our previous work([2] (Chapter 2). Accordingly, only the aspects directly relevant to the
data analyzed in this study are summarized here.

Carbon steel (grade EN 10130) samples with three different surface finishes (SiC grind-
ing P320, P800, and P1200) were investigated, with three independent repetitions for
each finish. Surface roughness values (Ra) corresponding to each finish were measured
prior to exposure using atomic force microscopy (AFM, Dimension Edge Scanning Probe
Microscope, Bruker Corporation, USA). For each sample, five independent 50 x 50 um
maps were scanned at different locations to calculate the statistical mean and standard
deviation, which are summarized in Tab. 5.1.

Table 5.1: Ra of each repetition from each finish

#1 #2 #3
P320 3079 £422nm 2823 +39.1lnm 297.2 + 31.2 nm
P800 182.3+193nm 171.5+18.1nm 196.2+22.8 nm
P1200 1136 +17.4nm 121.2+152nm 132.5+21.5nm

Droplets of 1 M NacCl solution were generated by spray deposition. Within the 11.65
x 8.72 mm? optical field of view, this resulted in a population of approximately 600-
700 droplets per experiment residing on the exposed metal tracks. Accounting for the
slight variations in the metal area between individual sensor samples (the average ex-
posed track area is approximately 47.5 mm?), this yields an initial deposition density of
roughly 1315 droplets/mm? on the metal track within the observed window. A detailed
quantitative analysis of how the initial droplet geometry and surface coverage vary with
substrate roughness is presented in Section 5.3.1. All experiments were conducted un-
der controlled, near-identical environmental conditions in a climate chamber for 12h.
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Figure 5.1: Schematic overview of the experimental setup and data streams used in this study. For each ex-
periment, carbon-steel corrosion sensors are exposed to multi-droplet atmospheric conditions in a climate
chamber, while time-lapse optical images and ER signals are acquired in parallel. Optical images are used to
extract droplet-level information, including geometric descriptors and color-based features from inner and
outer regions of interest (ROI), while ER measurements provide a global, area-normalized corrosion depth,
from which corrosion rate is also computed. Each surface finish condition is repeated three times in indepen-
dent runs.

Within each repetition, the moisture loop introducing humid air formed from a 1M NaCl
solution was only enabled before the sample was placed into the climate chamber and
was sealed for the rest of the duration.

Relative humidity (RH) and ambient temperature (Ta) were continuously monitored through-
out all nine experiments. Fig. 5.2 shows the temporal evolution of RH and Ta, respec-
tively, where the mean value (solid curve) with the corresponding variation (shaded area)
across all runs is presented. There are only minor temperature and RH drifts during the
experiments, minimizing their influence on the ER signal.

Time-lapse optical images covering an area of 11.65 x 8.72 mm? were acquired every
2 min and were spatially aligned to the first image prior to any analysis. From these im-
ages, droplet-level features were extracted using a validated image analysis pipeline, as
detailed in our previous work([4] (Chapter 3). This yielded per-droplet geometric and
color descriptors. The present investigation focuses exclusively on the analysis of these
derived hyper-data, without further modification into experimental procedures or raw
data acquisition. Specifically, droplet geometric descriptors were defined based on the
initial droplet footprint and treated as temporally constant throughout the analysis, while
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Figure 5.2: Environmental conditions evolution during all nine experiments for (a) RH and (b) Ta. The solid
curve represents the mean value across all nine repetitions, and the shaded area indicates the corresponding
min-max variability. The narrow spread in the shaded area confirms that the experiments were conducted
under comparable and stable environmental conditions.

color descriptors capturing corrosion product development were treated as temporally
dynamic. Such a choice reflects the focus of the present study on the development of
corrosion products relative to the initial droplet location, rather than on the time evolu-
tion of droplet geometry, and is consistent with the approach established in our previous
work[4] (Chapter 3).

In addition to the image-derived droplet-level metrics, global corrosion was measured
using the ER sensors. Specifically, the ER signal was acquired at 50Hz and down-sampled
to 1Hz before further processing. To enable comparison across samples with different
exposed surface areas, the corrosion depth derived from the ER measurements was nor-
malized by the initial wetting area (i.e., sample area initially covered by droplets), yield-
ing an area-normalized corrosion depth. This value is used in the following sections as a
global indicator of material loss.

5.2.2. CONSTRUCTION OF DROPLET-LEVEL FEATURE SPACE AND PROBABILIT

BASED INDICATORS

To quantify localized degradation, a time-resolved feature matrix was constructed at the
droplet level based on color information extracted from two regions: the inner ROI (un-
der the droplet) and the outer ROI (outside the droplet), as illustrated in Fig. 5.1. This
image-based tracking is physically grounded in the fact that the accumulation of cor-
rosion products can be reflected in color and textural changes, which can be directly
analyzed from shifts in pixel RGB values shift[4]. For the under-droplet regions, circular
segmentation into five concentric slices was applied to extract the mean and variance
of the RGB channels, capturing the radial physical changes of the Evans droplet cell.
For the outside-droplet regions, similar color statistics were combined with gradient-
based descriptors to capture secondary spreading or thin-film corrosion, resulting in 26
features per droplet. The detailed feature construction procedure has been established
in our previous work[4] (Chapter 3). To enable comparison across different repetitions
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Figure 5.3: Construction of the global droplet-level feature space used for probability-based corrosion anal-
ysis. (a, ¢) cumulative explained variance (CEV) and scree plots obtained from PCA applied to the merged
final-frame feature sets from all experimental runs, for (a) inner and (c) outer ROIs. (b, d) The corresponding
PCA-reduced feature space (first two principal components shown for visualization), colored by K-means++
clustering results, with cluster centers indicated. PCA and clustering are performed globally across all runs
and surface finish conditions to ensure a common reference space for subsequent cross-run comparisons and
the construction of the probability-based indicators (inner ROI) and (outer ROI).

and surface finish conditions, the final-frame feature sets from all runs were merged to
form a global feature space. Prior to dimensionality reduction, droplet color features
were calibrated with respect to their initial state to compensate for intrinsic baseline
differences in substrate appearance resulting from different surface roughness levels.
Principal component analysis (PCA) was then applied separately to the under-droplet
and outside-droplet feature sets. We retained 4 components for the under-droplet re-
gions (Fig. 5.3a) and 5 components for the outside-droplet regions (Fig. 5.3c). This
selection was determined by retaining principal components such that Cumulative Ex-
plained Variance (CEV) would across 90% to ensure the model captured the vast majority
of physically relevant color variations.

Based on this PCA-reduced feature space, K-means++ clustering was performed to iden-
tify representative cluster centers. These cluster centers physically correspond to dis-
tinct corrosion-related appearance states which differentiate the states of “no accumu-
lation of visible corrosion products” and states with “significant accumulation of corro-
sion products”, as presented separately for under-droplet (Fig. 5.3b) and outside-droplet
(Fig. 5.3d) regions. The use of this global PCA and clustering framework ensures that all
droplets from different runs and surface finishes are evaluated against the same physical
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reference states. For each droplet at each time step, the probability-based indicators px
(under droplet) and py (outside droplet) are continuously derived based on the droplet’s
trajectory in this feature space relative to the identified cluster centers. The reasons for
using the final image for defining the feature space, the choice of PCA and clustering,
and the physical interpretation and mathematical formulation of px and py have been
established in our previous work([4] (Chapter 3) and are kept unchanged in the present
study.

5.3. RESULTS AND DISCUSSION

5.3.1. INITIAL DROPLET GEOMETRY ACROSS SURFACE FINISHES

The geometry and spatial distribution of droplets formed upon spray deposition funda-
mentally influence the local electrochemical activity. Specifically, droplet size influences
the available electrolyte volume and oxygen diffusion path lengths; droplet shape and
elongation can introduce anisotropic diffusion gradients; and overall coverage affects
the available active areas on the exposed metal surface. Because these factors play a

critical role in atmospheric corrosion, the initial droplet characteristics on each surface
finish are examined first to establish a physical baseline.

As visually apparent in the representative raw optical images (see Fig. 5.6al, b1, cl),
the initial droplet populations vary systematically with the substrate surface finish. Fig.
5.4 summarizes these geometric trends, illustrating both the central tendencies and the
full population heterogeneity. As shown in the probability density plots (Fig. 5.4a), the
droplet size distributions for all surface finishes exhibit a right-skewed lognormal pro-
file, which is consistent with previous reports on atomized sprays where the stochastic
breakup process produces a lognormal spectrum of droplet diameters[39, 40]. The de-
tailed fitting statistics confirming this distribution are provided in Supplementary Infor-
mation under Section 5.S.1. Because of this lognormal skew, the median is utilized as
a robust measure of central tendency. Fig. 5.4c reveals an inverse relationship between
surface finish and droplet size, with the median diameter decreasing from approximately
140 pym on the coarse P320 surface to about 110 ym on the fine P1200 surface. This
shift toward a broader distribution with a higher fraction of large droplets on rougher
finishes is consistent with topography-induced droplet coalescence during spray im-
pact. As suggested in previous studies, micro-grooves created by grinding may promote
the pinning of the first droplets, which subsequently act as capture sites for incoming
droplets, leading to rapid coalescence[9, 10]. Note that this impact-driven coalescence
process occurs on microsecond-to-millisecond timescales and should be distinguished
from slower, thermodynamically driven spreading or evaporation processes that may
take place during exposure.

Besides size, droplet shape is greatly influenced by surface roughness. As shown in
Fig. 5.4b through the probability density distributions, the distribution for the rougher
P320 finish is significantly broadened and shifted toward lower values, indicating a ma-
jor shift from more elongated droplets on rough surfaces to more circular droplets on
smoother finishes. Fig. 5.4d shows that the median droplet aspect ratio increases from
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approximately 0.82 on the P320 surface to about 0.87 on the P1200 surface. This behav-
ior aligns with literature on anisotropic wetting on ground surfaces, where directional
grinding marks promote preferential spreading along their orientation, resulting in elon-
gated droplet footprints on coarser finishes[18, 19]. Beyond individual droplet geometry,
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Figure 5.4: Initial droplet geometry as a function of surface finish. (a) Distribution of droplet diameter, (b)
distribution of aspect ratio. Note that the y-axis represents probability density, meaning the area under the
curve integrates to 1. (c) Median droplet diameter, (d) median droplet aspect ratio, and (e) surface coverage
fraction for the three surface finishes (P320, P800, and P1200).

surface roughness also affects the overall electrolyte coverage. Fig. 5.4e demonstrates
that the fraction of surface area covered by droplets decreases systematically with finer
surface finishes. Assuming consistent total sprayed volumes and deposition conditions
across experiments, the higher surface coverage observed on rougher surfaces can likely
be explained by the combined effect of larger droplet sizes and increased coalescence,
which together produce a greater wet area.

Overall, these observations reveal that rougher surfaces promote the formation of larger,
more elongated droplets with higher overall surface coverage, whereas smoother sur-
faces favor smaller, more circular droplets with lower coverage. These geometric dif-
ferences directly affect the local electrochemical reactions: larger droplets increase the
difference in diffusion path length between the oxygen-rich droplet periphery and the
oxygen-depleted center; higher surface coverage provides a larger total cathodic area to
support metal dissolution; and elongation in droplets changes the spatial distribution
of the electrolyte, which encourages localized corrosion to initiate and propagate at pre-
ferred locations along the grinding marks [41] . In the following sections, these system-
atic differences in initial droplet shape are used as a physical reference to interpret how
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both global and local corrosion kinetics evolve across the different surface finishes.

5.3.2. GLOBAL CORROSION KINETICS FROM ER MEASUREMENTS

ER sensors measure resistance changes that translate into a uniform, global thickness
loss across the entire exposed sensor track. However, atmospheric corrosion under spray
deposition is highly localized strictly to the wetted regions. To decouple the intrinsic cor-
rosion kinetics from the systematic differences in surface coverage established in Section
5.3.1, the raw ER data were converted to an area-normalized corrosion depth. This nor-
malized quantity was calculated by dividing the global volume loss of the sensor by the
sum of the initial footprint areas of all detected individual droplets. This normalization
is physically necessary to prevent coverage bias, as without it, a higher recorded global
depth on the rougher P320 surface could be attributed solely to its larger wetted area. By
normalizing to the initial active area, this metric would allow a direct kinetic comparison
across the different surface finishes. The procedures for ER signal acquisition, calibra-
tion, and filtering follow the same methodology as described in our previous work[2]
(Chapter 2) and are therefore not repeated here. Fig. 5.5a shows the evolution of the
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Figure 5.5: Global corrosion kinetics derived from ER measurements. (a) Area-normalized corrosion depth as a
function of exposure time for the three surface finishes (P320, P800, and P1200). To eliminate bias from varying
electrolyte coverage, the raw global thickness loss was normalized by the sum of the initial footprint areas of all
individual droplets. No filtering is included in ER signals when computing the corrosion depth in this subplot.
(b) Corresponding area-normalized instantaneous corrosion rate calculated from the derivative of smoothed
area-normalized corrosion depth obtained from smoothing the raw ER reference and sensor track signals with
a Savitzky-Golay filter (polynomial order 2, half-window length = 3500 data points). This is to suppress high-
frequency noise without distorting physical kinetic trends (see Supplementary Information, Section 5.S.2, for
the mathematical derivation of the filter parameters for a representative run). The solid curve represents the
mean value across three repetitions for each finish, and the shaded area indicates the corresponding min-max
variability.

area-normalized corrosion depth over the exposure period for the three surface finishes.
A clear dependence on surface finish is observed, with the coarse P320 surface exhibit-
ing the highest cumulative corrosion depth, followed by P800 and P1200. The separation
between the curves appears early during exposure and persists throughout the experi-
ment, indicating that surface finish systematically influences overall corrosion severity
under nearly identical exposure conditions. To further examine the temporal properties
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of corrosion, the area-normalized corrosion rate (Fig. 5.5b) was obtained by calculating
the first derivative of the corrosion depth with respect to time. To calculate the instanta-
neous corrosion rate without amplifying high-frequency instrumental noise, a Savitzky-
Golay filter (polynomial order 2) was applied to the reference and sensor track ER signals
prior to corrosion depth computation and further differentiation. Following the signal
processing methodology established in our previous work[2] (Chapter 2), the cumulative
power spectrum of the sensor track ER signals was analyzed to identify the frequency
threshold retaining 90% of the signal power. Pulse analysis was then utilized to de-
termine the optimal Savitzky-Golay half-window length whose -3 dB cutoff frequency
matched this threshold (see Supplementary Information Section 5.5.2 for a represen-
tative run). Across all experimental repetitions, this calculated optimal length varied
slightly between 3100 and 3900 data points, depending on the individual noise profile.
To ensure uniform data treatment and prevent mathematical artifacts from skewing ki-
netic comparisons across runs, a constant, representative half-window length of 3500
data points was applied universally.

The calculated corrosion rates shows that all surface finishes exhibit a sharp initial peak
right after spray deposition, which then decreases and stabilizes at a much lower level.
This pattern is mainly driven by the changing physical and chemical conditions of the
droplet electrolyte over time. The initial spike resuts from a highly localized and ag-
gressive attack on a fresh, bare-metal surface exposed to droplets with higher oxygen
levels and at their maximum initial volume. As time passes, evaporation reduces the wet
area and electrolyte volume, while increasing local salt concentration. Simultaneously,
solid corrosion products form and act as barriers to oxygen diffusion. These physical
and chemical changes slow down the corrosion kinetics, causing the initial peak to de-
cline and stabilize during later exposure stages. Rougher surfaces show higher initial
peaks and overall corrosion rates, while smoother surfaces tend to corrode less and sta-
bilize faster. Because ER signals are statistical and aggregate many droplet events that
measure overall cumulative material loss, they do not specify where corrosion occurs or
fully explain differences between surface finishes. In the following sections, we intro-
duce droplet-level indicators (px and py) derived from optical imaging, which quantify
the probability of corrosion product formation within the droplet footprint (py) and in
the surrounding region (py). These indicators allow us to assess how localized corrosion
activity under and around individual droplets collectively contributes to the global cor-
rosion signal measured by ER. Since ER integrates responses across the whole surface,
the relationship between the overall corrosion depth and the localised probability indi-
cators is assessed statistically rather than attributing corrosion loss to specific droplets.

5.3.3. DROPLET-LEVEL FINAL SPATIAL DISTRIBUTION AND EXTENT OF COR-
ROSION PRODUCT ACCUMULATION FROM PROBABILITY-BASED INDI-
CATORS

This section focuses on the insight from the droplet-level probability-based indicators

px and py the final status of corrosion within and surrounding individual droplet foot-

prints. As detailed in our previous work[4] (Chapter 3), px and py quantify the likelihood
that significant corrosion product accumulation can be detected within and outside the
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droplet footprint. These indicators are first visualized to illustrate their spatial distri-
bution, then quantified in terms of final corroding fraction. Fig. 5.6 presents qualita-

Initial droplets Final corrosion morphology p, map (under droplet) p, map (around droplet)

p Value (Corrosion intensity)

Figure 5.6: Qualitative visualization of droplet-level corrosion indicators on surfaces with different roughness
(al-a4) P320 (b1-b4) P800, and (c1-c4) P1200. The figures include: Initial raw optical images of the samples
(a-c, 1); optical images after exposure (a-c, 2); corresponding color-coded maps of the probability-based indi-
cators under the droplet (a-c, 3) and around the droplets (a-c, 4). The color scale indicates the intensity of the
corrosion-related indicator, with higher values indicating stronger corrosion accumulation.

tive visualizations of the droplet-level corrosion indicators pyand pyfor representative
regions from the end-of-exposure image in a single repetition for each surface finish.
Fig. 5.6al-a4 correspond to the P320 surface, 5.6b1-b4 to P800, and 5.6c1-c4 to P1200.
For each surface finish, the raw optical images and final corrosion morphology are also
shown alongside the corresponding color-coded maps of px and py, which illustrate how
corrosion products are spatially distributed over the exposed surface. The maps visu-
ally capture the systematic differences in corrosion product distribution across the three
surface finishes. Rather than a uniform spread, the coarse P320 surface exhibits more
extensive and intensely clustered regions of high pyx and py compared to the finer P1200
surface. However, these visualizations are intended solely to provide a qualitative in-
tuition regarding the spatial distribution of corrosion products. Systematic differences
across surface roughness conditions are quantified in the following analysis using statis-
tical measures derived from all droplets and all experimental repetitions.

To quantify the overall extent of droplet-level corrosion at the end of exposure, the frac-
tion of droplets exhibiting significant corrosion product accumulation was evaluated
by assessing whether a plateau over a threshold value of 0.5 (with a minimum plateau
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length of 5 time steps) is detected at the end of the px or py curve, as detailed in our pre-
vious work[4] (Chapter 3). This 0.5 threshold corresponds to the midpoint in the proba-
bility space between the non-corroding and actively corroding cluster centers. Further-
more, a sensitivity analysis conducted in our prior work[4] (Chapter 3) demonstrated the
high robustness of this classification, showing negligible variation in the final corroding
fractions when varying the probability threshold between 0.45 and 0.55, or the minimum
plateau length between 4 and 6. Fig. 5.7 summarizes the final corroding fractions for the
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Figure 5.7: Fraction of droplets classified as corroding based on the plateau detection method at the end of
exposure, based on the probability-based indicators for (a) px and (b) py for different surface finishes. Bars
represent the mean values across three repeated runs for each surface finish, with error bars indicating the
min-max deviation. Individual data points correspond to the results from each repetition.

three surface finishes in both inner (px) and outer (py) ROIs. For px (Fig. 5.7a), the cor-
roding fraction decreases monotonically with decreasing surface finish coarse level, with
the highest fraction observed on P320 and the lowest on P1200. This behavior reflects the
combined influence of droplet geometry and substrate heterogeneity. As shown in Fig.
5.4a, the coarse P320 surface is associated with larger droplets and higher droplet cover-
age. Previous studies have shown that the probability of corrosion initiation under elec-
trolyte droplets increases with droplet size[4, 42]. Larger droplets are more likely to pro-
mote localized corrosion under droplets through several effects. First, increased droplet
size enhances the likelihood of covering surface heterogeneities[42], and this effect is
especially pronounced on rougher surfaces, which inherently have a higher density of
micro-grooves and defects. Larger droplets also support stable electrochemical separa-
tion between anodic and cathodic regions due to longer diffusion paths and an extended
cathodic perimeter, as described in classical Evans-type droplet corrosion models|1, 43].
In addition, evaporation-driven transport can further amplify electrochemical gradients
within larger droplets, as non-uniform evaporation promotes local accumulation of ag-
gressive species and pH gradients near the droplet periphery, thereby increasing corro-
sion probability[4, 6, 7]. These combined effects provide a consistent explanation for the
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observed highest py fraction in P320 and the lowest in P1200.

In contrast, py (Fig. 5.7b) exhibits a non-monotonic dependence on surface finish coarse
level. The intermediate P800 surface shows the lowest fraction of droplets with py above
the threshold value, the fine P1200 surface displays the highest py fraction among the
three finishes. This behavior suggests that thin electrolyte film formation in the outer
ROI is hypothesized to be governed by multiple interacting processes. Three mecha-
nisms are possibly contributing to this behavior. First, electrochemically driven wet-area
expansion, as reported in previous studies[44, 45], can promote the outward growth of
thin electrolyte layers once corrosion reactions are established, particularly on surfaces
with reduced contact-line pinning. This mechanism may explain the high py values ob-
served on the smooth P1200 surface. Second, secondary condensation may contribute
significantly. The coarse P320 surface exhibits larger, more irregular droplets and shorter
inter-droplet distances, which can enhance local moisture retention and increase the
likelihood of thin electrolyte layer formation between droplets under humid conditions.
Such films can, in turn, support electrochemical activity outside the primary droplet
footprints. Furthermore, these shorter inter-droplet distances on the coarse surface can
create interacting cathodic regions near droplet edges. This proximity may enhance the
accumulation of corrosion products in inter-droplet regions without requiring a contin-
uous electrolyte film.

The combination of these effects may explain why both very rough and very smooth
surfaces exhibit high py fractions, whereas the intermediate P800 surface shows reduced
thin-film-mediated corrosion activity. While additional processes, such as capillary-
driven spreading toward equilibrium, may further influence droplet boundaries at early
times, the present statistical trends suggest that electrochemical spreading and secondary
condensation provide dominant contributions on the timescale of corrosion develop-
ment. The effect of droplet size on the final corroding fraction for each surface finish in
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Figure 5.8: Final fraction of droplets showing corrosion products in the (a) inner and (b) outer ROIs as a func-
tion of droplet size for the three surface finishes. Bars show the mean corrosion fraction per size bin; orange
markers represent individual repeat measurements, and error bars indicate the min-max deviation.

the inner and outer ROIs was also evaluated, with the results presented in Fig. 5.8. Con-
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sistent with our previous work([4] (Chapter 3), larger droplets overall exhibit a higher like-
lihood of developing detectable corrosion products in both inner and outer ROIs, owing
to their greater electrolyte volume and lateral extent. The present results show that this
behavior persists across different surface finishes. While Fig. 5.7 and Fig. 5.8 separately
present the influence of surface finish and droplet size on the final corroding fraction,
these two variables are not independent. Surface roughness systematically modifies the
droplet size distribution and surface coverage under spray deposition, as shown in Fig.
5.4. Therefore, part of the observed “roughness effect” on corroding fraction may be
indirectly mediated through changes in droplet geometry and size distribution rather
than arising solely from intrinsic electrochemical differences between finishes. In this
sense, the apparent roughness dependence should be interpreted as the combined out-
come of (i) modified droplet population statistics and (ii) altered substrate reactivity. The
present analysis does not fully decouple these contributions, and the trends reported
here should therefore be viewed as coupled geometric—electrochemical effects rather
than as isolated mechanistic drivers.

5.3.4. DROPLET-LEVEL CORROSION EVOLUTION FROM PROBABILITY-BASED
INDICATORS

To relate the droplet-level corrosion indicators to the ER-based corrosion response, the
temporal evolution of the area-weighted average values of py and py is examined. While
px and py are extracted from droplet segments that are rescaled to a common size and are
therefore scale-invariant, the ER signal reflects the cumulative effect of corrosion pro-
cesses occurring over the surface. Consequently, droplets with similar p-values can con-
tribute differently to the ER signal depending on their size. The area-weighted aggrega-
tion, therefore, ensures that droplets occupying a larger fraction of the surface contribute
proportionally more to the aggregated metric. However, it must be explicitly stated that
this area-weighting is an approximated linear aggregation approach. It is not intended to
reconstruct the physical contributions of individual droplets to corrosion depth, which
may involve nonlinear relationships between a droplet’s geometry and its local chem-
istry (Chapter 4). Rather, it serves as an approximate, linear weighting method to ag-
gregate local probabilities to provide a statistical approximation that aligns droplet-level
scale-invariant corrosion indicators with the global corrosion measurement.

As detailed in our previous work[4] (Chapter 3), py and py (p in Eq. 5.1 provide a continu-
ous representation of the fraction (fin Eq. 5.1) of a droplet exhibiting corrosion product,
the corresponding area-weighted averages (fy in Eq. 5.2) can therefore be interpreted as
a continuous measure for the fraction of the initial wet area that exhibits significant cor-
rosion product accumulation with high confidence. In Eq. 5.1 and Eq. 5.2, I(-) denotes
the indicator function, which equals 1 when the condition in parentheses is satisfied and
0 otherwise.

£ Eilpi=05)
. Eiﬂ(l) 5.1)
p= i Pi

il
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Fig. 5.9 shows the temporal evolution of the area-weighted px and py together with
the corrosion depth derived from ER measurement, normalized with the initial droplet-
covered area, for the three surface finishes. For all finishes, both py and py increase with
time, which is consistent with the ongoing accumulation of corrosion product during ex-
posure. Furthermore, the roughness-dependent ordering of px and py is consistent with
the final corroding fractions as presented in Fig. 5.7, indicating that the area-weighted
aggregation preserves the trends observed at the droplet-count level. Beyond these ex-
pected consistencies, the detailed temporal evolution of px and py reveals distinct dy-
namic behaviors that provide additional insight into the mechanisms that govern corro-
sion product development across different surface finishes. To facilitate interpretation
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Figure 5.9: Temporal evolution of the area-weighted (a) px and (b) py for the three surface finishes, with shaded
area standing for the min-max deviation across three repetitions for each surface finish. Colored markers
indicate the mathematically derived characteristic turning points.

of the temporal evolution, a characteristic turning point, highlighted by red, green, and
blue dots for the P320, P800, and P1200 finishes, respectively, in Fig. 5.9, can be identi-
fied in both the py (Fig. 5.9a) and py (Fig. 5.9b) curves as a noticeable change in curve
slope. To ensure a reproducible and quantitative comparison across surface finishes, this
turning point is defined mathematically using continuous piecewise linear regression.
Specifically, a two-segment linear model is fitted to the mean px and py curves for each
roughness using least-squares optimization. The intersection knot of these two linear
segments serves as an approximation of the timing and magnitude of the turning point,
without relying on visual estimation. In py, this turning point is marked by a pronounced
reduction in curve slope and is consistently well defined across all surface finishes. In
contrast, the corresponding transition in py is more gradual and spans a broader time
interval, reflecting a less constrained nature of corrosion product development in outer
ROIs. In the following analysis, the turning point is therefore used as a common descrip-
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tor for both inner (py) and outer (py) ROIs, with its physical interpretation and associated
confidence differing between the two. For px, and both the timing and magnitude of the
turning point are employed as key quantitative descriptors of under-droplet corrosion
product development. For py, both features are interpreted with greater caution due to
the less sharply defined transition. The initial curve slope prior to the turning point can
be viewed as a derived quantity, approximately reflected in the ratio of the turning-point
magnitude to its timing. A higher initial slope, therefore, indicates more rapid early-
stage corrosion product accumulation. Because the post-turning behavior is influenced
by multiple concurrent processes, later-stage slopes are not used as independent quan-
titative descriptors and are discussed only qualitatively.

A clear difference is observed in the temporal evolution of px which rises earlier and
reaches its characteristic turning point before py. This consistent delay in the turning
point of py suggests that, at an aggregate level, corrosion products tend to form first
within the initial droplet area before becoming significant in nearby regions. It is im-
portant to note that this does not exclude cases where corrosion products gather solely
in inter-droplet zones. Instead, the delay signifies a population-level trend, where the
processes most contributing to px cause a delayed increase in area-weighted py. This
aligns with the mechanistic hypothesis that additional physicochemical steps such as
electrolyte redistribution, thin-film formation, or micro-pools development, [42, 44, 45]
are necessary for corrosion products to develop in the outer regions of interest.

For pg, the turning-point characteristics further reveal a pronounced dependence on
surface roughness. Both the timing and magnitude of the turning point follow the or-
der P320 > P800 > P1200, indicating that under-droplet corrosion product development
initiates earlier and reaches a higher characteristic level on the coarser surface. This
behavior is consistent with the combined effects of larger initial droplet sizes and in-
creased surface heterogeneity on rougher finishes, which promote faster initiation and
spatial expansion of corrosion products within the droplet footprint. In contrast, the
finer P1200 surface exhibits a delayed turning point with a lower associated magnitude,
indicating slower and more gradual under-droplet corrosion development.

For py, the influence of surface roughness is also reflected in the turning-point timing,
although the transition is less sharp than for px. Coarser surfaces exhibit earlier turning
behavior than finer finishes, suggesting that corrosion product accumulation at inter-
droplet regions occurs earlier on rougher surfaces. The corresponding turning-point
magnitudes in py show greater variability and are therefore interpreted more cautiously,
which is consistent with the more spatially distributed nature of corrosion product accu-
mulation outside the droplet footprint. Differences in early-time curve slope observed
among surface finishes can be understood as a consequence of these turning-point char-
acteristics, with higher initial slopes mainly a result of earlier turning times. At later
times, the evolution of py becomes more comparable across all finishes, which might
be attributed to the increasing influence of multiple concurrent processes that are not
uniquely attributable to surface roughness.
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Summarizing the time-based changes of these probability-based descriptors, it is im-
portant to clearly acknowledge their limitations. First, the area-weighted aggregation is a
linear statistical method that does not account for the nonlinear geometric-electrochemical
interactions influencing individual droplet contributions. Second, since surface rough-
ness affects various factors such as electrochemical reactivity, droplet shape, size distri-
bution, surface coverage, and proximity between droplets, the differences observed in
their temporal evolution across different finishes likely arise from these interconnected
effects rather than a single dominant factor. In conclusion, although this framework
offers valuable statistical insights into overall corrosion behavior, it is not designed to
directly identify specific mechanistic pathways at the level of individual droplets.

5.3.5. RELATIONSHIP BETWEEN PROBABILITY-BASED DESCRIPTORS AND ER-
BASED CORROSION KINETICS

The ER signal and the image-derived probability-based descriptors offer complemen-

tary insights into the corrosion process. px and py quantify the likelihood of visible cor-

rosion product buildup both within and outside the original droplet footprint. It is im-

portant to recognize that while these quantities are related, probability-based descrip- ﬂ
tors are indirect indicators of localized activity and should not be directly interpreted as

measurements of localized corrosion kinetics.

Fig. 5.10 illustrates the temporal evolution of the area-weighted px and py area-normalized
corrosion depth and corrosion rate derived from ER measurements. For all surface fin-
ishes, the ER depth increases monotonically over time, consistent with continuous metal
dissolution during exposure. As shown in Fig. 5.10b, the high values in the ER-based
corrosion rate correspond temporally with the initial rapid rise and the characteristic
turning-point observed in px. The temporal coincidence between the rise and the high
ER corrosion rate suggests that the optical framework captures the early active corrosion
regime. Furthermore, the earlier turning-point and higher magnitude of py the rougher
P320 surface coincide with a more rapid increase in ER corrosion depth (Fig. 5.10a), sug-
gesting that earlier and more extensive under-droplet corrosion product accumulation
is found on the rougher surface. Regarding the regions outside the initial droplet foot-
print, the gradual increase in py accompanies the continued growth of the ER-measured
corrosion depth at later stages of exposure (Fig. 5.10c). Furthermore, as illustrated in
Fig. 5.10d, the initial spike in the global corrosion rate occurs mostly before py reaches
its characteristic turning point. This reinforces the statistical observation that the early-
stage active corrosion regime corresponds primarily to localized activity within the ini-
tial droplet boundaries, whereas the inter-droplet corrosion product accumulation (cap-
tured by py) develops more gradually during the later stages.

Surface roughness modulates both the ER and image-derived indicators in the same di-
rection, such that rougher surfaces exhibit earlier and more extensive visible corrosion
product accumulation, which aligns with greater ER-measured metal loss. Because sur-
face roughness simultaneously affects droplet geometry, distribution, coverage, and in-
trinsic electrochemical behavior, this observed alignment likely reflects coupled geometric-
electrochemical effects rather than a single dominant mechanism. The present analysis,
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Figure 5.10: Temporal evolution of the mean area-weighted (a) px and (b) py for the three surface finishes,
shown together with the mean area-normalized corrosion depth (a, c¢) and rate (b, d) from ER measurements,
both averaged across three repetitions. Solid lines represent px or py, and dashed lines denote ER depth or
rate. Shaded areas representing min-max variance have been removed for visual clarity. The full results for the
ER kinetics and the optical probability indicators are shown in Figures 5 and 9, respectively.

therefore, identifies statistical correlations between optical product formation and phys-
ical metal loss without directly isolating the underlying physicochemical pathways.

5.4. CONCLUSION

This study investigated how substrate surface finish influences atmospheric corrosion
of carbon steel under multi-droplet exposure across three grinding finishes: P320, P800,
and P1200.

* Regarding droplet behavior and corrosion response, rougher surfaces produced
larger, more elongated droplets and slightly higher initial surface coverage. ER-
measured global corrosion depth and corrosion rate were consistently higher and
developed earlier on rougher surface finishes.

* A primary methodological contribution of this work is the integration of contin-
uous ER measurements with droplet-resolved optical analysis. Probability-based
descriptors (px and py) were introduced to statistically characterize corrosion prod-
uct development, alongside an area-weighted aggregation approach to align droplet-
level descriptors with global corrosion depth. The resulting temporal analysis frame-
work enables systematic comparison between regions within and outside initial
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droplet footprints.

* Application of this framework revealed a characteristic turning point in corrosion
product accumulation. For all surface finishes, the area-weighted probability of
under-droplet corrosion (px) rose earlier and to a higher magnitude than the inter-
droplet probability (py), indicating that corrosion products generally develop first
within droplet footprints before becoming significant in surrounding regions. Fur-
thermore, the initial rapid rise of px temporally coincides with the highest ER-
measured corrosion rates, consistent with the early active corrosion regime being
closely tied to localized activity within initial droplet boundaries.

* Itis essential to acknowledge the limitations and scope of this analysis. The probability-

based indicators serve as indirect proxies for visible corrosion product accumula-

tion, not direct measurements of metal loss. Because surface roughness simulta-

neously modifies intrinsic substrate reactivity, droplet geometry, spatial distribu-

tion, and overall coverage, the observed differences across finishes likely reflect

coupled geometric-electrochemical effects. The present approach therefore iden-

tifies aggregated statistical correlations rather than isolating single mechanistic ﬂ
pathways or resolving nonlinear, droplet-by-droplet interactions.

 Ultimately, the combined use of ER sensing and probability-based image descrip-
tors establishes a framework that statistically links droplet-scale optical evolution
to global corrosion kinetics. This approach enables comparative evaluation of
surface finishes under complex multi-droplet conditions and can be extended to
other material systems and environments where local spatial heterogeneity gov-
erns overall reactions.
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SUPPLEMENTARY INFORMATION
5.5.1. LOGNORMAL FITTING OF INITIAL DROPLET SIZE DISTRIBUTION

Table 5.2: The lognormal fitting statistics for scale (1) and shape (o) parameters across runs

Repl Rep2 Rep3

U o u o U o
P320 | 491 | 0.61 | 4.87 | 0.57 | 5.12 | 0.54
P800 | 4.75 | 0.48 | 4.88 | 0.50 | 4.88 | 0.56
P1200 | 4.63 | 0.55 | 4.75 | 0.61 | 4.71 | 0.51

Section 5.5.1 details the statistical parameters derived from the initial droplet distribu-
tions. Tab. 5.2 summarizes the lognormal fitting statistics, specifically the scale (1) and
shape (o) parameters, for the droplet diameters across all three repetitions of the P320,
P800, and P1200 surface finishes.

5.5.2. DETERMINATION OF THE SAVITZKY-GOLAY FILTER WINDOW LENGTH
FOR A REPRESENTATIVE RUN
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Figure 5.11: (a) Cumulative power spectrum of a representative sensor track ER signal, showing the 90% power
retention threshold (-0.5 dB) at 0.000152 Hz. (b) Frequency response of a Savitzky-Golay filter (polynomial
order 2, half-window length = 3500), where the -3 dB cutoff frequency for this window length perfectly matches
the threshold identified in this specific run.

The overall power spectrum of the raw sensor track ER signals was examined to find
the frequency that captures approximately 90% of the signal’s power (see Figure Sla).
Pulse analysis was then used to identify the best Savitzky-Golay half-window length,
where the -3 dB cutoff frequency aligned with this threshold (see Figure S1b). Although
the optimal half-window length varied from 3100 to 3900 across the nine experimen-
tal runs, a standard value of 3500 was chosen for all datasets to ensure uniform signal
smoothing during comparative kinetic analysis.
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CONCLUSIONS AND OUTLOOK

This chapter concludes the dissertation by summarizing the key findings, followed by an
outlook emphasizing further methodology development from both experimental and com-
putational perspectives, the potential real-world applications, and the impacts for the fu-

ture.
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6.1. CONCLUSIONS

The central outcome of this research is the development and validation of an end-to-end
methodology that progresses from the initial design and physical construction of the
experimental platform and custom sensors, through automated multi-modal data ac-
quisition, to quantitative kinetic analysis. Validated specifically under laboratory-scale
multi-droplet conditions for carbon steel, this comprehensive framework demonstrates
the capability to quantify the spatiotemporal optical evolution of droplet electrolytes
and correlate these localized visual features with global macroscopic degradation.

Chapter 2 established the foundational synchronized, multi-modal data acquisition pipeline.
A custom climate chamber and electrical resistance (ER) sensors were designed and
constructed to accurately monitor environmental parameters and corrosion kinetics.
The results demonstrate that global corrosion kinetics can be continuously monitored

in situ under discontinuous electrolyte conditions by coupling these ER sensors with
time-lapse optical imaging of droplet evolution. While the data confirmed a strong gen-
eral correlation between this global corrosion rate and the relative humidity within the
chamber, the deviations observed, especially during the early stages of exposure, proved
that macroscopic environmental parameters alone cannot fully explain the corrosion
behavior. This motivated the spatial disaggregation approach developed in Chapter 3.

To achieve this spatial disaggregation, Chapter 3 introduced and validated a fully au-
tomated, data-driven framework for tracking corrosion under thousands of individual
droplets using time-lapse optical imaging. By converting raw image data into inter-
pretable, probability-based metrics, the method enables a quantitative analysis of both
the occurrence and progression of corrosion on a per-droplet basis. Applying this frame-
work to carbon steel revealed that droplet size strongly modulates corrosion behavior,
with larger droplets exhibiting a significantly higher probability of developing optically
detectable corrosion. Furthermore, the analysis categorized two primary optical man-
ifestations of this localized attack: an "Evans-like" pattern, where corrosion initiates
within the inner footprint and propagates outward, and an "outer-only" pattern, where
visible corrosion products are restricted to the outer periphery. The results also showed
that droplet size systematically affects the temporal development of corrosion products.
Specifically, larger droplets exhibit an earlier onset and a more rapid accumulation of
corrosion products within the inner footprint. In contrast, the accumulation of products
in the outer periphery follows a distinct temporal trajectory, generally developing after
the inner footprint has activated if both inner and outer regions show corrosion product
accumulation. Together, these findings demonstrate that continuous, probability-based
visual indicators can successfully quantify the gradual spatial evolution of corrosion be-
neath and surrounding individual droplets. This transforms complex visual observa-
tions into robust kinetic metrics that bridge macroscopic environmental exposures and
localized corrosion mechanisms.

Building upon the localized visual features established in Chapter 3 and the global ki-
netic data acquired in Chapter 2, Chapter 4 applied weakly supervised learning to infer
per-droplet corrosion kinetics. By framing the analysis as a multiple-instance regression
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problem, the data-driven model successfully disaggregated the macroscopic ER signal
to infer the specific, highly localized volume loss of each individual droplet without re-
quiring per-droplet ground-truth labels. Importantly, while Chapter 3 established vi-
sual probabilities, this machine learning approach translated those visuals into quan-
tified physical damage. Further inspection confirmed that this predicted droplet-level
material loss evolution aligned with the visual timeline of corrosion propagation. This
confirmed that weak supervision can effectively extract localized kinetic information di-
rectly from global, integrated observations.

Finally, Chapter 5 validated the end-to-end framework’s mechanistic sensitivity by in-
vestigating the role of surface roughness. The findings indicated that roughness mod-
ulated corrosion not merely by increasing the effective surface area, but by fundamen-
tally altering the initial geometry and subsequent dynamics of the electrolyte popula-
tion. Rougher surfaces produced larger, more elongated droplets, likely due to enhanced
pinning and coalescence during spray deposition. These geometric differences were re-
flected in the global corrosion response: electrical resistance measurements confirmed
that corrosion depth and rate were consistently higher and developed earlier on rougher
finishes. Image-derived probability metrics showed that corrosion product accumula-
tion within the inner footprint also increased systematically with roughness. Conversely,
corrosion activity in the outer periphery showed a complex dependence on the com-
bined effects of electrochemically driven wetting area expansion and secondary thin-
film formation. The temporal evolution of these indicators revealed that corrosion prod-
ucts likely first developed within the inner footprint before becoming significant in the
outer periphery, with earlier and more pronounced activity observed on rougher sur-
faces.

This work contributes to atmospheric corrosion prediction by establishing an experi-
mental and computational framework that correlates local electrolyte dynamics with
global corrosion kinetics. Moving beyond purely empirical, data-driven prediction mod-
els that ignore the governing electrolyte phase, this framework simultaneously monitors
multi-droplet evolution and real-time corrosion rates. By integrating large-scale vision
models for segmentation with weakly supervised learning to address the kinetic inverse
problem, the framework quantifies corrosion evolution from visual signals and disag-
gregates the globally measured corrosion rate into per-droplet contributions. It is im-
portant to note that these conclusions are currently validated within a specific domain:
laboratory-scale multi-droplet conditions on carbon steel, under controlled tempera-
ture and humidity, and across defined surface roughness profiles. While this approach
still relies on learned data correlations rather than providing full mechanistic proof, it
generates the coupled, high-resolution data needed to support the cross-validation of
future physical models. Furthermore, it demonstrates how physical parameters, such
as surface roughness, modulate corrosion behavior through their effect on electrolyte
population dynamics.
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6.2. OUTLOOK

This thesis established a foundational data-driven framework for correlating localized
electrolyte dynamics with global corrosion kinetics. However, the ultimate vision for this
research trajectory is the development of a unified predictive toolchain: an environment-
to-damage model capable of predicting field-scale degradation based on macroscopic
environmental parameters, such as ambient temperature, relative humidity, contamina-
tion composition, and precipitation. It is critical to note that this toolchain is intended
for interpolating parameter combinations within a defined material class (e.g., carbon
steel under specific environmental bounds), rather than claiming universal generaliza-
tion across fundamentally different alloy systems. To transition toward this goal, from
the perspectives of data acquisition, analysis, and computation, future research should
follow a structured, three-phase roadmap (as illustrated in Fig. 6.1).

Phase 1: enhancing the physical ground truth
Current multi-droplet disaggregation
[In situ 2D optical & global ER]

[ X-ray micro-CT ]

[Ex situ 3D volumetric ground truth]

SEM-EDS & EBSD Mapping
[Physical prior]
Physics-informed NNs (PINNs) | L, Graph neural networks (GNNs)
[Cap mass loss per droplet] [Model spatial coupling]
Per-droplet mass loss
[Computed from models]
Phase 2: algorithmic upgrades &
mechanistic modeling
Mechanistic FEM / ML surrogate \
[Map electrolyte geometry mass Iossy
I

|
| Phase 3: predictive scaling & field deployment

Predicted droplet properties + Env. Bayesian deep learning
[Size, shape etc.] [Uncertainty quantification]

Transfer learning

[Scale to field data]

ACT & FET databases
[Low-res, long-term exposure data)

Sequence models (LSTM / Transformer)
[Predict electrolyte evolution]

Environmental inputs
[Dynamic T, RH weather data]

Unified predictive toolchain
[Field-scale environment-to-damage prediction]

Figure 6.1: The three-phase roadmap for future work. The solid lines stand for data transmission, while the
dashed lines represent model/algorithm improvement.
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Phase 1: Enhancing the physical ground truth

The current machine learning framework disaggregates global macroscopic mass loss
into localized per-droplet contributions using 2D in situ optical features. To rigorously
validate and enrich this framework, high-fidelity ex situ data must be integrated. First,
X-ray Micro-Computed Tomography (Micro-CT) should be employed post-exposure to
map the final 3D topography of the localized pits. By comparing the cumulative volume
loss predicted by the optical model with the true Micro-CT volume scanned at selected
stages, the foundational 2D-to-3D disaggregation rules can be rigorously validated.

Second, to address the stochastic nature of corrosion initiation, pre-exposure surface
characterization can provide physical prior knowledge to contextualize the data-driven
model’s outputs. Scanning Electron Microscopy (SEM) can identify nanoscale precip-
itates and inclusions that act as preferential initiation sites, while Electron Backscat-
ter Diffraction (EBSD) can map grain orientations and (Energy Dispersive X-ray Spec-
troscopy) EDS can capture localized compositional gradients. Rather than attempting
full spatial registration with the optical field of view, which is impractical given the huge
area mismatch between SEM and optical imaging scales, these analyses would be per-
formed on a small number of selected representative regions. The resulting microstruc-
tural insights serve as physical priors: for instance, explaining why certain surface re-
gions systematically show earlier corrosion initiation in the optical data, or validating
whether the model’s inferred per-droplet kinetics are consistent with the underlying sur-
face heterogeneity. This also well separates the role of physics-based characterization
from data-driven prediction.

Phase 2: Algorithmic upgrades & mechanistic modeling

With this validated physical data, the core disaggregation algorithms can be upgraded.
Currently, the weakly supervised framework infers localized material loss by mapping lo-
cal optical features to per-droplet volume loss, with the only constraint being that their
sum equals the total macroscopic mass loss from the ER sensor. Two algorithmic up-
grades are proposed to advance this. First, Physics-Informed Neural Networks (PINNs)
can embed localized geometric constraints and penalize the model if the inferred vol-
ume loss for a specific droplet exceeds the theoretical maximum mass loss allowed by
its specific footprint area. Second, Graph Neural Networks (GNNs) can be implemented
to model spatial electrochemical coupling. By treating droplets as nodes, the spatially
aligned SEM-EDS/EBSD data can be directly fed into the GNN as localized node fea-
tures, allowing the algorithm to learn how the surface heterogeneities and underlying
crystallography influence both initiation and inter-droplet interactions.

Once this PINN/GNN-upgraded disaggregation model is finalized, it will extract massive,
high-fidelity datasets linking droplet configurations to local corrosion rates. This local-
ized data is then used to calibrate and validate mechanistic 3D Finite Element Models
(FEM), or to train purely data-driven machine learning surrogates that establish the ul-
timate physical rulebook mapping any given electrolyte configuration to material mass
loss for a given material class (e.g. carbon steel).
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Phase 3: Predictive scaling and field deployment

To transition from spatial rule extraction to long-term temporal prediction, the mech-
anistic rulebook developed in Phase 2 must be coupled with dynamic environmental
modeling. First, to connect macroscopic weather conditions with localized wetting, se-
quence models such as Long Short-Term Memory (LSTM) networks or Transformers can
be trained to directly predict the transient evolution of the electrolyte itself (e.g., con-
densation, droplet coalescence, and evaporation cycles) directly from macroscopic en-
vironmental parameters. Second, these forecasted dynamic droplet configurations are
fed sequentially into the validated FEM or ML surrogate model. This establishes a fully
connected, environment-to-damage surrogate pipeline: weather parameters predict the
dynamic electrolyte geometry, which in turn dictates the cumulative localized mass loss
based on the spatial rules extracted in Phase 2.

Because atmospheric exposure is inherently stochastic, Bayesian deep learning can be
applied to the final output of this chain to produce a probability distribution of ex-
pected corrosion depth, providing the Uncertainty Quantification (UQ) required for in-
dustrial safety margins. Ultimately, Transfer Learning can be utilized to calibrate this
high-resolution predictive chain against the lower-resolution temporal databases gen-
erated by standard Accelerated Corrosion Tests (ACT) and Field Exposure Tests (FET),
realizing the unified predictive toolchain for the defined material class.

Open-source data and community impact

The shift towards data-driven atmospheric corrosion prediction is currently hindered
by the scarcity of high-quality, standardised training data. The experimental framework
developed in this thesis has a unique ability to generate large, synchronised datasets of
multi-droplet visual evolution and corresponding kinetic loss. A key future step is to
formalise these outputs into an open-source benchmark dataset. By sharing standard-
ised, high-resolution corrosion data publicly, this framework can provide a foundational
testing platform for the broader computational materials science community, which, in
turn, would speed up the global development of more robust, physics-informed ma-
chine learning models for materials corrosion prediction. This approach can support
both materials selection during the initial design phase and asset maintenance through-
out the product lifecycle.



EPILOGUE

This thesis is, at its technical core, a framework for extracting meaningful signal from
noisy, stochastic, seemingly intractable data. It took me an embarrassingly long time to
realise that the same description applies to the PhD journey that produced it.

I started this work by the end of 2020, in the middle of a pandemic, with a closed labora-
tory and no clear path forward. What followed was three and a half years of experiments
that did not work, data that could not be quantified, and the particular kind of loneliness
that comes from working on a problem there is no clear and straightforward instruction
on where to go. I thought about quitting more times than I can count. I stayed, partly
out of stubbornness, partly because the sunk cost felt too heavy to abandon, and partly
because I could not accept the idea of leaving without something I could be proud of.

The turning point came not from inside the laboratory but from outside it. When Meta
released the Segment Anything Model, something shifted. A tool appeared that made a
previously impossible segmentation problem tractable, and with it, a direction I had not
been able to see before. I taught myself high-performance computing, computer vision,
data engineering, and machine learning architecture — fields I had no formal training
in - step by step, mostly alone, mostly at night. Within eighteen months, three and a
half years of mostly failed experiments had become the foundation of a coherent, novel
framework. The noises had been hiding a signal all along. I had simply not yet built the
instrument to find it.

I do not know whether the choices I made were the right ones. A different version of me
might have left after the first year and arrived somewhere equally interesting by a shorter
road. But I have come to believe that the most valuable thing this PhD gave me is not the
publications, or the talks, or even the framework itself. It is the knowledge, earned rather
than taught, that meaningful patterns exist even in data that looks like chaos, and that
the difference between finding them and not is often simply the willingness to keep look-
ing after everyone, including yourself, has started to doubt that anything is there.

Inspirations are like spikes hidden in noisy signals. They are easy to miss. The thresh-
old for detecting them is not intelligence or luck. It is persistence — the decision, made
quietly and repeatedly, not to go gentle.

Keer Zhang
Delft, March 2026
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