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Abstract

The copper corrosion patina is an intricate chemical matrix consisting primarily of copper,
cuprite (Cuy0), and brochantite (CusSO4(OH)s); along with several other minority copper salt
constituents. The outermost layer, brochantite, is the distinctive blue-green patina associated with
copper corrosion . Contemporary preservation research is focused on non-toxic, eco-friendly, sol-gel
coatings for copper corrosion protection. The coatings for cultural heritage artifacts present a unique
challenge, it must preserve the underlying metal, the current corrosion layers, and prevent
modification of the aesthetics *. Specifically, alkoxysilane sol-gels doped with carboxylic acid
compounds have been shown to inhibit the corrosion process. This study intends to evaluate the
copper corrosion inhibition treatment of tetracthyl orthosilicate (TEOS) doped with octanoic acid
applied to the copper patina surface. Treated copper cross-sections were analyzed by Raman
spectroscopy using two different excitation wavelengths (473 nm and 532 nm) to analyze the
penetration depth and interactions of the inhibitor within the corrosion layers. The corrosion products
and inhibitor produce distinct responses from the two wavelengths to create unique, but
complementary “blocks” of data. Machine learning and multi-block techniques exploit this collective
relationship to enhance the identification of the corrosion and coating-related phases *. The multi-
block fusion techniques revealed that the octanoic acid penetrated the corrosion layer and reacted with
the brochantite to form copper octanoate. But, this reaction was concentrated on the outer boundary of
the layer rather than distributed uniformly throughout the brochantite layer. Comparing the different
multi-block methods showed that they produced largely convergent results for this two-block dataset.
These findings support the use of dual-excitation Raman imaging combined with multi-block fusion as
an accessible, non-destructive strategy for evaluating corrosion inhibitor coatings on cultural heritage
copper artifacts.

1. Introduction

Cultural heritage objects are fundamental to the cultural identity of communities, nations, and
humanity, serving as tangible anchors that connect past generations to contemporary society °. Along
with being hallmarks of cultural identity, cultural heritage artifacts are drivers to economic and social
welfare. Unfortunately, these objects are subject to degradation from environmental factors, bio-con-
tamination, natural or anthropogenic disasters, and incorrect restoration interventions; degradation
often occurs both on macro- and nano-scale >,

Copper has been utilized for thousands of years in both artistic and pragmatic applications, and
it remains a crucial material for society '*. The earliest archaeological records utilizing native copper
deposits traces back to at least 10,000 BCE to the Epipaleolithic period or the early Neolithic period;
primitive copper metallurgy traces back to at least 5,000 BCE to Anatolia "”*. This vast history has
yielded a diverse tapestry of copper objects forming a critical component of the archaeological record
and humanity’s shared cultural heritage >'°. Contributing to this diversity are the eclectic burial and
atmospheric environments in which these artifacts are discovered in ''. Consequently, it is important to
understand the physical and mechanical properties of copper corrosion to better preserve the material.

Copper Corrosion

Fundamentally, copper corrosion is a form of wet corrosion, an electrochemical redox reaction
that occurs in the presence of oxygenated water '°. Although visible water may not always be present
on the surface of an artifact, a microscopically thin layer of water is almost always present due to am-
bient atmospheric humidity '*'>. But, the local environmental conditions heavily influence this
process; parameters such as relative humidity, wet/dry cycling, rainfall frequency, and ambient pollu-
tants critically dictate the overall corrosion rate .'° As a redox reaction, it involves two half-reactions,



the oxidation of the metal at the surface (the electron donating anode, Equation 1) and the reduction of

an environmental chemical species (the electron accepting cathode, Equation 2) '3,

The resulting corrosion layer on the copper is a multilayered tripartite system that forms in
successive stages over time. The initial step is the oxidation of copper to form the mineral, cuprite
(Cu0) (Equation 3), shifting the surface color from a bright salmon-pink color to the dark brown-
black color commonly associated with copper ''*'*"*, In moist, aerated environments this step occurs
instantaneously, the copper moves to +1 oxidation state, via the chemisorption and reduction of
oxygen *'°. The cuprite layer forms a continuous, polycrystalline layer with excellent adherence to the
underlying metal '°. The cuprite prevents water from further reaching the copper’s surface .

4Cu+2H,0 - 2Cu,0+4 H +4¢

Equation 1: Anode reaction for copper corrosion '’

02 + 4H+ + 48_ - 2H20

Equation 2: Cathode reaction for copper corrosion "'°

4Cu+0, - 2Cu,0

Equation 3: Complete reaction for cuprite during the copper corrosion process "*'°.

However, the degradation process continues with the cuprite, the surface copper ions are
subsequently oxidized with the trace atmospheric impurities present, and the copper ion transitions
from Cu(I) oxidation state to Cu(Il) *'®'*!%, The presence of molecular atmospheric pollutants dictate
the final Cu(Il) species on the corrosion layer . This additional corrosion layer is the blue-green

patina associated with copper corrosion caused by the Cu(Il) species >*'*".

The corrosion products produced on the surface of copper can vary depending on time and
environmental conditions. In sulfate-rich environments posjnakite (CusSO4(OH)s'H,O), brochantite
(CusSO4(OH)s), chalcantite (CuSO45H,0) and antlerite (Cus(SO4)(OH).) are the frequently occurring
compounds, see Equation 4 "“'*'®15 Atacamite (Cu,CI(OH);), paratacamite (Cu,CI(OH);) and its
derivatives are commonly found in marine chloride-rich environments, see Equation 5 '*'*!°, Other
environmental conditions can form other types of copper oxide minerals such as exposure to bird
feces; it can also form unique copper oxide products such as cornetite (Cu;PO4(OH),), and moolooite
(Cu(C,04)'n(H,0)) "%, Gerhardite (Cua(NOs)(OH);) can be found in presence of nitrous oxides, and
malachite in the presence of carbonates (Cu,(CO;)(OH),) '".

Cu,0+S0,°+H,0 - Cu,

SO,||0OH|, « nH,0

Equation 4: The reaction to form the copper sulfate compounds: posnjakite, brochantite, antlerite '°

Cu,0+CI'+H,0 - Cu,CI|OH|,

Equation 5. The reaction to form the copper chloride compounds. atacamite, paratacamite '’



Brochantite constitutes the primary component of the long-term corrosion in the Cu(Il) layer
in most environments, except for marine environments '>'*'°. Brochantite is characterized by high
porosity and the presence of numerous cracks ®. Typically, posjnakite is the first copper oxide to
develop, and brochantite develops later often taking years to form. In marine environments, the major
constituents being atacamite and paratacamite with smaller amounts of brochantite '>' . For example,
the Statue of Liberty in New York City harbor still contained brochantite in its copper patina despite
being surrounded by salt seawater **'. The ever-presence of brochantite in all copper patina is due to
its stability; copper hydroxysulphate phases are 100 times more stable than the equivalent chloride and
carbonate compounds, and 10,000 times more stable than the equivalent nitrate compounds °.

But the other copper oxides can still exist in this corrosion layer depending on exposure time,
quantity of pollutants, and metastable intermediate compounds that lead to brochantite . A scheme of
the tripartite copper corrosion layer system is demonstrated in Figure 1. Overall, the copper corrosion
layer is complex matrix of different copper compounds.

brochantite
cuprite

copper _10pm_

Figure 1: Diagram of the copper corrosion layers. Copper is at the bottom, cuprite is the middle, and brochantite is on top.
Brochantite is the hydrophilic, blue-green, porous Cu(Il) layer.

Corrosion inhibition and Coatings

Broadly defined, anti-corrosion inhibitors are any chemical substances that are not
traditionally present in the corrosion process, but suppresses the corrosion rate and the chemical
processes *. The inhibitor commonly bonds and modify the metal’s surface to out-compete the
absorption of corrosion inducing molecules, and creates a thin film over the metal’s surface ®. Anti-
corrosion coatings can be classified by their mechanism of inhibition or type of material utilized ***°.
The corrosion inhibitor could use either electrochemical inhibition consisting of either anode, cathode,

or a combination of the two to inhibit the corrosion reaction process **%.

The main material types used specifically for cultural heritage materials are waxes, acrylic
resins, nitrocellulose lacquers, carboxylates, fluorinated polymers, and organo-silane compounds *'.
Among these, microcrystalline waxes are preferred among conservators in France*. These inhibitors
primarily provide a physical barrier, such as a hydrophobic molecular thin film that stops reactants
from reaching the metal’s surface **. Recently, there has been a growing awareness of the toxicity of

anti-corrosion inhibitors and developing environmentally friendly solutions to replace toxic inhibitors
8,22

Waxes are the traditional protective treatment applied to metal surfaces as barriers against
moisture and oxygen, as well as topcoats over varnishes to reduce gloss and improve appearance.
Conservators appreciate waxes for providing a natural finish, though they can darken porous patinas
and collect dust easily. Overall, waxes offer relatively poor long-term corrosion protection and
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weathering resistance compared to synthetic varnishes, requiring frequent renewal. Under certain
humid or chloride-rich conditions, the porous nature of wax layers can even trap moisture and
accelerate metal corrosion. Modern heritage conservation primarily uses microcrystalline waxes and
polyethylene waxes, while natural waxes are generally avoided due to the formation of damaging
organic acids upon aging ».

Acrylic resins were first introduced to heritage conservation in the 1960s and 1970s; they are
thermoplastic polymers valued for their transparency, strong adhesion, mechanical strength, and
chemical stability over time. The Paraloid product line dominates conservation field, with Paraloid B-
72 being widely favored across Europe for protecting indoor silver, iron, and copper artifacts. For
outdoor applications, Incralac, a formulation consisting of Paraloid B-44, benzotriazole (BTA)
corrosion inhibitor, and UV stabilizers is the industry standard for bronze sculptures and monuments,
typically providing a protective service life of 3 to 5 years. Other specialized acrylic variants include
Paraloid B-48N, which offers enhanced hardness and abrasion resistance *.

Nitrocellulose lacquers are polynitrate esters of natural cellulose marketed under trade names
such as Agateen, Frigilene, and Ercolene. Historically, they have been primarily deployed as thin
protective films on indoor silver objects to prevent tarnishing in atmospheres containing hydrogen
sulfide. While effective at preventing tarnish, nitrocellulose lacquers suffer from notable long-term
degradation issues, including yellowing, embrittlement, and a loss of solubility in their original
solvents over time. Although less common on base metals, additions of organic corrosion inhibitors
have been shown to improve their performance on patinated bronzes and iron *.

Fluorinated polymers (fluoropolymers) feature carbon-fluorine bonds that impart high
chemical inertness, hydrophobic properties, and superior resistance to UV radiation and aggressive
environmental weathering. Polyvinylidene fluoride (PVDF), such as Kynar, is frequently utilized in
metallic heritage, often blended with acrylic modifiers or used as a topcoat over acrylic basecoats to
overcome its inherent lack of adhesion to bare metal surfaces. Other evaluated systems include
fluoroethylene vinyl ether (FEVE) copolymers (Lumiflon) and fluorinated acrylic copolymers
(Funcosil AG). Despite their outstanding weather resistance and high corrosion inhibition, potential
drawbacks include susceptibility to water-whitening and difficult reversibility without specialized
chemical modifications *.

Alkoxysilanes have gained considerable traction in recent years as anti-corrosion coatings due
to the development of the sol-gel coating process *. They are more environmentally friendly compared
to traditional chemical treatment processes. Alkoxysilanes can form excellent metallic-siloxane bonds
to strength their adhesion to the metallic substrate *. Silane sol-gel coatings offer very interesting
characteristics such as possibility of application by different techniques, good adhesion, and good
penetration ?'. The sol-gel process comprises of four stages; hydrolysis of precursor molecules,
polycondensation of monomers to form chains and/or particles, polymer particle growth,
agglomeration of the polymer particles to form networks extending through the liquid medium
resulting in thickening to eventually form a gel %. Typically, it applied to object prior to the gelation
stage ». The most common application techniques are electrochemical deposition, spray-coating, dip-
coating, or spin-coating. The sol-gel process is user-friendly for deposition on substrates with large
areas with simple, inexpensive equipment .

Recent research has been conducted on alkoxysilanes doped with carboxylic acid compounds
due to their non-toxicity and anti-corrosion properties *. They are fatty acid derivatives extracted from
vegetable oils. The current application technique for carboxylic acids requires their dissolution in a
solvent and the submersion of the metallic artifact; it is time-consuming and not well-suited for

outdoor applications, the sol-gel coating process eliminates these issues *.



The carboxylic acid in the coating penetrates the pores of the brochantite and reacts with the
copper ions in the corrosion layer to form copper carboxylates, as illustrated in Figure 2. The
hydrophilic carboxylic groups bonds to the copper species with the non-polar hydrophobic alkyl
projecting outwards. It forms an insoluble, hydrophobic layer on the corrosion layer that decreases
wettability, prevent contact with water, aggressive species (Cl), inhibiting the cathodic reaction, and
subsequently hindering the corrosion process. The quantity, alkyl chain length, penetration depth of
the carboxylic acids into the corrosion layer is crucial parameters to be an effective corrosion inhibitor
*2_ The increased length of the alkyl groups, and the density of the carboxylic acid improves the
corrosion inhibition. Recent research in Lob et al. 2024, demonstrated tetramethyl orthosilicate
(TMOS) doped with three types of carboxylic acids (heptanoic acid, octanoic acid & decanoic acid)
indicated that TMOS doped with carboxylic acids can be an effective corrosion inhibitor with high
hydrophobicity *.
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Figure 2: Diagram (A) of the sol-gel treatment penetrating the brochantite layer. Diagram (B) of the hypothetical
distribution of corrosion inhibitor treatment in the brochantite layer.

Raman Hyperspectral Imaging

Hyperspectral imaging (HSI) technology was initially developed to be used in astrophysics
and geospatial remote sensing applications ', The technology has since been applied to a wide range
of other applications such as pharmaceuticals, biochemistry, food science, and semiconductor
manufacturing *’*'. It is a non-invasive and non-destructive technology making it a perfect analysis
technology for cultural heritage science *’. HSI system captures electromagnetic radiation across
hundreds of contiguous spectral bands, compared to traditional RGB (red-blue-green) imaging which
discretizes light into three broad, non-contiguous bands *. The resulting output is a high-
dimensionality, three-dimensional dataset known as a hypercube. The dimensions of a hypercube are
represented as (M x N x A), the M and N represent X,y spatial coordinates, while A represents the
spectral dimension, see Figure 3 *'. Each pixel within the hypercube contains the high-resolution
spectrum reflecting the unique reflectance, transmittance, or absorbance properties of the material at
that specific spatial location *,
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Figure 3:Diagram representation of a hypercube with spatial dimensions (x,y) and the spectral dimension (). The hypercube
consists of a full spectrum for each spatial pixel. The right panel displays the spectrum of the top-right pixel, illustrating its
measured Raman intensity spectrum.

Raman spectroscopy is a non-destructive analytical technique used to identify molecular
structures by measuring the vibrational, rotational, and low-frequency modes of chemical bonds. It
illuminates a sample with a monochromatic laser source, the technique exploits the inelastic scattering
of light, wherein incident photons exchange energy with the molecular bonds of the target material.
All the possible vibrational modes of a molecule are a series of independent, fundamental vibrations,
named normal vibrations, which correspond to its vibrational frequency (v) **.

When monochromatic electromagnetic radiation interacts with a molecule, the vast majority of
photons undergo elastic Rayleigh scattering with no net energy loss (an absorption-emission phenome-
non). However, a smaller amount of photons experiences inelastic scattering by momentarily perturb-
ing the electron cloud to an unstable virtual energy state. This causes a net loss or gain in energy be-

tween the molecule and the photons, providing the basis for the Raman effect ***.

This inelastic exchange manifests in two distinct forms depending on the starting energy of the
molecule. In Stokes scattering, the incident photon transfers energy to the molecule, resulting in scat-
tered light of lower frequency and longer wavelength (lower energy than the incident beam), which
produces a positive Raman shift. Conversely, anti-Stokes scattering occurs when a photon absorbs
vibrational energy from an already excited molecule, yielding scattered light of higher frequency
(higher energy than the incident beam) and a negative Raman shift. The energy difference between the
incident photons and the scattered photons corresponds to the energy difference between the vibra-
tional ground state and the first excited vibrational state of the molecule. This energy difference is
quantified as the Raman shift, defined as the difference in frequency between the incident laser and the

inelastically scattered light, and is typically expressed in units of wavenumbers (cm™) **',

A unique, characteristic spectral fingerprint is generated by plotting the scattered photon inten-
sity as a function of the Raman shift. Each peak in the spectrum corresponds to a specific normal vi-
bration that induces a change in the molecular polarizability, enabling precise identification of func-
tional groups, chemical bond environments, and material phase changes. Furthermore, when combined
with HSI, the spectral dimension (A) of the hypercube maps the intensity of these inelastic scattering
events across a continuum of frequencies. This allows the system to generate high-resolution chemical
distribution, molecular orientation, and solid-state phase transitions within complex, heterogeneous
samples **%%,

In the last few decades, Raman spectroscopy has become an important analytical technique in
archaeometry and cultural heritage preservation, valued for its non-destructive and non-invasive
approach, a critical aspect when handling irreplaceable art and artifacts ******* The technique offers
exceptional versatility, enabling researchers to identify a vast array of both inorganic and organic
materials, including mineral pigments, ceramics, gemstones, metallic corrosion layers, and complex
organic binders. A major catalyst for its widespread adoption has been the development of portable,
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miniaturized instrumentation; these handheld devices allow for in-situ analysis directly within
museum galleries, outdoor excavation sites, or on architectural monuments, completely circumventing
the need for physical sampling or risky transportation. Raman analysis plays an important role in
determining artifact provenance, authentication, and ancient manufacturing techniques. Furthermore, it
offers diagnostic information regarding the deterioration of materials, guiding and improving

contemporary approaches to preservation and restoration ***,

Multi-block fusion

Multi-block analysis is a data fusion technique used to analyze complex datasets obtained
from multiple sources or distinct analytical techniques simultaneously. High-dimensional data
generated from the different sources originating from the sample have become increasingly popular,
especially in the domain of chemometrics. While traditional single block methods are restricted to
processing data from a single source, multi-block analysis are methods to merge multiple data
matrices generated from the same samples, such as combining different spectroscopic techniques or
combining different chemical measurements. By performing this integrated analysis, it is possible to
extract both the shared common and unique distinct information across all datasets. Ultimately, this
leads to improved data visualization, enhanced predictive performance in modeling, and a much
deeper comprehensive understanding of the process or sample being studied **’.

Methodologically, multi-block data fusion strategies are categorized into three distinct levels,
namely between measurement level fusion, feature level fusion, and decision level fusion commonly
referred to as low-level, mid-level, and high-level data fusion **. Low-level data fusion is the
simplest method, it is concatenating the data matrices into one single matrix *~'. It does not require
the application of any feature extraction or variable reduction technique . Depending on the
commonality of the data blocks, it is concatenated by directly placing the datasets next to the other or
coupling them across the variables **. Pre-processing is crucial for low-level data fusion to prevent
data blocks with different magnitudes from dominating one another *.

Mid-level data fusion involves first extracting the relevant features, then recombining the
extracted features into a new single matrix ¥°'. Instead of merging high-dimensional raw datasets
directly, dimensionality reduction or variable selection techniques such as Principal Component
Analysis (PCA), Partial Least Squares (PLS), or other feature selection algorithms are applied
independently to each data block. The most informative features, such as score vectors or selected key
variables, are then concatenated into a streamlined, lower-dimensional fused matrix. This strategy
effectively eliminates uninformative noise, mitigates the curse of dimensionality, and balances the
relative weight of distinct analytical blocks regardless of their original variable sizes. However, careful
optimization is required during the feature extraction stage to ensure that subtle yet critical information
is not inadvertently discarded prior to fusion *#*35!,

High-level fusion, also called decision level fusion, integrates the regression or classification
outcomes generated by separate, independent models built for each data block ', It is a technique
that is infrequently utilized in chemometrics field compared to low and mid-level data fusion methods
*_ Rather than combining raw variables or extracted features, individual predictive models are first
trained on their respective datasets to produce preliminary decisions values. These individual outputs
are then fused into a final consolidated decision using combination strategies such as weighted
averaging, majority voting, or Bayesian consensus. This approach is particularly advantageous when
dealing with highly heterogeneous data sources or distinct analytical techniques that require
specialized modeling architectures. Furthermore, high-level fusion offers strong robustness against
noise, as a poor-quality or failing data block can be easily down-weighted or excluded without
redesigning the overall workflow. However, a primary trade-off of this strategy is that it cannot

capture synergistic, cross-block variable interactions that might exist prior to the final decision stage
47-51



In this study, a specific alkoxysilane formulation was investigated composed of tetraethyl
orthosilicate (TEOS) used as the silica precursor doped with octanoic acid as the corrosion inhibitor.
The primary objective was to map the spatial distribution and penetration depth of the corrosion
inhibition treatment within the copper corrosion layer. Ideally, the TEOS would remain on the surface
while the octanoic acid penetrates deeper into the brochantite layer, reacting to form a uniformly
distributed copper octanoate phase. To assess this mechanism, the corrosion products and protective
treatment were analyzed using Raman spectroscopy with 473 nm and 532 nm laser sources. This dual-
wavelength excitation strategy leverages distinct spectral responses to enhance compound
identification, yielding a comprehensive, spatially resolved map of coating integration. Multi-block
data analysis methods were utilized to fuse both excitation wavelengths datasets, offering a holistic
model of the coating system to spatially resolve corrosion inhibition treatment.

2.1 Materials

2.1.1 Copper sample

The copper coupon sample was taken from the roof of Saint-Martin Church in Metz, France
with natural corrosion from around 100 years. This same sample was previously described in Lob et
al. 2024, Apchain et al. 2021, and Donnici et al. 2021 >***. The corrosion layer structure features con-
sist of an approximately 10 pm inner cuprite layer beneath a thicker (40-50 pum), porous outer
brochantite layer.

2.1.2 Corrosion Inhibition Formulation

The treatment synthesized in this study was a solution of tetraethyl orthosilicate (TEOS),
Si(OCHj3)4), octanoic acid (CsHi20-) as the corrosion inhibitor with water and isopropanol as solvent.
The TEOS/HC8/IprOH/H20 solution was prepared in a 1:4:12:4 molar ratio. Octanoic acid at 99%
purity and the TEOS at 98% purity used as silicon precursor were purchased from Sigma Aldrich. The
isopropanol at 99.9% purity was purchased from Merck.

2.1.3 Reference Compounds

Pure reference compounds of synthetic brochantite and copper octanoate were prepared for
Raman spectroscopy analysis. The synthesis followed the processes described by Kratschmer,
Wallinder & Leygraf 2002 and the Robinet method '**.

2.2 Software

Both Python and R were utilized for this study. In Python, data manipulation was performed
using Pandas and NumPy, while data visualization used Seaborn, Matplotlib, and Plotly. For data anal-
ysis, Scikit-learn and MVLearn were used in Python, alongside the R packages of Multiblock and
MBAnalysis >,

2.3 Sample Preparation

The sol-gel formulation was prepared in a 50 mL Eppendorf tube. At 50°C and with stirring at
800 rpm, 14 mL of octanoic acid was solubilized in 18 mL of isopropanol. Then, 5 mL of TEOS is
added to the mixture before adding 1.6 mL of water. The solution is stirred at 800 rpm at 30°C for 30
minutes after the addition of water.

The copper coupon treatment was carried out by dip-coating. This technique allows control of
the immersion and withdrawal speeds of the treated substrates in order to obtain homogeneous and
reproducible films for viscous substances. The copper coupon was immersed in the sol-gel solution for
one minute. After soaking the sample in the sol-gel formulation, the sample was immediately placed in
a desiccator under controlled conditions, 30°C temperature and 60% relative humidity. The sample
was kept in these conditions for one week in order to dry.



Tin foil was used to cover the coupon and prevent resin penetration into the brochantite poros-
ity. Then, the sample was embedded in resin and sectioned to expose the cross-section. Then mechani-
cally polished with silicon carbide to reveal the corrosion product layers while minimizing damage to
them. The samples are subsequently placed in an ultrasonic water bath for two minutes and dried in an
oven at 30°C for 24 hours.

2.4 Raman analysis

Micro-Raman spectroscopy analyses were conducted on the treated copper cross-sections us-
ing a Renishaw InVia spectrometer equipped with a Leica DMLM optical microscope. Spectral acqui-
sitions were performed using Renishaw Wire 3.4 software. Two successive mappings were carried out
over a 124 x 72 um area, using a 4 um step size to collect 1080 spectra per map. To ensure exact spa-
tial alignment between the datasets, the sample's position remained unchanged throughout both runs.
While both mappings used a x50 objective lens and an 1800 lines/mm diffraction grating, they differed
in their laser wavelength and specific acquisition parameters.

The first mapping utilized a 473 nm (blue) laser with a 10 s acquisition time. To prevent phase
transformations, a filter was applied to transmit only 5% of the light, keeping the laser power on the
sample below 120 uW. The second mapping was conducted using a 532 nm (green) laser with a 50 s
acquisition time. Here, the power was kept below 100 uW using a 1% transmission filter to similarly
avoid phase alterations. The reference spectra were acquired under the same conditions. The Raman
spectroscopy measurements of the copper coupon used two different laser excitations yielded two
three-dimensional spectral hypercubes. The dimensions of hypercube are expressed as H= (M x N x
L) the M and N represent x,y spatial coordinates, while A represents the spectral dimension *.

2.5 Data Pre-processing

Data pre-processing is broken up into two different stages. The first stage, consisting of the
intra-block pre-processing stage, operates independently on each individual data block prior to fusion
and encompasses Level I and Level II operations. Level I focuses on signal-level pre-processing such
as denoising, baseline drift correction, and scatter corrections remove physical or instrumental artifacts
specific to each measurement modality. Level II addresses intra-block scaling and centering to ensure
that variables within the same block contribute equitably regardless of their underlying scale. The sec-
ond stage consists of inter-block pre-processing (Level III), which operates across the integrated matri-
ces to equalize systemic differences between blocks. Level III employs strategies such as block vari-
ance scaling, block rank scaling, or block normalization to adjust for disparities in variable count,
block variance, and pseudo-rank, thereby preventing high-dimensional or large-variance blocks from

dominating the final data fusion model ****.

2.5.1 Intra-block pre-processing

Raw Raman spectra often contain unwanted noise, background signals, and artifacts that
should be removed to obtain useful information *°. One type of unwanted sharp signals are cosmic
spikes caused by high-energy cosmic rays from outer space hitting the detector *’. Software provided
by Renishaw enabled the removal of the cosmic spikes.

Then, background correction was performed to extract the true Raman peak intensities re-
quired for subsequent data processing. Asymmetric Least Squares (ALS) method was used for the
baseline estimation, leveraging the distinct frequency separation between positive Raman spectral
features and the underlying background. The ALS method creates a smooth baseline under experimen-
tal data. This equation works by balancing two factors; penalizing sharp changes via the second deriv-
ative to keep the curve smooth, and using asymmetric weights to properly adjust for data deviations.
Following background correction, Total peak area normalization was utilized due to its ability to cor-

0

rect global intensity variations while preserving the relative intensities across all spectral peaks *.
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Total peak area normalization calculates the percentage of each peak area relative to the total area of
all peaks .

2.5.2 Inter-block pre-processing

Pre-treatment of inter-block pre-processing of the data is aimed at equalizing differences
across different data blocks, such as variations in scales, pseudo-ranks, and the number of variables.
The x,y dimensions were equalized across both hypercube datasets. This step is critical because many
multi-block analysis methods naturally favor blocks with larger overall variations, which can lead to
model bias. In this study, six scaling techniques described in Campos & Reis 2020 (See Table 1) were
analyzed to prevent one block from dominating the model, ultimately improving model interpretation.
The different scaling methods produced a scaling factor K, that was divided by the blocks during pre-
processing to produce the scaled blocks. ****. The first category of scaling methods is simply known as
block-scaling methods that consist of soft-block scaling (SBS), hard-block scaling (HBS) and super
hard-block scaling (SHBS). These approaches uses the number of variables to calculate the scaling

factor. The second category of scaling uses the block standard deviation to calculate the scaling factor
54,55

Scaling Method Scaling Factor, K,

Soft-Block Scaling (SBS)

Hard-Block Scaling (HBS)

B
[N g |~ g ||~
n (]
=~ =~
. ~.

Super Hard-Block Scaling (SHBS) n
block i

g

Mplock
Soft-Block Variance Scaling (SBVS) =

]

Hard-BlockVariance Scaling (HBVS)

i+
2,

1
Super Hard-Block Varaince Scaling (SHBVS) Z p

Table 1: Inter-block scaling techniques used in this study described in Campos & Reis 2020 **
Nyl NUMber of variables in the block j (j =1... n).

o;: standard deviation of each block column (variable) (I=1... n).

2.6 Data Processing: Individual blocks

2.6.1 Individual Blocks: Maximum Spectral Intensity Heatmap

Firstly, the individual hypercubes (473 nm and 532 nm) were condensed into two-dimensional
spatial grids. This dimensionality reduction was achieved by extracting the maximum intensity value
at each spatial coordinate along the spectral dimension (A). This step collapsed the spectral, z-direction

10



dimension from hundreds of features down to a single feature (the maximum intensity value) and this

was performed separately before any unsupervised chemometric analysis **.

2.6.2 Individual Blocks: Principal Component Analysis

Secondly, Principal Component Analysis (PCA) was then conducted on the individual hyper-
cube, it is an unsupervised linear transformation technique used for dimensionality reduction. It
projects high-dimensional data onto a lower-dimensional subspace of orthogonal axes, known as prin-

cipal components, to maximize variance and minimize information loss *" .

Since PCA is conventionally applied to a two-dimensional matrix. Therefore, the three-dimen-

M>N>A \were first flattened into two-di-

sional 473 nm and 532 nm hyperspectral hypercubes, H € R
mensional matrices. Specifically, the spatial coordinates K = M x N were reshaped into a single array,
while the spectral dimension (L) was preserved. This unfolding process yielded a two-dimensional

data matrix, X e RX** sseoel,

Next, the flattened matrix was decomposed via Singular Value Decomposition (SVD), that
factorizes the data as X=UX V'. Where U € R* “represents the left-singular vectors, describing
the spatial coordinates in the orthogonalized space, ¥ € R®** contains the singular values, and
V e R"** contains the orthonormal right-singular vectors representing the spectral loadings. Dimen-
sionality reduction to k principal components (PCs) is achieved by extracting the first £ columns of V
to define the spectral loading matrix, P € R***, ensuring that the primary axes capture the maximum
variance expressed across the datasets. The spectral data was then projected onto this k-dimensional
subspace, yielding the score matrix, T € R*** computed as T = XP. Finally, spatial context was re-
stored by reshaping the K rows of the score matrix back into the original M x N spatial grid. This re-
construction process yields a dimensionally reduced hypercube of size M x N x £, reducing the num-

ber of features in the z-direction down to & 4 .

2.7 Data Processing: Multi-block Fusion Methods

Exploratory multi-block data analysis methods can be classified into two categories based on
how methods handle common and distinct information in the blocks. The first category comprises
methods that identify only the shared information among the different blocks, and then explore the
contribution of each block to these shared components. The second category comprises methods that
simultaneously extract both shared information and information specific to individual blocks .

Shared Components Analysis Only
2.7.1 Concatenated PCA (SUM PCA)

The most straightforward method for multi-block data fusion is concatenated PCA, commonly

referred to as SUM-PCA. In this method, individual flattened data blocks X, € R (473 nm block)
and X, € R (/532 nm block) are concatenated horizontally along their shared spatial dimension K
:[leXz} (S RKXU‘I-*—)\Z‘

quently applied to X4, following the procedure described in Section 2.6 for individual block pro-

to construct a unified fused matrix X , as shown in Figure 4. SVD is subse-

fused

cessing. This decomposition yields a global score matrix T, € Rka, which provides a spatial map

fuse:

representing shared chemical variations across both excitation wavelengths, and a global loading ma-

(A +2,) xk

trix, Py . € R . Finally, the global loading matrix is partitioned into block-specific sub-matri-

ces P, € R"* and P, e R** to evaluate spectral contributions and variable loadings from each

respective excitation wavelengths *!37404950
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Figure 4: Diagram illustrating SUM-PCA. The two data matrices (473 nm & 573 nm) are concatenated together to form a
new concatenated matrix. The matrices are fused together in the spatial dimension, elongating the spectral dimension.

2.7.2 Common Components and Specific Weight Analysis (ComDim / CCSWA)

ComDim, also known as Common Components and Specific Weight Analysis (CCSWA), is a
multi-block unsupervised method designed to identify shared features across multiple datasets. It oper-
ates by extracting global common components from the combined data space while simultaneously
calculating block-specific weights (saliences) for each individual data block. These weights quantify
the relative contribution or importance of each data source to each extracted dimension, allowing for a
clear evaluation of shared versus unique variance. In this study, ComDim is applied to identify com-
mon spatial trends (common scores) shared across the 473 nm and 532 nm spectral blocks, while si-
multaneously determining the specific weight contributed by each spectral block and the individual

wavelength contributions via block loadings ',

Mathematically, for each data block matrix X; an inter-pixel cross-product matrix is defined as
W=X,X IT e R""K, capturing the inherent variance and similarity structure within that block. To
extract a global common component, an iterative optimization procedure is performed. The block

weights W; are initially set to equal values, and a weighted global matrix W is constructed,
B

W= Z w,;W.. SVD is performed on W to extract its dominant eigenvector, establishing the global
i=1
common score vector, g € R¥**. The specific block weights are then updated by projecting q back
B

onto each block's cross-product matrix, |w,= q' W ,q| and normalizing them such that Z Wl-2: 1. The
i=1

updated weights are substituted back to reconstruct W, and this cycle repeats iteratively until the
scores and weights reach convergence. Upon convergence, the block loadings p: each block are calcu-
lated as, p,:(X iTq)/ (qTq). Once convergence is reached for a component, the global scores, block

loadings, and block weights are stored. To calculate subsequent dimensions, each data block matrix X;

is deflated by subtracting the variance explained by the current common component. The entire itera-
tive optimization process is then repeated on the deflated matrices until the designated number of com-
mon components has been extracted > .

2.7.3 Hierarchical PCA (H-PCA)

Hierarchical Principal Component Analysis (H-PCA) is an exploratory multi-block technique
designed to reveal covariant patterns both within and across multiple multivariate data matrices. Simi-
lar to ComDim/CCSWA, H-PCA models the 473 nm and 532 nm spectral blocks by capturing global
trend information while preserving block-specific contributions. However, unlike standard concate-
nated PCA or cross-product based methods, H-PCA constructs a hierarchical score-loading architec-
ture using an iterative procedure derived from the Nonlinear Iterative Partial Least Squares (NIPALS)
framework.

In the first stage, model parameters for a single component including block weights, block
scores, global weights, and global scores are computed iteratively. The algorithm initializes with an
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arbitrary normalized global score vector t e R*"". For each data block, individual block weight

globe

vectors w; € R"™*" are calculated by regressing the block features onto t, followed by normalization to
unit length. Individual block score vectors are subsequently derived as t;=X;w;. These block scores

are concatenated horizontally to form a super-score matrix, TSHPZ[tltZ...tB} e R**P. A super-

! is calculated to determine the relative importance of each block, and the

weight vector g € R®”
global score vector is updated as t=T,,q. This cycle is iterated until numerical convergence of t is
achieved. Upon convergence of a global component, block loading vectors p, € R™" are calculated

by regressing each block X onto the converged global score vector t via p,= X lT t/ (t Tt). In the second

stage, higher-order latent components are extracted through block-wise deflation. The variance ex-
plained by the current global component is removed from each data block using the rank update. The
iterative NIPALS algorithm is then repeated on the resulting residual matrices to extract subsequent
hierarchical principal components, providing a structured decomposition of common and block-spe-
cific variance across the excitation wavelengths ¢,

2.7.4 Multi-Block PCA (MB-PCA) / Consensus PCA (C-PCA)

Consensus PCA (C-PCA), often designated interchangeably with Multi-Block PCA (MB-
PCA), captures global spatial consensus while accounting for differences in total variance across
blocks. Operating under a NIPALS framework similar to H-PCA, C-PCA applies explicit block-scal -
ing constraints to ensure equal block representation. Given an initial global consensus score vector

, and block scores, {;=X; p, , are calculated

faone » normalized block loadings, p.= X/ Egion! ||X ! giob

for each block. To prevent high-variance blocks from dominating, block scores are normalized prior to

tit,...ts|. The consensus weight vector wy is calculated,

constructing the super-score matrix, T, =

and the global score vector is updated as ty,, =T, W, until convergence. Block deflation is per-

formed to sequentially extract orthogonal consensus dimensions %,

2.7.5 Multiple Co-Inertia Analysis (MCOA)

Multiple Co-Inertia Analysis (MCOA) provides an exploratory multiblock integration frame-
work that maximizes co-inertia (covariance) across diverse data tables measured on identical samples.
The MCOA algorithm proceeds through two stages. First, single-table ordination via independent stan-
dard PCA is performed on each preprocessed block X;. Second, MCOA constructs a common syn-
thetic reference vector g € R™*! by maximizing the sum of squared co-inertias between q and the
individual block score projections t;= X, p;. Unlike MB-PCA and H-PCA, MCOA performs deflation
on individual block loadings rather than on the global score space, preserving complementary and
orthogonal block information across higher dimensions 7,

2.7.6 Multi-Factor Analysis (MFA)

Multiple Factor Analysis (MFA) is tailored to integrate multiple data blocks measured on
identical observations by balancing the influence of each block. In the first stage of MFA, individual

standard PCAs are performed independently on each centered data block X, € R to determine its

first singular value 0, ; , which normalizes the maximum directional variance of each block to 1 and
prevents larger spectral blocks from dominating the model. In the second stage, all normalized blocks

are concatenated horizontally into a grand matrix, X=X : X ;X *B and subjected to a global

unweighted PCA. MFA extracts global compromise factor scores Twmra and partial factor scores,
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T.=B-X ?Pi’MFA by projecting individual normalized blocks onto the compromise space, enabling

direct evaluation of commonalities and discrepancies %,

Shared and Distinct Component Analysis

2.7.7 Distinct and Common Simultaneous Component Analysis (DISCO-SCA)

Distinct and Common Simultaneous Component Analysis (DISCO-SCA) explicitly separates
shared variations across all blocks from distinct variations specific to individual blocks. In the first
step, Simultaneous Component Analysis (SCA) is performed on the concatenated data matrix

Xipsed=| X1 X5 .. Xg|=T P! _,+E, yielding unrotated global score (T) and loading (Ppsed) matrices.

fused

Because standard SCA components contain mixed common and unique signals, the second step ap-

k*k The rotated loadings P, = Pjeq R are rotated

plies an orthogonal target rotation matrix R € R
toward a predefined target pattern Py containing fixed zero constraints for distinct blocks and non-
zero entries for common blocks. The corresponding scores are updated as T,,,=TR, providing an in-

terpretable structural separation of joint and block-unique chemical signals %%

2.7.8 Angle-based Joint Individual and Variance Explained

Angle-based Joint and Individual Variation Explained (AJIVE) is an analysis technique de-
signed to separate shared (joint) variations across multiple datasets from the unique (individual) varia-
tions inherent to each specific data block. Unlike standard PCA which evaluates data blocks in isola-
tion, AJIVE explicitly decomposes each input data X, into three additive components. A joint signal
matrix J, a block individual signal matrix I}, and a residual noise matrix E,. For the dual-excitation
Raman imaging analysis involving flattened matrices from the 473 nm X, and 532 nm X, laser excita-
tions, this decomposition is expressed as:

X,=J,+1,+E, and X,=J,+I,+E,

Where X, € R* represents the dataset for block £, consisting of K common spatial pixels and A,
spectral variables. In this framework, J, € RKXA, captures common spatial-spectral patterns shared
across both excitation wavelengths, I, € R captures unique spectral behavior specific to a single

wavelength, and E, € R""* accounts unmodeled residual noise.

To achieve this decomposition efficiently, AJIVE employs a two-stage spectral approach
based on the geometric principal angles between the spatial (row score) subspaces of the data matrices.
First, SVD is applied independently to each column-centered and scaled block. Based on initial rank
selection criteria, low-rank approximations with ranks »; and r, are extracted to yield the dominant
spatial score matrices U, € R and U,e R"”" To evaluate spatial alignment, these score matri-

Kx{r+r,)

ces are concatenated horizontally to form a combined matrix, M :[Ulel ER . A second

SVD is then performed on M, yielding singular values d; that directly relate to the principal angles 6
= across (d;) between the row spaces. Principal angles close to 0° indicate shared spatial patterns (joint
signals), whereas angles approaching 90° represent orthogonal patterns unique to an individual block,
enabling a robust statistical separation of joint and individual variation 7',

2.8 Summary of Methods & Procedures

Overall, the procedure of the methods used in this study can be summarized in Figure 5, de-
scribing the process that the analyses were conducted. In summary, the copper coupons were prepared,
and analyzed using Renishaw InVia Raman spectrometer. Then, the raw Raman data underwent intra-
block pre-processing. Either the two data blocks underwent inter-block data pre-processing for multi-
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block exploratory techniques or PCA was applied to the individual blocks separately as the final step.
After inter-block data pre-processing was applied the different multi-blocks methods (ex: SUM-PCA,
ComDim, AJIVE etc.) were applied to the Raman datasets as the final step in this procedure.

Figure 5: Flowchart describing the process which the proceeding
methods were conducted in this study.

3. Results
3.1 Results of the Individual Blocks

3.1.1 Reference Spectrum

The reference spectra of brochantite, copper octanoate, cuprite, octanoic acid and TEOS from
the 473 nm laser are shown in Figure 6. Notably, brochantite spectrum has the intense, sharp peak at
973 cm that corresponds to previously studied Raman spectra of brochantite in Bouchard & Smith
2003, Fan et al. 2020 and Valadas et al. 2015 ***. This peak at 973 cm™ is indicative of the symmetric
stretching vibration of the sulfate present in brochantite **. The brochantite spectrum also has a dense
cluster of smaller peaks at 194, 242, 318, 391, 481, 596, 608, 1076, 1100, and 1128 cm™. The peaks at
1076, 1100, and 1128 cm™ are characterized by the anti-symmetric stretching mode of the sulfate in
brochantite *. The cluster of smaller peaks from ~100cm™ to ~600cm™ is the distinct fingerprint region
associate with Raman spectroscopy of brochantite, but are difficult to assign to specific structural
features ***°. The most intense peak for copper octanoate is a broad peak intensity at 2884 cm™' this
corresponds to the stretching vibration mode of -CH» or -CHj3 groups in the alkyl chain of the copper
octanoate *°. There is also minor, narrow peak at 1448 cm™ corresponding to the scissoring and
twisting mode of -CH, or -CH; groups in the alkyl chain of the copper octanoate *’.

The cuprite spectrum has peaks at 212, 512, 642 cm™ corresponding to cuprite previously
described literature values of 218, 495, and 638 cm™ *****°_ Previous Raman studies of cuprite reported
the 212 cm™ to be the most intense, but in our study the 642 cm™ was the most intense peak, and
second more intense peak being at 212 cm™. This could be caused by the differences in the

experimental conditions during Raman analysis *****°.

The reference spectrum of the octanoic acid shows a broad, intense peak at 2932 cm™ this
corresponds to the stretching vibration mode of -CH, or -CHj3 groups in the alkyl chain similar to the
copper octanoate. There are minor peaks at 1302 and 1443 cm™, these peaks correspond to scissoring
and twisting mode of -CH, or -CH; groups in the alkyl chain *’. The TEOS spectrum was noisy, and
the distinct peak from this spectrum corresponds to 2924 cm™. This peak can be assigned to the
stretching vibrations of the -CH bonds present, and Gnyba et al. 2003 showed the presence of this
peak in their study ****',
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Figure 6: The reference spectra for brochantite, copper octanoate, cuprite, octanoic acid and TEOS from the 473 nm
(“blue”) laser.

The reference spectra of brochantite, copper octanoate, cuprite, and TEOS from the 532 nm
laser are shown in Figure 7. The brochantite spectrum for the green laser is very similar for the blue
laser; there is a sharp, intense peak at 974 cm™ with minor peaks in the brochantite fingerprint region
at 140, 200, 392, 486, 597, and 611 cm™. The copper octanoate spectrum has broad peak intensity at
2884 cm™ the same the blue reference spectrum. Copper octanoate has minor, moderate peaks at 111,
202, 260, 324, 374, 458, 670, 1065, 1117, 1299, 1450 cm™'; these minor peaks from ~0 to ~1500 cm™
are caused by the alkyl hydrocarbon chain present on the copper octanoate *’. The cuprite green
reference spectrum is noisy. Cuprite has a distinct peak at 111, 152, 219, 558 and 656 cm
corresponding to previously described literatures values ****. It is important to note the unique peak
compositional layout for cuprite, it has a strong signal at the beginning of the spectrum at ~100, that is
followed by peaks at 558 and 656 c¢cm™, this peak composition is similar to the 473 nm reference
spectrum.

The reference spectrum for the octanoic acid shows a broad, intense peak at 2932 cm™ similar
to the 473 nm reference spectrum. There are other minor peaks present at 558, 1084, 1117, 1307,
1441, 2454 ¢cm™ from the other vibrational stretching modes on the alkyl chain *’. The reference
spectrum TEOS was noisy; there are distinct peaks at 484, 983, 2933 cm™. The peaks 484 and 983 cm’
' correspond to the stretching of the Si-O bonds, and the peak at 2933 ¢m™ corresponds to the -CH
bonds present *’***!, Based off the data from the two-reference spectrum, it appears the 532 nm laser
produces stronger responses from the alkyl chain than the 473 nm laser based off the data from
reference spectrum.
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Figure 7: The reference spectra for brochantite, copper octanoate, cuprite, octanoic acid, and TEOS from the 532 nm

(“green”) laser.

3.1.2 Hypercube structure individual blocks

The dimensions for the 473 nm block are 1052 x 1052 x 1433, and the dimensions for the 532
nm block are 1052 x 1052 x 1944.

3.1.3 Results of the maximum intensity of the individual blocks

The maximum spectra intensity maps of the individual blocks were analyzed. Figure 8 shows
the maximum-intensity hyperspectral heatmaps and the corresponding Raman spectra intensity graphs
for the individual blocks. The maximum-intensity hyperspectral heatmaps were constructed by taking
the maximum intensity present in the A dimension corresponding to the spatial coordinates, (M x N).

Some structural information of the corrosion layer can be determined in the 473 nm heatmap,
while very little structural information can be determined in the 532 nm heatmap as shown in Figure
8A and Figure 8D. The 473 nm heatmap in Figure 8A shows minor intensity difference throughout the
heatmap. But it is difficult to determine the precise compounds from this heatmap due to the
overlapping, superimposed spectra in the corresponding Raman spectra plot. The 532 nm heatmap
shown in Figure 8C is mostly homogenous for intensity, showing only a little intense area in the
corrosion layer.
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Intensity vs Wavenumbers, 532 nm
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Figure 8: The maximum-intensity heatmaps and the corresponding Raman spectra intensity graphs for the two laser
wavelengths. The top-left (A1) image is the heatmap of the 473 nm laser and the top-right (B) image is Raman spectra
intensity graph for the 473 nm laser. The bottom-left (C) image is the hyperspectral heatmap graph for the 532 nm laser and
the bottom-right (D) image is Raman spectra intensity graph for the 532 nm laser. Figure 8B and Figure 8D are the spectra
for each pixel superimposed upon one another. The intensity scale is the relative intensity for each heatmap, and x,y axis
corresponds to the internal positional coordinates of the spectrometer.

In both hyperspectral heatmaps there is an area of high intensity as highlighted in Figure 9.
This area is believed to be contamination of silicon carbide from the sample preparation polishing
process, not a component of the corrosion layers or the coating. This contamination is present in all
subsequent analyzes conducted in this study.
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Figure 9: The contamination present in the sample, highlighted on the hyperspectral heatmap from the 473 nm block
heatmap. The contamination is from the polishing procedure during sample preparation, and not a component of the
corrosion layers or the coating.

3.1.4 Results of PCA applied to individual blocks

SVD was conducted to evaluate the optimal number of PCs for data processing, the
corresponding scree plots for both blocks are shown in Figure 10. PCA was subsequently applied to
each individual block to identify orthogonal directions of maximum variance within the data.
Crucially, since principal components are linear combinations of the original variables rather than
chemical components, PCA does not perform spectral unmixing. Consequently, a single PC loading
can contain Raman bands from multiple phases, particularly when the variances of those phases are
correlated. For the 473 nm dataset, the first six PCs captured 97.61% of the explained variance,
whereas for the 532 nm laser block, six PCs captured 95.83%. The 473 nm Raman laser dataset
retained a higher percentage of explained variance within the first six PCs compared to the 532 nm
dataset. Notably, for both datasets, the second PC captures the variance associated with silicon carbide
(SiC) contamination introduced during the sample preparation process, as highlighted in Figure 9.
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Figure 10: Scree plots for both individual blocks. On the left (4) is the scree corresponding to the blue data set, and on the
right (B) is the scree plot for the green data set. The y-axis is the eigenvalues (“the explained variance”) and the x-axis is the
principal components amount. The first eight principal components are labeled with their corresponding values. The first 20

PC were calculated to highlight the convergence in the scree plots.

Results of PCA applied to the 473 nm block

PC1 for this block is shown in Figure 11 with the heatmap and the corresponding loadings
spectrum graph. This PC represents for 58.36% of the explained variance in the data set. A broad,
intense peak is observed at 2885 c¢cm™, which corresponds to the octanoic acid that is present in the
sample as compared to the reference spectra in section, 3.1.1 Reference Spectrum. The areas in the
with highest intensity expressed in the heatmap for Figure 11A would correspond to this peak from
spectrum loadings graph for these chemical constituents. Also, there is a minor, sharp peak of
brochantite at 974 ¢cm™. The areas of intermediate intensity displayed in the Figure 11A heatmap
correspond to the brochantite peak identified in the spectral loadings graph.
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Figure 11: PCI for the 473 nm “blue” block with the heatmap on the left and the loading spectrum (B) on the right. The
intensity scale (4) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of
the spectrometer.

PC2 is illustrated with its heatmap and the corresponding loadings spectrum graph. This PC
represents 16.25% of the explained variance. This PC represents the silicon carbide (SiC) as shown in
Figure 9 from the mechanical polishing during sample preparation. There are two distinct peaks at 789
cm™” and 961 ¢cm’, these peaks correspond to SiC values described in Nakashima et al. 2003, and
Nakashima and Harima 1997 #%.

19



PC2

0.0015

473 nm Heatmap for PC2

0.0010
—26380

S|
Intensity

e 0.0005

—26420

A —6800 —6750 —6700 —6650 —6600 0.0000

~0.0005

500 1000 1500 2000 2500 3000
B Wavenumbers (cm-)

Figure 12: PC2 for the 473 nm “blue” block with the heatmap (4) and the loading spectrum graph (B). This PC display the
containment of silicon carbide present in the sample, in the area of greatest intensity on the heatmap. The intensity scale (4)
is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of the spectrometer.

PC3 is shown in Figure 13 with the heatmap and the corresponding loadings intensity graph.
This PC represents the 12.94% of the explained variance in this data set. Sharp peak spikes appear at
218, 645, 786 cm™'. These features represent cuprite in the sample. However, while the peak locations
are similar. Its distribution on the heatmap aligns with the expected location of cuprite. As shown in
Appendix Figure 30, the bottom portion of the image represents the copper substrate, proceeding
upward through cuprite, brochantite, and finally the mounting resin.
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Figure 13: PC3 for the 473 nm “blue” block with the heatmap (A) and the loading spectrum graph (B). The intensity scale
(A4) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of the
spectrometer.

PC4 is shown in Figure 14 and represents 6.54% of the explained variance. This PC is
characterized by a sharp peak at 985 cm™ that corresponds to the profile of brochantite. On the
heatmap, the areas of highest intensity correspond directly to the distribution of brochantite.
Additionally, there are also peak intensities at 1079, 1099, 1129 ¢m™, that forms a triplet structure that
matches the reference brochantite spectrum immediately following the sharp 985 cm™ peak ».
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Figure 14: PC4 for the 473 nm “blue” block with the hyperspectral heatmap (4) and the loading spectrum graph (B). The
intensity scale (A) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of
the spectrometer.

PCS5 is shown in Figure 15 with the heatmap and the corresponding loadings spectrum graph.
This PC represents the 2.15% of the explained variance in this data set. The loadings spectrum graph
for this PC is noisy and difficult to extract peaks as the baseline breakdown. Some structural
components can be identified in the areas of increased intensity, but it is difficult to identify these
areas due to the noise of the intensity graph. Subsequent PCs were not evaluated due to diminishing
results.
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Figure 15: PCS5 for the 473 nm “blue” block with the heatmap (A) and the loading spectrum graph (B). The intensity scale
(4) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of the
spectrometer.

Results of PCA applied to the 532 nm block

PC1 for this shown in Figure 16 with the heatmap and the corresponding loading spectrum
graph. The loadings spectrum shows a strong, sharp peak intensity at 973 ¢cm™ that is indicative of
brochantite, alongside a moderate, broad peak at 2883 cm™ indicative of copper octanoate. The
heatmap shown in Figure 16A shows a thick layer of brochantite, along the octanoate acid/copper
octanoate present in the sample this corresponds visually to the micrograph in appendix Figure 30.
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Figure 16: PCI1 for the 532 nm block with the hyperspectral heatmap on the left and the loadings intensity graph on the
right. The intensity scale (A) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional
coordinates of the spectrometer.

PC2 is illustrated in Figure 17, this PC accounts for 22.94% of the explained variance. It
represents the SiC contamination from mechanical polishing. Sharp, intense peaks at 791 and 970 cm™!
correspond to the previously described SiC features seen in Figure 9 and Figure 12.
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Figure 17: PC2 for the 532 nm “green” block with the heatmap (4) and the loading spectrum graph (B). This PC display the
containment of silicon carbide present in the sample, in the area of greatest intensity on the heatmap. The intensity scale (4)
is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of the spectrometer.

PC3 is shown in Figure 18 with the heatmap and the corresponding loadings intensity graph,
this PC represents 18.70% of the explained variance. There is a strong, sharp peak at 973 ¢cm™ that
matches reference data for brochantite. The spatial distribution in the heatmap aligns with expected
location of brochantite, closely aligned with the results of PC1 in Figure 16, and matching the
micrograph in appendix Figure 30.
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Figure 18: : PC3 for the 532 nm “green’ block with the heatmap (A) and the loadings intensity graph (B). The intensity
scale (A) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of the
spectrometer.
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PC4 is illustrated in Figure 19 with the heatmap and the corresponding loadings spectrum
graph, and representing 10.78% of the explained variance. A broad peak at 2888 cm™ represents the
alkyl chains of the copper octanoate from the corrosion inhibition treatment. While sharp peaks at 221
and 790 cm™ potentially represent alternative vibrational modes of these alkyl chains from the
corrosion inhibition treatment. A prominent feature is the intense signal at the start of the spectrum
(~99 cm™), followed by a cluster of smaller peaks at 417, 478, 539, and 639 cm™. This composition
closely corresponds with the 532 nm reference spectrum for cuprite, suggesting its presence in the
sample, but its signal intensity is mixed with the signal from the corrosion inhibition treatment making
its precise identification difficult.
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Figure 19: PC4 for the 532 nm “green” block with the heatmap (4) and the loadings intensity graph (B). The intensity scale
(A4) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of the
spectrometer.

PCS5 is shown in Figure 20 with the heatmap and the corresponding loadings spectrum graph,
representing 3.40% of the explained variance. There is a broad signal peak at 1536 ¢cm™ representing
amorphous carbon, and corresponds to other described literature for amorphous carbon **. The
baseline does breakdown in this PC, and there is noise present, preventing further structural
information from being obtained, besides the presence of amorphous carbon. But this baseline
breakdown and noise does hinder the presence and signal of the amorphous carbon.
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Figure 20: PCS for the 532 nm “green’ block with the heatmap (A) and the loadings intensity graph (B). The intensity scale
(A4) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of the

spectrometer.

PC6 is shown in Figure 21 with the heatmap and the corresponding loadings spectrum graph,
and representing 1.66% of the explained variance. There are major, sharp intense peaks at 225 cm and
646 cm. While the loadings spectrum graph in Figure 21B preserves the baseline and remains mostly
unaffected by noise, little structural information can be obtained from this PC. The peak present in
Figure 21B do not correspond to the 532 nm reference spectra. This makes chemical identification in
corrosion layers difficult. It could be extrapolated that the high-intensity areas correspond to cuprite
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based on their approximate locations; however, the observed peak intensities and composition are
inconsistent with standard cuprite profiles.

PC6

0.0003
532 nm Heatmap for PC6 0.0002
- .. ‘ \. 0.010 0o
—26380 —_— "
» - 2 § 00000
= . ¢ 0.000 & 2
SR R
— - — -0.005 -0.0001
-26420 e o, (e "" Ys
bl : T 3 Y ha
A 6800 —-6750 —-6700 —6650 —6600 ~0.0002
~0.0003

] 500 1000 1500 2000 2500 3000
B Wavenumbers (cm-)

Figure 21: PC6 for the 532 nm “green” block with the heatmap (4) and the loadings spectrum graph (B). The intensity scale

(A4) is the relative intensity for the heatmap, and x,y axis corresponds to the internal positional coordinates of the
spectrometer.

3.2 Results of the multi-block fusion

3.2.1 Results of the inter-block scaling

Inter-block scaling techniques between the two datasets were explored based on methods
described by Campos & Reis *. These scaling techniques were evaluated using the SUM-PCA multi-
block method, and compared against non-scaled data. Table 2 shows the total explained variance for
the first PC1-6, along with their combined average value and its standard deviation. The remarkably
low standard deviation is 0.00108 indicating that the choice of scaling technique does not significantly
alter the multi-block results. Based off our comparative analysis scaling techniques for SUM-PCA, the
other subsequent multi-block techniques were conducted using non-scaled data, SBS, and SBSV
scaled data

Table 2: Comparison of the non-scaled versus scaling techniques using the first six principal components.

Principal Component # | No Scaling SBS HBS SHBS SBSV | HBVS | SHBVS | Average | Standard Deviation

PCl1-6 0.9146 09148 | 09151 | 09170 | 0.9147 | 0.9149 | 09170 0.9154 0.00108

The heatmaps for PC1 are illustrated in Figure 18, comparing the non-scaled data against the
SHBS and SBS scaling methodologies. Upon visual inspection, the PC1 profiles across all three
preprocessing methods exhibit identical characteristics along their corresponding loadings spectra.
This indicates that the choice of scaling method does not influence the model for this study and multi-
block method, further validating the results from Table 2.
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Figure 22: PCI heatmaps for non-scaled (A), HBS (B), SHBS (C) scaled data. These are together to highlight that different
scaling techniques produces similar results for the heatmaps and loading spectra indicating that scaling does not affect the
results of these data sets.

3.2.2 Results of SUM-PCA

The SUM-PCA method only considers the shared components within each block, the
corresponding scree plot is shown in Figure 23. While the first six PCs account for 91.46% of the
cumulative explained variance, only four PC were usable for the objectives of this study. As
previously discussed, and shown in Table 2 scaling does not greatly affect the results of this method.
The explained variance is lower for SUM-PCA, 91.46%, when compared in the individual 473 nm,
97.61%, block and the 532 nm block, 95.83% as shown in Figure 10. This decrease in the explained
variance stems from the mathematical constraints imposed by forcing both data blocks into a shared
subspace. Which prevents the algorithm from perfectly optimizing for each block's each individual
variance. Since SUM-PCA is only optimizing for the shared, global components, it represents a
compromise between both datasets; any unshared block variance deflates the cumulative explained
variance.
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Figure 23: SUM-PCA scree plot for non-scaled data.

PC1 is shown in Figure 24Figure 24 for SUM-PCA, represents 43.12% of the explained
variance. In the 473 nm component, the most prominent feature is a broad peak at 2885 cm™ with a
secondary sharp peak at 974 cm™. The most prominent feature in the 532 nm component is dominated
by the sharp 974 cm™ peak, with the broad 2882 cm™ peak acting as a secondary feature. The 974
cm™ peak represents brochantite, while the peaks at 2885 and 2882 cm™ represent from the alkyl
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chains of copper octanoate from the corrosion inhibition treatment. The co-existence of these signals is
captured in the heatmap (Figure 24A), where regions of maximum intensity highlight the interaction
zones between the corrosion inhibition treatment and the brochantite substrate.

The two signals from each block (473 nm & 532 nm) component are reflected in the
corresponding heatmap shown in Figure 24A. Since the most intense peaks are in this PC are the
brochantite and copper octanoate, the areas with the greatest intensity represent the combined
contributions of both the copper octanoate and brochantite. Since, during the treatment of the copper
coupon, the TEOS gel remains on the surface while the octanoic acid penetrates and reacts with
brochantite to form copper octanoate. When looking at the heatmap in Figure 24A, the TEOS coating
is on the outer most section of the brochantite forming copper octanoate. It appears the octanoic acid is
penetrating deeper into the brochantite, and reacting with the brochantite to form copper octanoate. It
can be extrapolated that the corrosion inhibition treatment is not uniformly present on the outermost
section of the brochantite. Since, the areas of greatest intensity are not uniformly present, and these
areas represent the combined contributions of both the copper octanoate/octanoate acid and
brochantite. This is not ideal; the ideal scenario would be a uniform presence of the corrosion
inhibition treatment throughout brochantite layer. The heatmap does show some deeper, uniform
presence of the corrosion inhibition treatment coating into brochantite layer.
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Figure 24: PCI1 heatmap (A) and the loadings intensity graph (B) for SUM-PCA. Non-scaled data

The excitation responses, as shown in Figure 24B, of identical chemical exhibit distinct
variations when comparing the 473 nm and 532 nm lasers. Specifically, excitation at 473 nm yields a
significantly more pronounced response to the alkyl functional groups present in TEOS, copper
octanoate, and octanoic acid than does the 532 nm source. Conversely, the 532 nm laser demonstrates
a stronger excitation response to brochantite compared to the 473 nm laser.

PC3 for SUM-PCA is illustrated in Figure 25, accounts for 18.96% of the explained variance.
Strong, sharp peaks appear at 972 cm™ (473 nm block) and 974 cm™ (532 nm block), confirming a
robust brochantite response that is visibly stronger under 532 nm excitation. The corresponding
heatmap maps the distribution of this brochantite phase. Negative features at 2881 and 2891 cm™
correspond to the alkyl groups of the copper octanoate, complemented by overlapping negative bands
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at 777 and 787 cm™ that likely represent alternative alkyl vibrational modes. Consequently, the areas
of lowest intensity in this heatmap effectively track the other locations of the gel coating, and copper
octanoate.
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Figure 25: PC3 heatmap (4) and the loadings intensity graph (B) for SUM-PCA. Non-scaled data

PC4 is shown in Figure 26 for SUM-PCA representing 8.91% of the explained variance, and
provides insight regarding the presence of cuprite distribution. The 473 nm spectrum shows sharp
peaks at 210 and 650 cm™, while the 532 nm spectrum exhibits a characteristic low-wavenumber
feature near 100 cm™', followed by peaks at 223, 630, and 785 cm™. The areas of maximum intensity
match where cuprite (Figure 26A) is expected; however, the data does not show a continuous, well-
defined layer of cuprite beneath the brochantite, but rather isolated, fragmented pockets. Notably, the
most intense peak for 473 nm spectrum is at 650 cm™ and the most intense peak for the 532 nm
spectrum was at ~100 cm™.
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Figure 26: PC4 heatmap (A) and the loadings intensity graph (B) for SUM-PCA. Non-scaled data.

PCS5 did not yield any useful information regarding the chemical distribution. PC6 accounts
for 3.64% of the explained variance and could represent the location of cuprite, (Figure 27). The 473
nm spectrum in Figure 27B aligns with the cuprite reference spectrum (Figure 6). The 532 nm
spectrum has a broad peak intensity at 1558 cm™ corresponding to amorphous carbon present. High
intensity areas in this heatmap (Figure 27A) could denote either cuprite or amorphous carbon.

Heatmap for PC6, SUM-PCA

—26380 0.01 >
@
=

—26400 0.00 2
£

—26420

Loadings for PC6
473 nm PC6 532 nm PC6
3
E soom0 }\l]\/ } \Ar AV/\V‘ A ’\” (JV__J\ \/f\ .M/ \v A
—0.0002 } 1

B 500 1000 1500 2000 2500 3000 500 1000 1500 2000 2500 3000
; W »

Figure 27: PC6 heatmap (A) and the loadings intensity graph (B) for SUM-PCA. Non-scaled data.

3.2.3 Results for AJIVE

The AJIVE method segregates the data into shared, joint and individual, block-specific
variations. These unique features are expressed in heatmaps corresponding to their original data block.
The two data blocks were found to have a joint score of zero, indicating the datasets within each block
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do not share any common features. This is further supported by canonical correlation analysis (CCA),
the calculated coefficient of determination, R?, had a value of zero; indicating the two blocks do not
have common features. Notably, AJIVE does not rank components strictly by variance in a scree plot
because it structurally decomposes the data into independent shared and individual spaces, unlike
traditional PCA which relies on a single variance metric *.

The first AJIVE component is similar to PC1 of SUM-PCA and individual block models. For
the 473 nm component, the primary feature remains the broad alkyl chain peak at 2885 cm™ possibly
from the copper octanoate. For the 532 nm component, the brochantite peak at 974 cm™ dominates.
Similar for SUM-PCA results in Figure 24B, the results in Figure 28C compared to the 532 nm laser,
the 473 nm excitation laser elicits a stronger response from chemical components containing alkyl
functional groups. Conversely, the 532 nm laser elicits a stronger response toward brochantite than the
473 nm laser.

By comparing these two distinct heatmaps (Figure 28A & Figure 28B) provides a clear picture
of how the corrosion inhibition treatment is distributed within the brochantite layer. Since the areas of
greatest intensity in the 473 nm component represent the inhibition treatment, and the areas of greatest
intensity for the 532 nm component represent the brochantite. It can be extrapolated the estimated
location that the corrosion inhibition treatment is located in the sample. The individual heatmaps show
that the corrosion inhibition treatment is located the outermost boundary of the brochantite layer.
While there is some penetration of the octanoic acid into the brochantite layer forming copper
octanoate, but suffers from a non-uniform distribution and limited penetration into the brochantite.
The non-uniform distribution of the protective treatment within the brochantite might likely arise from
the porous structure of the brochantite, which unevenly channels the diffusing octanoic acid as it reacts
to yield copper octanoate. This non-uniform distribution could also be caused by polarities differences
between the brochantite and octanoic acid.
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Figure 28: The first component for AJIVE for the 473 nm component heatmap (A), the 532 nm component, and the intensity
spectra graphs (C).

The third AJIVE component (Figure 29) reflects the individual block PCA results for PC3
(Figure 13 and Figure 18) . The 473 nm spectrum displays sharp cuprite markers at 215, 645, and 786
cm™'. Notably, the heatmap in Figure 29A closely resembles the individual 473 nm PC3 heatmap in
Figure 13A, though their intensities are inverted; the AJIVE 473 nm component exhibits negative
spectral loading peaks, whereas Figure 13B displays positive loading peaks. While the 532 nm
spectrum characterizes the brochantite at 975 cm™, and moderate negative peak at 2883 cm™ that
represents alkyl groups on from copper octanoate. But this signal overlaps with other negative in the
532 nm that prevents good identification of the corrosion inhibition treatment present.

30



SBS, 473 nm AJIVE Component 3

0.00

ty

—-0.05 "

Intensi

-0.10

—-0.15

SBS, 532 nm AJIVE Component 3
T
e .‘ - ' li

] '.‘.If.“

0.05

0.00

|

o

[=)

(%]
Intensity

|
o
i
o

T T T T T
B —6800 —6750 —6700 —6650 —6600

AJIVE SBS Signal # 3 - 473 nm Group AJIVE SBS Signal # 3 - 532 nm Group

0.2

0.1

0.0

Intensity

500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000
‘Wavenumbers (cm”-1) ‘Wavenumbers (cm~-1)

Figure 29: The third component for AJIVE for the 473 nm component heatmap (4), the 532 nm component, and the intensity
spectra graphs (C)

Overall, the AJIVE method results are similar with the individual block PCA analyses
discussed in Section 3.1.4. There are slight differences in the spectrum from the spectra of AJIVE and
individual block PCA such as the inverse spectrum shown in Figure 29A compared to Figure 13B.

Table 3 is a summary of the different multi-block techniques evaluated in this study. The
methods are differentiated by whether they utilize only shared features or both shared and unique
features. The output type indicates whether the method generates joint heatmaps or individual block
heatmaps. Out of six calculated components, the number of meaningful components is listed alongside
the specific chemical constituents identified by each technique. Overall, the majority of the methods
yielded similar results to SUM-PCA methods expect for the AJIVE method. Notably, both the 473 nm
and 532 nm reference spectra for both copper octanoate and octanoic acid had broad peaks present at
2884, 2932 cm™, 2884, and 2925 cm™' respectively. This similar peak location and structure can make
identification between the two compounds, possibly the copper octanoate identified could be identified
as octanoic acid due the two spectrum being very similar.
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Shared Com- Joint or Individual The number of compo- Chemical constituents
isti il ividu: i itu
Multi-block Method | ponents Analy- Shared & Distinet Heatma nents useful out of six Identified
sis Only Component P components
Analysis
brochantite, copper oc-
SUM-PCA v Joint Heatmap 4 tanoate, cuprite, octanoic
acid,
brochantite, copper oc-
ComDim v Joint Heatmap 4 tanoate, cuprite, octanoic
acid
brochantite, copper oc-
H-PCA v Joint Heatmap 4 tanoate, cuprite, octanoic
acid
brochantite, copper oc-
CPCA v Joint Heatmap 4 tanoate, cuprite, octanoic
acid
brochantite, copper oc-
MOCA v Joint Heatmap 4 tanoate, cuprite, octanoic
acid
brochantite, copper oc-
MFA v Joint Heatmap 4 tanoate, cuprite, octanoic
acid
brochantite, copper oc-
DISCO-SCA v Joint Heatmap 4 tanoate, cuprite, octanoic
acid
brochantite, copper oc-
AJIVE v Individual Heatmap 2 tanoate, cuprite, octanoic
acid

Table 3: Table outlining the different multi-block techniques used in this study. The different methods are differentiated if it
utilizes only shared feature or shared & unique features in its calculation. The methods are listed if the results produce a
Jjoint, overlaid heatmap of the two blocks or individual heatmaps of the two blocks. Six components were calculated for each
method, the number of useful components from each method is displayed in the table. The different chemical components that
were able to be identified are listed in the table.

4. Discussion

Overall, this study demonstrated that the carboxylic acid is present from the corrosion inhibition
treatment; it reacted on the surface of the corrosion product layer of the copper coupon. In the cross-
section of the corrosion layer indicated that the octanoic acid successfully penetrated the corrosion
layers, and one part reacted with the brochantite by forming copper octanoate. Corrosion protection
provided by copper carboxylate is explained by its hydrophobic character, which decreases wettability,
prevent contact with water and aggressive species (Cl), inhibiting the cathodic reaction. The
remaining octanoic acids, present in the corrosion product layer (CPL) could inhibit the anodic
reaction by complexing copper cation, produced during the corrosion process. While the coating was
present on the outermost boundary of the brochantite layer, and there was deeper penetration of the
coating into the brochantite layer. Ideally, the corrosion inhibitor would achieve uniform penetration
throughout the entire brochantite layer. However, the present results indicate that complete uniformity
was not realized. It is crucial to have deep penetration to achieve a greater resistance to environmental
stresses and degradation; it ensures the entire corrosion layer is protected with the copper octanoate,
not only the surface portion of the brochantite.

The Raman signature of TEOS gel was difficult to discern during analysis due its poor crystalline
structure creating a weak Raman response. Furthermore, the alkyl chain present in the TEOS, copper
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octanoate, and octanoic acid exhibit overlapping distinct signals specifically around ~2880 cm™. Given
that the coating formulation is a solution of TEOS and octanoic acid, it could be assumed these alkyl
prominent peaks represents the coating formulation’s presence, including the octanoic acid, providing
corrosion protection. Alternatively, it is possible that the octanoic acid failed to migrate alongside the
TEOS gel, thereby failing to provide the intended corrosion protection. Further research and
techniques are required to solve this issue, specifically the presence of the octanoic acid, copper
octanoate, and TEOS in the sample as their current spectra are still highly mixed together. Potentially,
an additional Raman excitation wavelength may offer a viable pathway to resolve these compounds.

In this study, we showed that the 473 nm and 532 nm had different signal intensity responses
for the chemical components containing the alkyl groups and the brochantite. The 473 nm laser had a
stronger intensity response than the 532 nm laser for the chemical components containing the alkyl
groups. For non-resonant Raman scattering, the intensity, I, is proportional to 1/ A* where A is the
excitation wavelength, this causes bonding in alkyl groups to produce stronger signal responses for
shorter wavelengths **°>. The 532 nm laser had a stronger intensity response for the brochantite when
compared to the 473 nm laser. This is due to the Raman spectroscopy resonance effect with the 532
nm laser being close to photon electronic transition of the brochantite. Since brochantite is a greenish
color, it reflects green light and 532 nm corresponds to green-light, the vibrational response is
amplified producing a stronger peak intensity. The issue differentiating between the parts of the
corrosion inhibition treatment could be solved by using a shorter Raman wavelength, since the peak
signals are very close together. For non-resonant Raman scattering produces a greater response for
shorter wavelengths. Utilizing a longer excitation wavelength may improve the identification of
cuprite by approaching its primary reflection band, thereby enhancing the resonance Raman effect and
yielding a stronger spectral response.

Deep learning and classical supervised learning techniques are best suited for scenarios with
massive amounts of diverse, labeled data. Deep learning can introduce a risk of over-fitting, especially
given that labeled datasets are not readily available. Consequently, an exploratory, unsupervised
approach is required because the specific chemical constituents of the sample are unknown. The goal
of these exploratory techniques is to resolve potential chemical constituents without prior knowledge,
accounting for the possibility that reference components may not be present in the sample.

Multivariate Curve Resolution-Alternating Least Squares (MCR-ALS) is a popular chemometrics
technique used to resolve individual spectra from a mixture, similar to Independent Component
Analysis (ICA). However, while MCR-ALS can operate with minimal prior knowledge, it typically
assumes or requires initial estimates of the components expected to be in the sample components,
while presence cannot be guaranteed here. While autoencoders could serve as an unsupervised
alternative, they map data into non-linear spaces. Because the spectral mixtures in this study adhere to
a linear space, using a non-linear auto-encoder would distort the physical reality, making it incredibly
difficult to accurately match and interpret the resolved spectra.

In section 3.2.1, the results of the inter-block scaling indicated that scaling methods do not
influence the results. This is a narrowly specific result of scaling method techniques based off solely
SUM-PCA and our two blocks. Future research can be done analyzing if the scaling techniques would
affect other multi-block methods or if additional Raman data blocks would affect the scaling results. In
Campos & Reis 2020, utilized predictive techniques to evaluate the performance of each scaling
technique, and the concluded indecisively which method was the best **. Possibly, incorporating
prediction techniques in this study could be used an additional metric to evaluate scaling method
performance.

Analytical comparison methods, such as the Structural Similarity Index Measure (SSIM), are
commonly used to assess quality differences between a processed image and a reference image. SSIM
evaluates visual degradation by analyzing three distinct components; luminance, contrast, and
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structure. However, when applying multi-block techniques, each method computes intensity values
based on its own distinct mathematical framework. Consequently, the relative intensity from a
heatmap generated by one multi-block method will not match the intensity scale of another. Even if
the heatmaps appear visually identical, these differing intensity scales distort the final index
calculations, rendering direct comparisons invalid. Other studies comparing multi-block methods often
incorporate predictive techniques to evaluate model performance, this is option was not available.
Methodologies can be researched and developed to introduce quantitative framework for comparison
to this study.

Although this study focuses on hyperspectral imaging for chemometrics and cultural heritage
materials, the methodology is readily applicable to other domains that utilize multi-block techniques or
hyperspectral imaging. In other chemometric fields, multi-block techniques are frequently employed to
integrate data from disparate analytical platforms through data fusion. While a significant portion of
this relatively new multi-block fusion literature targets biological applications such as multi-modal,
multi-platform analyses in the food and medical sectors. Hyperspectral imaging historically originated
from geospatial satellite imaging; hyperspectral imaging has expanded into chemometrics *. Although
chemometrics is gaining traction in cultural heritage, its adoption has been slower due to the smaller
size of the research community. Only recently have these multi-block fusion techniques been applied
to analyze cultural heritage materials, as demonstrated by Li et al. (2024), Lambert et al. (2016), and
Pagnin et al. (2022) **. Furthermore, these multi-block methods could be translated back to their
geospatial origins, data can be potentially be fused together from multiple sensors on satellites or
drone technology .

All the methods that produced a joint, overlaid heatmap (Table 3) yielded similar results. These
methods calculated a total of four useful components from the initial six, mainly because they
condense the datasets of each block into a global, blended consensus. AJIVE produces different results
because it mathematically partitions the datasets into joint and individual structures using subspace
angles without ever computing a global consensus. Although DISCO-SCA also isolates distinct
features, it establishes a global consensus first before analyzing individual variation. Interestingly,
DISCO-SCA required several days to compute compared to the seconds or minutes required by the
other multi-block methods. Since these traditional multi-block methods are designed to be used with
three or more blocks, adding an extra dataset, such as an additional Raman excitation wavelength,
would likely yield a larger variety in the results.

SUM-PCA and AJIVE were implemented in Python, using well-documented and standard
machine learning Python packages such as Scikit-learn. While the other methods were implemented in
R using less documented and specific multi-block R packages. It is important to consider this
difference in programming languages. Since Python is the current standard for chemometrics and
machine learning, an easily approachable syntax. R has historically been the favored programming for
statistical analysis, but its syntax is more cumbersome, and lacks matured machine learning libraries,
that do not integrate well into other contemporary machine learning workflows. Similarly, some of the
R packages in this study have been implemented in MATLAB as well. This also presents similar
issues as R, due to Python as the current standard for machine learning and proprietary nature of
MATLAB software. There is software development needed to translate these packages into Python to
be used for contemporary machine learning application for more widespread adoption for multi-block
fusion methods %%,

Given that the different multi-block methods offered comparable results, it is important to
determine which method is optimal for future research. Furthermore, while this study focused
exclusively on octanoic acid as the corrosion inhibitor, the methodology could potentially be extended
to other carboxylic acids. SUM-PCA would be the preferred method, since almost every multi-block
yielded similar results. It is computationally and methodologically simple method, it can be
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accomplished with well-documented Python packages. While the other multi-block methods are more
computationally and methodologically complex and uses more obscure Python or R packages.

Future research could expand upon this study by increasing the number of data blocks analyzed.
Because this study was limited to two blocks utilizing Raman excitation wavelengths of 473 nm and
532 nm. The incorporation of additional Raman excitation wavelengths could yield a more robust
evaluation of multi-block techniques. These methods are intended for more complex data fusion
problems consisting of three or more blocks. Furthermore, expanding the dataset could enhance the
resolution of chemical species within the heatmaps, particularly for those containing alkyl groups.
Future work should also focus on the underlying algorithms of these methods. For example, AJIVE
first described in the literature in 2018, and improves upon the original JIVE method by achieving
comparable results with lower computational expense *. Additionally, translating the existing R
packages into Python would better integrate these techniques into modern machine learning
workflows. In conclusion, utilizing the most straightforward and least computationally intensive
method is optimal for simpler data fusion scenarios, including future research into anti-corrosion
coatings.

5. Conclusion

Overall, this study successfully identified the different constituent components of the copper
corrosion layer system and the corrosion inhibition treatment using multi-block data fusion techniques.
Further, research is still needed to improve the identification methods as some of the chemical
constituents are still difficult to resolve from one another. Multi-block fusion does improve the
qualitative analysis of the corrosion layer to provide a better comprehensive understanding how the
corrosion treatment is interacting with the corrosion layer. This study showed the different multi-
block methods yield very similar results for two-block hyperspectral imaging. It is recommended to
perform the computationally less intense and simplistic method to for future research. Over the course
of this study, the dual-wavelength Raman hyperspectral approach combined with multi-block data
fusion proved to be a viable, non-destructive strategy for characterizing both the corrosion stratigraphy
and the octanoic acid-doped TEOS coating, confirming that the inhibitor reacted with the brochantite
layer to form copper octanoate at the outer boundary of the corrosion product layer, though complete
penetration through the brochantite was not achieved.

These findings carry practical significance for the conservation of copper-based cultural
heritage artifacts. By confirming that octanoic acid reacts with brochantite to form a hydrophobic
copper octanoate barrier, this work supports the continued development of eco-friendly, sol-gel based
corrosion inhibitors as an alternative to more toxic conventional treatments. At the same time, the
incomplete penetration of the inhibitor observed here underscores the need for further formulation
optimization before such treatments can be reliably deployed on artifacts with thick or heterogeneous
corrosion layers. Methodologically, this study demonstrates that multi-block data fusion, and SUM-
PCA in particular, offers conservation scientists an accessible and computationally efficient
framework for combining multi-wavelength Raman data, one that could be extended to additional
spectroscopic modalities or corrosion inhibitor formulations in future work. Taken together, these
results advance both the chemical understanding of copper corrosion inhibition and the analytical
toolkit available for evaluating protective treatments, laying groundwork for more robust, standardized
approaches to cultural heritage conservation.
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Figure 30: Micrograph cross-section of the copper coupon after polishing with the corrosion layers present from this study.
The copper layer is present at the bottom, and the corrosion layers of cuprite (10 um) beneath a thicker of brochantite (40—
50 um) are present above the copper metal.
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