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Abstract: The early detection of bronze disease is a significant challenge not only in
conservation science but also in various industrial fields that utilize copper alloys (i.e.,
shipbuilding and construction). Due to the aggressive nature of this corrosion pathway,
developing methods for its early detection is pivotal. The presence of copper trihydrox-
ychlorides is the main key indicator of the ongoing autocatalytic process. Commonly
used for pigment identification, reflectance imaging spectroscopy (RIS) or fiber optics
reflectance spectroscopy (FORS) was recently employed for mapping atacamite distribu-
tion in extended bronze corrosion patinas. In this work, we detected the onset of bronze
disease using visible-near-infrared (VIS-NIR) multispectral reflectography, which allowed
for disclosing features that were poorly detectable to the naked eye. The image cube was
analyzed using the spectral correlation mapper (SCM) algorithm to map the distribution of
copper trihydroxychlorides. FORS and Raman spectroscopy were employed to characterize
the patina composition and validate RIS data. A set of bronze samples, representative
of Florentine Renaissance workshops, was specifically realized for the present study and
artificially aged at different corrosion stages.

Keywords: reflectance imaging spectroscopy; atacamite; bronze corrosion; Raman
spectroscopy; fiber optics reflectance spectroscopy; principal component analysis; spectral
correlation mapping

1. Introduction

Studying heritage artifacts provides insights into their materials, production processes,
and states of conservation, enabling the development of appropriate preservation strate-
gies [1]. Despite the large variety of techniques available for investigating Cultural Heritage
objects, only a few ensure a complete and non-invasive analysis [2]. The preciousness
and uniqueness of artworks have fostered the research in the field of heritage science on
defining and optimizing analytical techniques and protocols that do not involve either
sampling or the use of radiation-intensive probes [3].

In this regard, fiber optic reflectance spectroscopy (FORS) and reflectance imaging
spectroscopy (RIS), often in synergy with molecular or elemental analysis, are among the
most common non-invasive methods for the study of Cultural Heritage materials such
as pigments, dyes, inks, etc. [3,4]. RIS in the infrared spectral region is best known for its
effectiveness in visualizing underpaintings and underdrawings [5-7]. In recent years, both
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methods have been applied separately for the surface characterization and mapping of
compounds typically found in bronze patinas [4,8,9].

Usually, the study of minerals and pigments is decoupled from the identification of
metal patinas and corrosion products typically found on Cultural Heritage objects [10].
However, the same compounds found in pigments can also be produced by metal degra-
dation, resulting in the chance of characterizing the same materials from different per-
spectives. For instance, bronze corrosion products such as azurite, malachite, atacamite,
paratacamite, and botallackite are also known as pigments on paintings, manuscripts, and
sculptures [4,11,12].

The identification of copper trihydroxychlorides (Cuy(OH)3Cl), i.e., the polymorphs
atacamite, botallackite, and clinoatacamite and the separate phase paratacamite, is pivotal
during the study of bronze corrosion process. The presence of these substances is the main
symptom of bronze disease, an autocatalytic electrolytic corrosion pathway.

In the presence of high humidity and temperature, chloride ions (C17) can penetrate
the protective layer of cuprite (Cu,O, which forms spontaneously by the reaction between
copper and oxygen) and react with the underlying copper to form nantokite (CuCl) [4,13].
The dissolution of nantokite forms porous cuprite and HCI, which reacts with copper to
yield fresh nantokite, in a cyclic process [13-15]. The attack on the alloy by HCl and the
continued conversion of Cu to CuCl may result in typical pitting corrosion and loss of
mechanical properties, possibly causing the irreversible disruption of the whole object [16].
The formation of an outer layer of copper trihydroxychlorides from the reaction of nantokite
with water and oxygen is the most evident consequence of the onset of bronze disease [17].
Moreover, the conversion of nantokite to copper trihydroxychlorides induces mechanical
stress due to their larger volume, resulting in cracking or fragmentation of the surface [18].
The layered structure of bronze disease patinas makes identifying corrosion products
challenging. Although nantokite is the phenomenon’s root, it is hardly accessible since it
forms beneath the outermost layer of cuprite. Identifying copper trihydroxychlorides is
generally easier, as they appear on the surface of objects [13,14]. However, the atacamite
group can be confused or obscured by other similarly colored compounds, such as harmless
malachite or azurite [4]. Discriminating between these products and harmless ones is
crucial both to determine the conservation status of the artwork and to guide selective
cleaning operations.

In the last two decades, the most widely used techniques (often in synergy) for the de-
tection and characterization of bronze corrosion products are optical microscopy (OM), scan-
ning electron microscopy (SEM) coupled with energy-dispersive X-ray spectroscopy (EDS),
X-ray diffraction (XRD), and X-ray photoelectron spectroscopy (XPS) [19-24], alongside Ra-
man spectroscopy (RS) and X-ray fluorescence (XRF) [25-30]. Additionally, techniques that
are often employed in other research topics, such as laser-induced breakdown spectroscopy
(LIBS) [31], X-ray computer micro-tomography (micro CT) [32,33], and voltammetry of
immobilized microparticles (VIMPs) [34-36], are receiving increased attention for the detec-
tion of bronze disease. Most of them are invasive or require sampling, hampering their use.
Therefore, new non-invasive methodologies based on reflectance spectroscopy and machine
learning methods, developed purposely to detect bronze disease by mapping the presence
of copper trihydroxychlorides [4,8,9], pave the way for a novel diagnostic approach.

FORS is effective for monitoring corrosion and detecting atacamite spots in inhomoge-
neous patinas. It enables the discrimination of atacamite and nantokite (CuCl) from other
non-injurious corrosion products, such as azurite and malachite, as these different miner-
alizations feature distinctive spectral characteristics in the 1000-2500 nm range [4]. The
relatively low spatial resolution (in the millimetric scale for most devices) and the difficulty
in identifying components in mixtures are the main limitations of the technique [4]. How-
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ever, recent applications of machine learning algorithms to FORS spectra have allowed for
the discrimination of individual compounds in mixtures [8]. Currently, the small databases
available enable the recognition of a limited number of corrosion products [8].

In the last few years, visible (VIS), near infrared (NIR), and shortwave infrared (SWIR)
hyperspectral imaging has been proposed for the analysis of metal artifacts. Promising
results have been obtained in both the discrimination between pure metals and alloys [37]
and the identification of bronze corrosion products, such as copper oxides, chlorides, car-
bonates, and phosphates, based on their features in reflectance spectra [9,38]. Of particular
relevance are the methods that enable the mapping of copper trihydroxychloride distri-
bution by spectral correlation mapper (SCM) analysis [38] and the automatic detection by
machine learning algorithms for spectral clustering [9].

To date, reflectance spectroscopy has been mainly used to distinguish corrosion prod-
ucts on extensive and visible patinas, but it has not been explicitly applied to the early
diagnosis of bronze disease. Given the aggressiveness and the autocatalytic nature of
this corrosion pathway, recognizing the phenomenon in the early stage is crucial for the
preservation of copper alloy artifacts.

This work focuses on the application of non-invasive spectroscopic techniques, either
imaging or point-wise, to detect the onset of bronze disease before it becomes visible to
the naked eye. To this end, twelve bronze samples were artificially aged at different stages
of corrosion (from fresh to highly corroded) and characterized using a multi-analytical
approach based on VIS-NIR multispectral reflectography, FORS, and Raman spectroscopy.

Data collected by VIS-NIR multispectral reflectography were processed with false-
color imaging (IR-FC) [39,40] and principal component analysis (PCA) [41,42], allowing
for revealing poorly detectable surface characteristics. The multispectral image cube was
analyzed using the spectral correlation mapper (SCM) algorithm [43,44], which enabled
the mapping of the distribution of copper trihydroxychlorides and cuprite on the samples’
surfaces. An in-house-developed software was used to perform color difference mapping
between fresh and corroded bronze. Fiber optics reflectance spectroscopy and Raman
spectroscopy enabled the characterization of patina constituents, integrating and validating
RIS data.

2. Materials and Methods
2.1. Samples

A set of twelve bronze samples was cast in plates by Fonderia Artistica Art't1 (Florence,
Italy), then sawed in squared coupons (3.7 x 3.7 x 0.5 cm?), and polished using a Dremel
rotary tool (sanding band sleeve grit 240). The quaternary alloy 85cy-5sn-52n-5pp Was cho-
sen as representative of Florentine Renaissance workshops [45,46]. The bronze composition
was assessed by XRF (Table 1) using the portable energy-dispersive XRF spectrometer
ELIO (XGLab SRL, Milan, Italy) (rhodium anode; accelerating voltage: 40 kV; electron
current: 40 pA; integration time: 60 s; spot diameter: 3 mm; energy resolution on the Mn-ko
line: 125 eV; X-ray beam incidence angle: 68°; detection angle: 63.5°). Calibration was
performed using MBH Cu-based certified reference materials (32XLB12 and 32XSN6, LGC,
ARMI | MBH Analytical, Manchester, NH, USA).

Table 1. Quantitative composition (wt%) of the bronze alloy.

Ni (K«) Cu(Ky) Zn(Ky) Sn (Kq) Pb (L&) Tot.

Bronze 0.38 87.44 2.92 6.57 2.69 100
composition

St. dev. 0.02 0.35 0.01 0.01 0.35
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Bronze coupons were aged in the presence of acid vapors (HCI 1.0 M) and high relative
humidity (~100%) inside sealed glass jars placed in a heated stove at 50 °C for an increasing
time from O to 143 h (Table 2) [16]. The time intervals were selected based on our previous
experiments and the visual appearance of the sample surface to produce a wide range
of patinas.

Table 2. Duration of the artificial aging for each bronze sample.

Sample Aging Time (Hours) Sample Aging Time (Hours)
C1 0 C7 62
C2 0 C8 65
C3 14 c9 68
C4 24 C10 72
C5 38 C11 134
Ceé 48 C12 143

2.2. VIS-NIR Multispectral Imaging

The multispectral VIS-NIR scanner developed at CNR-INO (Florence, Italy) [47] was
used to collect a spectral cube consisting of 32 narrow-band images (16 VIS and 16 NIR)
collected simultaneously in the range 380-2550 nm by point-wise scanning (XY) of the
surface. The spectral resolution was 20-30 nm in the 380-750 nm range and 50-100 nm
in the 750-2500 nm range. The scanner featured an optical head with the illumination
sources and the collection catoptric lens in a 45°/0° illumination/detection geometry. The
catoptric lens focused the radiation back-scattered by the object on the entrance end of a
6 by 6 square-shaped fiber bundle (250 micron spacing between adjacent fibers). At the
output end, each fiber was connected to a photodiode equipped with an interference filter
for band selection. The lighting system included two narrow-spot white LEDs and two
low-voltage current-stabilized halogen lamps that uniformly irradiated a 5 cm? area with a
total irradiance comparable to sunlight conditions (109 klx). The continuous motion of the
sources prevented significant surface heating (less than 4 °C) [48]. An autofocus system,
based on a triangulation optical probe, a Z translation stage, and in-house software kept
the optical head at the right distance during scanning. Calibration was performed using a
certified white 99% reflectance reference standard (Spectralon, Labsphere®, North Sutton,
NH, USA) and measuring the background noise. Data were collected with a sampling step
of 250 um, a speed of 500 mm/s, and an exposure time of 0.5 ms/point. The samples were
mounted on a vertical stand in an arrangement of two rows and six columns and measured
in a single acquisition (overall area of 22.5 x 8 cm?). To increase the spatial resolution, we
carried out oversampling by acquiring four scans with a proper offset, which were merged
in post-production.

IR False-Color (IR-FC) Imaging, Principal Component Analysis (PCA), Color Difference
(AE*) Mapping, and Spectral Correlation Mapper (SCM)

The stack of monochromatic images acquired using the VIS-NIR scanner was pro-
cessed in IR-FC images, principal component analysis (PCA), color difference, and spectral
correlation (SC) mapping, using in-house software.

According to the traditional method, IR-FC images were created by replacing the
red (R = 700 nm) channel with the NIR (N) image and shifting the red (R) and green
(G = 546.1 nm) channels to the green (G) and blue (B = 453.8 nm) ones, respectively
(NRG — RGB) [39,40,49,50]. After scrolling all IR images, reflectographic images at 950 nm
and 2100 nm were selected as representative of the surface corrosion because not only do
they strongly emphasize surface features, but also their reflectance characteristics are highly
different, allowing for highlighting the distinct patina details. PCA reduced the number
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of dimensions in a large dataset to a smaller set of variables (principal components, PCs),
that retain most of the original information. PC vectors were chosen following decreasing
variance: the first principal component explained the greatest amount of variance in the
original features; the second component was orthogonal to the first and explained the
greatest amount of variance left after the first principal component, etc. [3,5,51]. Being the
directions of variance uncorrelated, the information in the PCs was never redundant [52].
We performed PCA on the stack of 32 images, resulting in the first four components
explaining the 91.68%, 5.24%, 1.31%, and 0.56% covariance, respectively. Color-composite
images were then produced by combining selected PCs in the RGB space.

In-house-developed software was used to perform color difference mapping. For
each corroded sample, the color difference map was obtained using the non-corroded
C2 sample as a reference. The AE* was calculated in the 1976 CIE L*a*b* color space
(AE* = VAL*2 4 Aa*2 + Ab*2) for each pixel and displayed on a color scale from blue
(minimum AE*) to red (maximum AE*) [53,54].

SCM was performed using a spectral correlation algorithm based on Pearson’s correla-

tion coefficient, which regards spectra as N-dimensional vectors, where N is the number
of spectral bands [43,44]. The similarity between a reference and the target spectra was
calculated as the angle amplitude between the two vectors by centralizing the data at their
mean: the smaller the angle, the greater the similarity. The correlation coefficient varies
from —1 to 1 where —1, 0, and +1 represent anti-correlation, no correlation, and maximum
correlation, respectively [43,44].

2.3. Confocal Raman Microspectroscopy (CRM)

Raman spectra were collected using a Renishaw in Via™ confocal Raman microscope
equipped with a Leica Microsystems DM2700 optical microscope (Wetzlar, Germany).
Analyses were performed using the 532 nm laser source and a 50 x long-distance objective
(NA = 0.5; theoretical spot size: 0.65 um). Spectra were recorded in the 100-3800 cm !
spectral range, with an 1800 L/mm grating and a thermoelectrically cooled CCD detector
(spectral range: 400~1060 nm; spectral resolution: 1 cm~!/CCD pixel). A laser power of
0.5-2.5 mW and an integration time of 10 s with 1-5 accumulations were set. Data were
processed using OriginPro 2024 software.

2.4. Fiber Optics Reflectance Spectroscopy (FORS)

FORS measurements were acquired using two Zeiss (Oberkochen, Germany) Multi-
Channel Spectrometers (MCS): the MCS601 UV-NIR C (spectral sensitivity 190-1015 nm)
and MCS611 NIR 2.2 (spectral sensitivity 900-2200 nm), having a spectral resolution of
0.8 and 5.0 nm/pixel, respectively. The illumination spot size was @ = 3.0 mm. Analysis
was performed with a 45°/0° illumination/detection geometry, using a certified white
99% reflecting reference standard (Spectralon, Labsphere®, North Sutton, NH, USA) and
measuring the background noise. The integration time was set to ~200 ms. On each sample,
we collected three spectra, each representing the average of three measurements.

3. Results and Discussion

The different artificial aging times resulted in a wide range of corrosion patinas,
ranging from red-brown compact layers to green, powdery deposits. As shown in Figure 1a,
the duration of the aging treatment did not determine a linear development of the corrosion
patina. For instance, sample C8 (65 h aging) is more similar to samples C10-C12 (aging time
72-143 h) than to samples C7 and C9 (aging time 62 and 68 h, respectively). The nonlinear
aging behavior could be attributed to the artisanal production of the samples and related to
the inhomogeneity of the alloy, texture, cast defects, and other factors. However, this study
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is not intended to provide a statistical representation, which may not be meaningful due to
the low reproducibility of our hand-cast samples. Nevertheless, this lack of reproducibility
perfectly reflects the unique nature and conservation state of each work of art.

IR@950

IR@2100

>

PR

Figure 1. Artificially corroded bronze samples: (a) RGB image; (b) IR-FC (R = 950 nm); (c) IR-FC
image (R = 2100 nm); (d) PC color-composite image obtained by merging PC1, 2, and 3; and (e) PC
color-composite image obtained by merging PC2, 3, and 4. White boxes highlight some details, the
visibility of which is increased by processing. The bar scale (bottom right) applies to all images.
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3.1. Patina Visualization

The artificial patinas (Figure 1a) were examined through traditional IR false-color im-
ages using the IR reflectography at 950 nm (Figure 1b) and 2100 nm (Figure 1c; see Material
and Methods) and color-composite images were created using the PCs (Figure 1d,e), which
highlighted differences in the spectral response and distribution of patina constituents and
details that are not readily visible to the naked eye.

Compared to 950 nm, the higher reflection of IR at 2100 nm (Figure 1c) by samples
C3, C4, C5, and C6 (14, 24, 38, and 48 h aging, respectively) suggested the presence of
inhomogeneities in the patina and irregular distribution of alteration products. IR-FC
images, particularly at 2100 nm, revealed features such as the spots on C3, C5, C6, C7, and
C9 (details A1, A2, A3, A4, and A5 in Figure 1, respectively) as well as irregularities like
the pores on the entire surface of C4, C5, C6, and C12.

The PC color-composite images (PC1-3 and PC2—4, Figure 1d,e, respectively) evi-
denced scratches on C2 (detail A6) and further highlighted pores on C4 and C12. PC1-3
also pointed out a dark area in C3 (detail A7, Figure 1d), while PC2—4 greatly accentuated
the significant unevenness of patinas on C7-C12 (Figure 1e).

Samples C3—-C6 were particularly noteworthy, as they did not exhibit macroscopic
signs of ongoing bronze disease corrosion (i.e., green patinas), but they featured hidden
details, visible only in IR-FC and PC color-composite images, which may be related to
this phenomenon.

3.2. Patina Component Identification and Mapping

Based on reflectance imaging spectroscopy (RIS) results, we further analyzed selected
points on samples using Raman and FORS spectroscopy to disclose the chemical composi-
tion of the patinas (Figures 2 and 3).

Raman Intensity (arb. units)

-C3 (b)[="c1o
)
=
=2
3 | |
s \ {
2
21 N Rw“
E J\\\A__/\,\fk\_,f_,»m\k_ J \
c Clra—— e
(]
=
©
o
L 1 1 L 1 L L e s A L
250 500 750 1000 250 500 750 1000 3250 3500 3750
Wavenumber (cm™) Wavenumber (cm-')

c10

e

10 um

Figure 2. Raman spectra of (a) cuprite on samples C3 (in purple) and C4 (red); and (b) of clinoata-
camite C10 (the diagnostic range is 1001000 cm~!). Bottom: microscopic images of measurement
points (50 x).
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Figure 3. Reflectance spectra averaged over the points shown in d (190-2200 nm) of (a) uncorroded
samples C1 and C2; (b) samples C3-C6 and on C9b (brown area); (c) samples C7-C12 (green areas);
and (d) RGB image of samples C1 to C12 with highlighted the measurement points used to calculate
the averaged spectra reported in a, b, and c.

Raman spectra collected on red-brown areas of C3, C4, C5, C7, and C9 featured typical
cuprite peaks (Figure 2a) at 107, 147 (Raman symmetry allowed), 218 (overtone-defective
Cu,0), 319, 413 (overtone), 525, and 630 cm~! (Raman symmetry allowed) [25,27,55-59].

Analysis of the green corrosion products on samples C7-C12 identified clinoatacamite
in patina (Figure 2b), detected by Raman signals at 120 and 142 cm ! (CI-Cu~Cl bending),
369 and 420 cm~! (CuCl stretch), 515 and 576 cm ™! (CuO stretch), 799, 893, 928, and 970
(hydroxyl deformation), and 3308, 3354, and 3445 cm™! (hydroxyl stretching) [16,60,61].

Strong fluorescence in the spectrum of C6 hindered the full identification of patina com-
position. Nevertheless, a green crystal on its surface exhibited spectral features consistent
with clinoatacamite.

No corrosion products were detected on the uncorroded samples C1 and C2.

FORS results were in agreement with those obtained by Raman analysis: FORS
spectra collected on red-brown areas showed the usual cuprite sigmoid shape with the
inflection point at 574 nm (Figure 3b) and the absorption band at about 400-550 nm
(Figure 3b) [4,8,9,62]. Data acquired on green patinas match the reflectance spectra of copper
trihydroxychlorides, which show absorption bands at 1465, 1855, 1990, and 2165 nm [4,9,16]
(Figure 3c). No corrosion products were detected on C1 and C2 (Figure 3a). The in-
flection point at 567 nm is consistent with the bronze reflectance spectra reported in
the literature [63].

We processed the RIS data cube using the standard illuminant D65 and standard
observer 1931 (2°) to obtain CIELab coordinates from the tristimulus XYZ ones. To show
the effect of corrosion on the sample color appearance, we computed color difference
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images in the 1976 CIE color space by comparing each point of the aged samples to the
uncorroded bronze sample C2, used as a reference (aging time 0 h) (Figure 4).

(a) 25
20
15

AE*

(b)

AL*

Aa*

Ab*

Figure 4. Color difference image between corroded (samples C3-C12) and uncorroded samples (the
uncorroded sample C2 was used as a reference): (a) maps of AE* variation; (b) maps of AL* variation;
(c) maps of Aa* variation; and (d) maps of Ab* variation.

Table 3 reports the color difference (AE*) calculated from RIS data on the same points
evaluated from FORS measurements (see Figure 3d). Figure 4a and Table 3 show the
increasing trend of AE* with aging time. Samples C8 and C10 exhibit the highest AE* on
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their whole surface. With aging, the samples tend to darken (Figure 4b), turning red/yellow
in the early stages of aging (Figure 4c) and then shifting to green/blue shades (Figure 4d).

Table 3. Variation in CIEL*a*b* coordinates of corroded samples compared to fresh bronze using
RIS data.

Sample Measurement Point AL* Aa* Ab* AE*
1 0.04 —5.76 —8.68 11.72
c3 2 —2.57 0.28 2.45 4.92
3 11.54 —8.57 —-11.79 20.22
1 2.04 —0.02 -1.37 3.64
C4 2 6.99 1.35 —1.06 7.92
3 3.46 1.47 —0.07 5.21
1 1.57 —3.82 —11.25 12.30
C5 2 13.92 5.37 —2.82 15.30
3 9.58 4.22 2.53 11.39
1 —11.05 9.17 —5.41 15.51
Cé6 2 11.26 1.24 —1.89 11.69
3 9.57 3.63 —1.82 8.42
1 —7.58 0.36 —6.01 13.74
c7 2 —6.48 —4.97 1.14 6.29
3 —8.48 —2.34 —1.82 6.72
1 0.90 —6.36 —6.61 9.87
C8 2 23.00 —28.94 —-12.97 39.32
3 2.55 —17.89 —16.27 26.28
1b 1.01 8.30 —4.35 10.26
2b 1.06 2.95 —7.23 8.79
c9 3b 3.82 8.25 —7.93 12.59
1g 4.45 —23.77 —11.82 27.85
2g 10.31 —12.45 —15.19 23.13
3g 16.99 —20.53 —9.23 28.54
1 10.30 —18.22 -9.93 23.25
C10 2 15.07 —14.82 —11.13 24.10
3 4.19 —20.31 —15.37 27.35
1 6.67 —8.46 -7.32 13.46
C11 2 8.92 —17.98 —17.55 27.14
3 19.98 —21.97 —14.84 33.32
1 —4.07 —8.47 —4.08 10.43
C12 2 —5.76 —6.00 —7.23 10.46
3 -1.79 —18.42 —8.54 20.48

Based on the results of Raman and FORS analyses, which made it possible to identify
with certainty where cuprite and clinoatacamite were present, we performed SCM to map
their distribution on the samples’ surfaces. Therefore, we selected the spectra of cuprite
and clinoatacamite from the RIS data cube in the points identified by Raman and FORS
analyses, which were used as internal endmembers to obtain the distribution map of the
two minerals. These maps, displayed in red (cuprite) and green (clinoatacamite) colors, are
combined using the trichromatic additive synthesis (Figure 5a). Despite oxidation hardly
visible to the naked eye, area Al of sample C3 showed a high correlation with cuprite and
a small amount of clinoatacamite, highlighted by IR-FC and PC color-composite images.

The enlargement of the color-composite image obtained by mixing the SC maps
of cuprite and clinoatacamite on area Al (sample C3, Figure 5b) shows the presence of
clinoatacamite, which is a significant signal of the onset of bronze disease, which is not
visible to the naked eye. Therefore, to validate the results of SCM analysis, additional
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Raman spectra were collected on area Al of the C3 sample (Figure 6), confirming the

presence of clinoatacamite in small spots (diameter < 10 um, Figure 6a, bottom), not detected
with FORS due to the instrument spot dimension. Outside this small clinoatacamite spot,
only cuprite, characterized by peaks at 145, 215, and 630 cm~1 was detected (Figure 6b).

(c

~

Reflectance (%)

40 pre>
“l=C10
30 -
20 -
10
| 1 I 1 * 1
500 1000 1500 2000 2500

Wavelenght (nm)

Figure 5. (a) Color-composite image obtained by mixing the SC maps of cuprite (red) and clinoata-
camite (green); (b) detail Al of sample C3; and (c) reflectance spectra collected at the white points
highlighted in a, used as endmembers for spectral correlation mapping.
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Figure 6. Top: Raman spectra of (a) clinoatacamite and (b) cuprite (the diagnostic range is

100-1000 cm~') on area Al (sample C3). Bottom: microscopic images of the measurement
points (50 x).
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4. Conclusions

This study was aimed at demonstrating the effectiveness of the combined use of a set
of non-invasive spectroscopic techniques for detecting the onset of bronze disease. RIS,
FORS, and Raman spectroscopy were used to characterize a set of twelve artificially aged
bronze samples at different stages of corrosion (from fresh to highly corroded). Raman and
FORS analyses identified the composition of the corrosion products, namely clinoatacamite
and cuprite. IR-FC and PCA highlighted superficial features not visible to the naked
eye. Based on Raman and FORS spectra acquired in selected points of patinas, the SCM
classification algorithm was applied to the RIS data cube to map the distribution of cuprite
and clinoatacamite throughout the sample set.

SCM analysis enabled the early detection of bronze disease by correlating clinoata-
camite found on highly corroded samples with a small formation on a just-oxidized sample.
In fact, the method presented herein allowed for identifying the bronze disease after just
14 h of artificial aging. The non-invasive early detection of bronze disease is pivotal in
conservation science as well as in industrial fields based on copper alloys.

A further challenge to the use of RIS for bronze disease detection might arise from
patinas with a more complex composition (e.g., mixture of oxides, chlorides, and carbon-
ates). However, the implementation of databases containing reflectance spectra of corrosion
product mixtures and the application of machine learning methods could solve this issue.
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