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This study proposes the development of comparative and machine learning-based methodologies for the iden-
tification of inks and pigments, with potential applications in both cultural heritage diagnostics and forensic
science. A preliminary selection of black inks from various pen brands was analyzed using Raman spectroscopy to
define a framework for spectral comparison based on peak shifts and area ratios derived from curve fitting. The
proposed method introduces a system based on spectral compatibility allowing the classification of inks based on
their compositional similarity. In parallel, an automated analysis code was developed to enhance scalability and
reproducibility. This system performs baseline removal, peak normalization, first-stage filtering of incompatible

spectra, and refined deconvolution through pseudo-Voigt fitting, generating a numerical similarity score for each
comparison. Results demonstrate that the approach allows quantitative estimation of ink compatibility and could
be extended to broader datasets through the implementation of a spectral database.

1. Introduction

Inks have played a central role in human communication and cul-
tural expression for millennia. The study of inks, both their composition
and their degradation, offers insights into historical practices, techno-
logical transitions, and authorship [1-4]. In recent years, the scientific
characterization of inks has gained increasing attention within the fields
of cultural heritage and forensic science, motivated by the need of
non-invasive methods to assess material authenticity, provenance, and
condition without compromising the integrity of the artifacts [5-7].

Traditional inks, such as carbon-based inks, iron gall inks, and sepia,
have been prepared using recipes that varied across time periods,
geographical regions, and intended applications [8]. Carbon inks, made
from soft or lamp black mixed with binders such as gum Arabic, are
among the earliest used and remain stable over centuries [9,10]. Iron
gall inks, widely used from the medieval period until the 19th century,
consist of iron salts and tannic acids and are notorious for their corrosive
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effect on paper supports, leading to “ink burn” and the progressive loss
of textual information. Later formulations introduced synthetic dyes and
pigments, including aniline dyes and modern industrial colorants,
further complicating the landscape of ink analysis due to overlapping
spectral features and chemical variability [11].

Identifying and distinguishing between ink types is essential for
multiple applications. In cultural heritage contexts, it supports dating,
attribution, and the detection of retouching or forgeries. In forensic
science, ink comparison can reveal document tampering, unauthorized
additions, or substitution of pages [12]. However, despite its impor-
tance, ink identification remains a non-trivial task. The challenges arise
from several factors: the chemical similarity of many inks (particularly
black inks), the effects of aging and environmental exposure, the inter-
action with diverse substrates (e.g., cellulose-based or proteinaceous),
and the stratigraphic complexity introduced by multilayered applica-
tions [13-15].

Over the past two decades, a range of spectroscopic and imaging
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Table 1
Studied samples.

Reference Samples Pen

PENTEL - “Feel-it! WOW”

BIC - “Cristal Original”

PENTEL - “Superb 0.7”

PENTEL - “Antibacterial +”

BIC - “Cristal Grip”

STAEDTLER - “Lumocolor Permanent”
BIC - “Orange Grip”

STAEDTLER - “Noris Stick 434"
COLOROSA - “Semigel 1 mm”

BIC — “Soft Feel Medium”

Reference 1
Reference 2
Reference 3
Reference 4
Reference 5
Reference 6
Reference 7
Reference 8
Reference 9
Reference 10
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Fig. 1. Raman spectrum of Whatman paper.
Table 2
Assignations of Raman vibrations for Whatman paper.
Raman Shift Assignments
(em™)
376 Torsional and flexural vibrations of the pyran ring C-C-C
437-504 Bending vibration and expansion vibration of the C-C-O
framework of the pyran ring
1093 Asymmetric and symmetric stretching vibrations of the glycosidic
bond C-0-C
1316-1425 Bending vibrations of H-C-C, H-C-O, H-C-H, and C-O-H

techniques have been adopted and adapted to address these analytical
challenges [7,13,14,16-22].

Laser-induced breakdown spectroscopy, though micro-destructive,
has proven effective in ink analysis due to its ability to detect
elemental components and reveal stratigraphic information when mul-
tiple ink layers are present [23-25]. For example, this technique has
been used to determine the sequence of ink deposition in prints and to
detect hidden or underlying inscriptions. Similarly, X-ray fluorescence
spectroscopy, particularly in portable form, enables the non-invasive
elemental analysis of inks, helping to differentiate formulations based
on metal content, such as the iron and copper found in gall inks and
phthalocyanine-based inks [26-28].

In parallel, hyperspectral imaging has introduced new capabilities
for mapping the spatial distribution of inks across documents [8,29]. By
capturing reflectance spectra at each pixel, hyperspectral imaging sys-
tems provide three-dimensional data cubes (two spatial and one spectral
dimension) that can be processed using chemometric and machine
learning techniques to classify inks based on their spectral response.

Vibrational spectroscopy, and particularly Raman spectroscopy, has
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Fig. 2. Raman spectra of the analyzed samples.

emerged as one of the most powerful tools for ink identification [30-32].

Raman spectra provide molecular fingerprints based on vibrational
transitions that can be used to discriminate between different ink com-
positions, even within the same chromatic family [33-35]. Its advan-
tages include high molecular specificity, spatial resolution on the
micrometer scale, and minimal sampling requirements, making it suit-
able for in situ applications on valuable or fragile artifacts.

Compared to elemental techniques such as XRF and LIBS, the Raman-
based approach is more effective for discriminating against inks for-
mulations, while offering higher chemical specificity than hyperspectral
imaging, even though with longer acquisition times.

Despite these advances, the classification of ink remains a partially
unsolved problem. Spectral overlaps, substrate interference, and aging-
related changes introduce uncertainties that limit the reliability of direct
spectral comparison.

In this context, the objective of this study is the identification and
classification of modern black inks from various commercial pen brands.
The proposed approach is based on Raman spectroscopy and employs
curve fitting to extract key spectral features such as peak shifts and in-
tensity ratios. These are then evaluated within a compatibility model
that accounts for instrumental resolution and experimental uncertainty.
The methodology emphasizes the standardization of spectral acquisition
and the minimization of substrate influence, enabling more accurate and
reproducible comparisons across samples. Additionally, the detection of
outlier peaks is used to mark compositional anomalies and support the



V. Pinna et al.

Talanta 305 (2026) 129678

Whatman paper

Experimental data Experimental data
] Fit Peak 1 J——Fit Peak 1
E Fit Peak 2 E Fit Peak 2
J|—Fit Peak 3 J|—Fit Peak 3
Fit Peak 4 Fit Peak 4
i Cumulative Fit Peak 5] Cumulative Fit Peak
< & 4
> 2
= £
T T T T T T T T 1 T - T T T T T T T 1
150 200 250 300 350 400 450 500 550 600 600 650 700 750 800 850 900 950 1000 1050
_ Raman shift (cm™) - Raman shift (cm™")
B Experimental data b + Experimental data
] — Fit Peak 1 i —— Fit Peak 1
Fit Peak 2 Fit Peak 2
E — Fit Peak 3 ] — Fit Peak 3
= Fit Peak 4 = Fit Peak 4
o Cumulative Fit Peak| < ] Cumulative Fit Peak
2 2
2 27
L 2
£ £
~0

T T —
1150 1200 1250

Raman shift (cm™)

T
1100

T
1350
Raman shift (cm™)

T
1250 1300

Fig. 3. Raman spectra deconvolution for Whatman paper divided in four sections.

identification of non-matching formulations.

In contrast to established chemometric approaches such as PCA,
LDA, or SVM the proposed compatibility model acts as a statistical
decision-making framework. By integrating the specific instrumental
broadening and the variance observed in reference samples, it estab-
lishes a threshold for 'spectral identity', effectively quantifying the
likelihood that two samples originate from the same chemical
formulation.

Furthermore, an automated scoring algorithm was developed with
the assistance of dedicated models designed to process large spectral
datasets, exclude fewer probable observables, and refine the matching
procedure to yield the most reliable assignment.

By enabling a classification of ink based on their spectral profiles,
this approach contributes to the broader goals of non-invasive di-
agnostics in cultural heritage and forensic science. It also lays the basis
for the creation of spectral databases that can support large-scale ink
comparison, digital archiving, and decision-making in conservation and
authentication practices.

2. Materials and methods
2.1. Ink samples preparation

Mock-up samples were prepared by coloring half of the surface of
each Whatman filter paper disk using a different pen (Fig. S1 in Sup-
porting Information). Whatman paper, made of pure cellulose, was
chosen because of its homogeneous composition and absence of addi-
tives, which minimize background interference and ensure reliable and
reproducible data acquisition [36,37]. This controlled substrate was
selected to isolate the intrinsic Raman markers of the inks from external
chemical variables, providing a fundamental baseline for the algorithm's
validation. While this study focuses on pure cellulose, the methodology
is developed to be potentially applicable to more complex

archaeological or forensic supports by relying on invariant vibrational
modes identified through automated baseline subtraction and peak
deconvolution. All samples were obtained from ballpoint pens, except
for Reference 6, which was derived from a marker pen (Table 1).

2.2. Characterization

Near infrared micro-Raman scattering measurements were carried
out in back scattering geometry with the 1064 nm line of an Nd:YAG
laser. Measurements were performed with a compact spectrometer
B&WTEK (Newark, NJ, USA) i-Raman Ex integrated system with a
spectral resolution of 9 cm ™. The instrument is connected to a Raman
Video Micro Sampling System equipped with a 20 x Olympus objective
to select the area on the samples. For each sample, three different spots
were selected along the ink stroke, and three spectra were acquired for
each spot; these replicates were subsequently averaged to obtain a
representative mean spectrum for each position, ensuring high signal-to-
noise ratio and statistical repeatability. To evaluate the between-sample
reproducibility, three independent mock-ups were analyzed for each
pen model (same brand and type). The acquisition settings were kept
constants for all measurements, with an integration time of 20 s, 2 ac-
cumulations per spectrum, and a laser power set at 30% (100% corre-
sponds to 400 mW) to prevent thermal degradation of the substrates.

2.3. Data analysis

For the data analysis has been adopted a criteria based on the Raman
shift of each spectral band and the relative area ratios, which are derived
from the parameters resulting from curve fitting [38]. Structural varia-
tions or amorphization of a compound, resulting from external treat-
ments, can be detected as shifts in peak positions and/or as broadening
of certain bands [35,39]. An unknown sample has been selected, from
which the peak positions and areas are extracted through fitting; these
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Table 3

Synopsis of peak positions in the Raman spectrum of the unknown samples.
Indices of vibrational mode assignments: t, torsion; y, out-of-plane deformation
(with respect to the benzene ring); v, stretching (s, symmetric; as, asymmetric);
8, bending.

Peak  x. 8% A [a. 8A [a. Assignments
[em™] [em ™! u.] u.]

1 203 6 9,69 0,38 7(CH3)

2 262 6 2,95 0,32 § (Ring)/Lattice mode

3 423 6 7,88 0,57 S8(CNC)/5(CCeenterC)

4 495 6 2,91 0,44 8 (CNC)/s (C-C-Q)

5 561 6 0,32 0,08 7(CCC)/5(CNC)/
S(CCeenterC)

6 609 6 1,23 0,12 S8(CCC)/5(CNC)/
Vs(CCeenterC)

7 688 6 0,24 0,15 v (CH)/5 (Ring)

8 723 6 3,12 0,17 v(CN)

9 768 6 1,19 0,37 Vs(CCeenterC)/V(CN)

10 799 6 1,63 0,32 § (Ring) breathing

11 945 6 0,07 0,11 v(C-C)/p(CH3)

12 1141 6 5,84 0,87 Vs(CCeenterC)/V(CN)

13 1179 6 7,77 0,45 Vs(CCeenterC)/
S(CCC)preathing

14 1363 6 8,55 0,69 Vas(CCeenterC)/6(CCC)ring/
S(CH)

15 1400 6 6,19 0,62 6(CH)/85(CH3)/8(CCC)sing

16 1436 6 9,67 0,78 Sas(CH3)

17 1538 6 1,13 0,23 U(CringN)/65(CHs)

18 1585 6 5,73 0,18 U(CringN)/65(CH3)

19 1616 6 1,18 0,18 U(CringN)/8,(CHs)

parameters serve as the baseline for comparison with the other reference
samples. For the area ratio comparison, the area has been normalized to
the most intense band and the area ratios calculated using the area of the
peak corresponding to the most intense band of the reference sample.
The area values obtained from fits with an estimated error above a
certain threshold should be excluded from the analysis: values beyond
this threshold are considered unreliable and are not used for subsequent
calculations (Equation (1)).

A
e:% > 20%

Equation 1

To assess whether a peak in each ink sample is compatible with the
corresponding peak in the unknown sample, the concept of discrepancy
is applied. Discrepancy is a measure of the agreement between mea-
surements of the same quantity; it is considered non-significant when
the difference between the best estimates of the two values is less than
the sum of their associated uncertainties, which, in this context, are
primarily due to the spectrometer's resolution.

|x — Xpgr| < (6x2 +6x1) Equation 2

To ensure the transferability of the method across different Raman
systems, the compatibility threshold is not fixed but is dynamically
linked to the specific instrument's spectral resolution through Equation
(2). This approach allows to remain platform-independent, as the
comparison logic scales with the specific acquisition settings (wave-
length, resolution, and objective) rather than absolute intensity values.

Specifically, the discrepancy threshold for peak positions, Ax, is
rigorously derived from the sum of the individual instrumental un-
certainties (5x ~ 6 cm™! for the current setup), resulting in a global
tolerance of 12 cm ™. This ensures that compatibility is only claimed
when differences fall within the combined confidence interval of the
measurement. Regarding the relative area ratios, a fixed tolerance of
20% was established by propagating the uncertainties occurring from
the baseline subtraction and the pseudo-Voigt curve-fitting process. The
algorithm implements a filtering criterion that automatically excludes
any vibrational mode where the relative error (¢) exceeds the 20%
threshold, ensuring that the final compatibility score is based only on
statistically significant features.
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For the area ratios, parameters are considered compatible when:

|Rrer — Rexp|

< 20% Equation 3

RREF

where Rggp is the area ratio in the reference sample and Rgxp is the same
ratio in the test sample.

The tolerance adopted for peak area ratios was derived from formal
uncertainty propagation associated with the spectral preprocessing and
fitting procedures. Peak areas were obtained through pseudo-Voigt
fitting following polynomial baseline subtraction. The uncertainty of
each fitted area was estimated from the covariance matrix of the non-
linear least-squares fit combined with the residual variance of the
baseline correction.

For a ratio between two peak areas R = A;/A;, the relative uncer-
tainty was propagated according to standard error propagation:

19R _ 19A1 2 1()A2 2
R (Al ) * (Az )
where A; and A; are the fitted peak areas and 641, 642 their associated
uncertainties. Across the analyzed spectra, the propagated relative un-
certainty of area ratios typically ranged between 12% and 18%,
depending on peak overlap and baseline variability. Based on this dis-
tribution, a 20% tolerance threshold was adopted as a conservative
upper bound. Vibrational modes whose propagated relative error
exceeded this value were automatically excluded from subsequent
analysis steps. This filtering ensures that the compatibility scoring pro-
cedure relies exclusively on spectral features whose intensity ratios
remain statistically significant within the estimated uncertainty bounds.

When any of the above conditions is satisfied, a unit score is assigned
to the corresponding parameter; otherwise, no score is assigned. Addi-
tionally, if a test sample spectrum presents extra peaks not found in the
unknown sample, indicating differences in ink composition, a negative
unit score is assigned for each of those peaks.

Once scores have been assigned to all applicable criteria within the
selected confidence interval, the compatibility percentage between inks
is calculated as the algebraic sum of all scores divided by the total
number of selected criteria in the spectrum of the unknown sample.

The “Compatibility Score” works as a statistically based accept/
reject threshold. A score of 100% indicates a correct identification, while
lower scores clearly discriminate against non-matching inks.

Equation 4

3. Discussion and results

The selection of a small group of inks serves as a starting point to
develop a new methodology for the identification of inks and pigments,
which could potentially be expanded to a larger number of pigments,
with the goal of creating a comprehensive database.

Such a database would allow for a faster determination of the
compatibility of an unknown sample, analyzed under experimental
conditions consistent with those of the tabulated pigments, with any
reference sample in the database.

To develop this methodology, different models of black ink pens,
both from the same brand and from other well-known manufacturers,
were considered. The objective is, on one hand, to investigate the
possible existence of a common matrix among the ink constituents and,
based on this, to determine the compatibility of the formulations used by
different producers; on the other hand, to observe any differences in the
way the compounds were thermally treated or mixed with other binders.

The results obtained using this method allow the discrimination of
inks that are compatible within a certain percentage threshold.

Since the inks were deposited on paper, the contribution of the paper
was excluded through a separate Raman analysis (Fig. 1), carried out
following the same procedure applied to the ink samples. This approach
enabled the identification and exclusion of Raman bands attributable to
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the paper from the ink spectra. The main Raman vibrational modes
identified for the Whatman paper used as substrate are presented in
Table 2 [40].

In some cases, it was not possible to obtain clearly distinguishable
spectra. Specifically, Reference 3 showed localized heating at the point
of analysis, even at 50% of the laser power, resulting in detector satu-
ration. On the contrary, when using lower laser power, no distinguish-
able Raman bands were observed, even with prolonged acquisition
times or an increased number of accumulations. Furthermore, tests
using a near-infrared (NIR) excitation source at A = 785 nm (i.e., higher
excitation energy) also failed to obtain any detectable Raman signal for
this sample.

The spectra obtained from the analysis of the ink samples are pre-
sented in Fig. 2. To validate the reproducibility of the method, each ink
was analyzed using 15 replicates (3 spectra per spot across 5 different
spots). The compatibility scores reported in the following analysis
include the calculated 95-98% confidence intervals (CI). The results
(reported below) demonstrate that the variance within replicates of the
same ink is consistently below the 5% threshold, whereas the discrimi-
nation gap between different ink brands remains significantly higher,
ensuring a clear-cut identification even when accounting for spectral

noise and baseline variations.

The spectral region selected for analysis ranges from 150 cm™ " to
1700 em ™. The lower limit was chosen to exclude the tail of the exci-
tation peak, while the region above 1700 cm™' was omitted, as no
Raman signals were observed in that range for any of the samples.

A baseline correction was applied to each ink spectrum to remove
background counts caused by excitation light scattering.

The spectral signal was processed through deconvolution of the
entire spectral profile to isolate the contribution of individual bands,
which, when summed together, yield the best approximation of the
original spectrum. The spectra of reference samples 4, 6, and 8 exhibited
a highly noisy background, though distinguishable even if weak Raman
signals. Therefore, prior to fitting the profiles, it was necessary to apply a
smoothing function to the intensity data using the Savitzky-Golay
method, to mitigate high-frequency noise and to facilitate the identifi-
cation of the Raman features. To further prevent noise from being mis-
interpreted as an 'additional peak', a derivative-based filtering stage was
employed. This ensures that only signals with a statistically significant
signal-to-noise ratio are considered, making the manual discrepancy
evaluation robust and independent of the specific smoothing parame-
ters. The Savitzky-Golay smoothing parameters were explicitly set to a

1
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Table 4
Criteria comparison between the unknown sample and reference samples 2,1 and 4.
- Type of Unknown Sample | Reference 2: BIC - "Original” Reference 1: PENTEL - "Feel- Reference 4: PENTEL - "Antibacterial +" (smooth 7 pt)
Criteria L it! Wow"
criteria B AR
Additional peaks
1 Peak 1 203 203 0 x 203 0 x 204 1 % Peak X 1268
2 Peak 2 262 262 0 x - 267 5 x
3 Peak 3 423 423 0 X 423 0 X 419 4 X
4 Peak 4 495 495 0 x 495 0 x -
3 Peak 5 561 561 0 X 562 1 X 552 9 x
6 Peak 6 609 609 0 X 607 2 X 607 2 X
7 Peak 7 688 688 0 X 685 3 X 684 4 X
8 Peak 8 723 723 0 x 724 1 X 723 0 X
© Peak 9 768 768 0 X 764 4 x 774 6 x
10 Peak 10 799 799 0 x 800 1 x 802 3 x
11 Peak 11 945 945 0 x 945 0 x 948 3 x
12 Peak 12 1141 1141 0 X 1143 2 X 1138 3, X
13 Peak 13 1179 1179 0 x 1179 0 x 1184 5 x
14 Peak 14 1363 1363 0 x 1366 3 x 1363 0 x
15 Peak 15 1400 1400 0 x 1403 3 X 1393 7 X
16 Peak 16 1436 1436 0 X 1433 3 x 1434 2 X
17 Peak 17 1537 1537 0 x 1540 3 x 1530 i x
18 Peak 18 1585 1585 0 x 1587 2 x 1585 0 x
I Peak 19 1616 1616 0 x 1620 4 x 1610 6 x
20 Ratio A2/A1 0,30 0,30 0 x - 1,38 3,53
21 Ratio AS/Al 0,81 0,81 0 X 0,51 0,37 0,60 0,26
2 Ratio A7/A1 0,30 0,30 0 x 0,26 0,15 X -
Ratio
23 0,13 0,13 0 x 0,25 0,23 0,82
Al0/AL
Ratio
24 0,32 0,32 0 X 0,37 0,16 X -
Al2/A1
Ratio
25 0,17 0,17 0 x - 0,19 0,10 x
Al4/A1
Ratio
26 0,60 0,60 0 X 0,72 0,20 X 0,74 0,24
A21/A1
Ratio
27 0.80 0,80 0 x 0,96 0,19 x 1,30 0,62
A22/A1
Ratio
28 0,88 0,88 0 X 1,34 0,52 -
A24/A1
Ratio
29 0,64 0,64 0 x 0,70 0,10 x 0,11 0,83
A25/A1
Ratio
30 1,00 1,00 0 x 1,28 0,29 y
A26/A1
Ratio
3l 0,12 0,12 0 x 0,12 0,00 X -
A27/A1
Ratio
32 0,59 0,59 0 x 0,65 0,11 x 0,64 0,08 x
A28/A1
Ratio
88 0,12 0,12 0 x 0,08 0,30 -
A29/A1
Total score 33 25 20 -1
Matching 100% 76% 58%
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window size of 9 points and a polynomial order of 3. To confirm the
robustness of our results, we performed a sensitivity analysis by varying
the window size between 7 and 11 points and the polynomial order
between 2 and 4. We observed that neither the detected peak positions
nor the peak area ratios were significantly affected, and the resulting
compatibility scores remained stable.

Given the large number of bands present, to improve the accuracy of
the deconvolutions, each spectrum was divided into separate regions for
individual analysis. Specifically, six sections were identified for the ink
data, while the paper data were divided into four intervals. The band
deconvolution was performed using Lorentzian profiles, as this function
appropriately describes the line shape.

The analytical expression of the Lorentzian curve is given by:

w
Equation 5

Y=Yo+— A —x)° w2
where the parameters A, w, and x, represent the area, the half-width at
half-maximum (HWHM), and the peak center, respectively.

Fig. 3 shows the Raman spectra deconvolution for Whatman paper.

The most intense peak observed in the spectrum of Whatman paper,
composed of pure cellulose, is located around 1096 cm™*. The bands of
the paper play a fundamental role in the data analysis process, and the
positions of their centers are listed in Table 2.

It was observed that all samples, except for reference 6, displayed
very similar bands at 423 cm™?, associated with CNC bond bending, and
at 1540, 1587, and 1620 cm’l, associated with the stretching of benzene
rings in triarylmethane compounds.

Additionally, a band at 203 em™! is observed, associated with the
torsion of the methyl group (CHs), a band at 723 cm ! related to CN
group stretching, and an out-of-plane deformation with respect to the
benzene ring located around 561 cm ™! [41].

Fig. 4 shows the six-section deconvolution of the Raman spectrum of
the unknown sample.

The peak positions, along with their respective areas obtained from
the deconvolutions, are reported below (Table 3).

The same data processing pipeline, comprising Savitzky-Golay
smoothing, polynomial baseline subtraction, and pseudo-Voigt decon-
volution, was applied consistently to all acquired spectra. (see SI
Figures S2-S10 in supporting Information and Fig. 5).

A comparison with the literature [41,42] clearly indicates that the
main component of the inks (with the exception of reference 6 is crystal
violet pigment (also known as gentian violet, CosHogN3Cl, basic violet
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3). The bands that do not match this compound, specifically those
located at 262, 495, 688, 799, 945, and 1436 cm_l, may correspond to a
binder or solvent present in the ink formulation, depending on the
manufacturer's recipe. These additives are generally used to enhance
properties such as durability, consistency, fluidity, viscosity, and ink
adhesion.

4. Application of methodology and discussion of results

Once the bands for the unknown sample, were identified through
deconvolution procedures, the criteria for comparison were established
based on the peak positions and by normalizing the areas relative to area
A;, which represents the largest peak area.

Since in the unknown sample, peaks 5, 7, 9, and 11 exhibit a per-
centage error ¢ > 20% for their respective areas, according to the rule
established in Equation (1) these peaks must be excluded from further
analysis as they are considered unreliable data; the same treatment is
applied to other samples when necessary.

A total of 33 parameters were identified for matching with the other
inks, consisting of 19 peaks and 14 area ratios.

The possible presence of additional peaks in the samples compared,
relative to the reference, contributes to a negative score, resulting in a
reduction in the score assigned based on the corresponding criteria.

In the specific case of this experiment, given that the spectral reso-
lution of the spectrophotometer used is ~ 9 cm ™! and that a minimum of
3 pixels is required to define a peak, the estimated error on peak position
is set to 5x = 6 cm L.

According to Equation (2), in cases of non-significant discrepancy
|x — xger| < 12cm™!
maintained.

Referring to Equation (3), the confidence interval for assigning the

, the criterion value assigned to the peak is

criterion regarding area ratios is defined as % < 20%, where Rggr
is the area ratio derived from the data of the unknown sample.

To validate the scalability and accuracy of the identification system,
a leave-one-out cross-validation style evaluation was used. In this pro-
cedure, each ink spectrum in the dataset was alternately designated as
an 'unknown sample' and removed from the reference library. This query
sample was processed using the exact same acquisition and deconvo-
lution pipeline as the references to ensure that any findings were
inherent to the ink composition rather than data processing. The 'un-
known' was then compared against all remaining entries to calculate its
compatibility score and quantify the method's ability to correctly match
replicates while discriminating against distinct formulations.

Table 4 reports the calculated compatibility percentages between the
unknown sample and Reference 2, Reference 1, and Reference 4 inks
according to the methodology described above.

Furthermore, detailed assessments of the compatibility of the un-
known sample with the different inks are provided in Supporting In-
formation, from Table S1 to Table S3 in Supporting Information.

The unknown sample shows 100% compatibility with Reference 2
and 79% compatibility with Reference 7. Ballpoint pens from the same
manufacturer, such as Reference 2, BIC — “Cristal Original,” and Refer-
ence 7, BIC — “Orange Grip,” show a difference of compatibility of 21%.
This implies that even a 21% difference, derived from the criteria used in
the calculation, highlights differences between the two inks. It is also
notable that the unknown sample is largely comparable to Reference 1,
the PENTEL - “I feel-it! Wow” pen (76%), despite belonging to a
different manufacturer. In this case, the distinction could be further
refined by tightening the confidence interval for the area ratios, as
expressed in Equation (3), from 20% to 10%. Doing so results in a
compatibility percentage of 61% for Reference 1 (PENTEL - “I feel-it!
Wow”) and 73% for Reference 7 (BIC - “Orange Grip”), allowing a
more precise assessment of which of the two inks is more like the chosen
standard.

In contrast, the unknown sample is not comparable to the marker
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corresponding to Reference 6, STAEDTLER - “Lumocolor Permanent,”
since their compatibility is effectively zero. Not only does Reference 6
share no common area ratios with the unknown sample, but its spectrum
also exhibits a high number of additional peaks, further reducing
similarity.

Similarly, the compatibility of the unknown sample with the spec-
trum of Reference 8, STAEDTLER - “Noris Stick 434,” is relatively low
(30%) due to the appearance of additional peaks that contribute nega-
tively to the score, indicating a high probability that the two ballpoint
pens can be readily distinguished.

Consider the pens corresponding to Reference 9, COLOROSA —
“Semigel 1 mm” (55%), and Reference 10, BIC - “Soft Feel Med.” (55%):
although the former is from a different manufacturer and the latter from
the same manufacturer, they both show the same level of compatibility
with the unknown sample. Nevertheless, a 55% match is sufficient to
distinguish that their spectra does not closely resemble that of unknown
sample.

An interesting point to note is that the spectrum of the unknown
sample is clearly not confusable with that of Reference 3, PENTEL —
“Superb 0.7,” since its spectrum cannot be processed using the employed
experimental setup because with an excitation at 1064 nm, the pigment
contained in this sample produces a strong luminescence effect.
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In general, the spectra subjected to intensity smoothing (References
4,6,8) display additional peaks and partially compromised area ratios
that show little affinity with the reference sample. This result highlights
that, since deconvolutions cannot be performed directly on the original
data, there is a consequent reduction in the compatibility percentage
with reference ink.

In Fig. 6, the histogram reports the similarity percentages between
the reference inks examined and the unknown sample.

Finally, the results obtained quantitatively demonstrate the appli-
cability of this technique in distinguishing compounds based on a
calculated compatibility percentage. Assuming the analysis of an un-
known pigmented compound of similar composition and relying on a
database containing the comparison criteria for a large number of
samples collected with a given experimental setup, it would be possible
to determine its percentage compatibility with each entry and assign its
chemical identity accordingly.

5. Automatized data analysis

Starting from the exposed approach, we implemented an automatic
calculation algorithm designed specifically on the parameters defined in
previous paragraphs. With the help of a Python code, we built a
sequence of operations consisting in different steps to clean the row
data, promote a first stage of filtering and then carrying out the final
refinement. The code acts in the overall spectrum, allowing a complete
vision of the entire process involving each compared peak. Fig. 7 shows
the process flowchart of the code which represents each part of the logic
sequence.

The first step refers to the baseline remotion from the spectra, acti-
vating a threshold on the noise variation and telling apart the baseline
profile. The functions “ramanspy” and “scispy” of the code, acting as
derivative of a selected range of points, ensures the result. The second
step implies the normalization of the spectra intensities to a refence peak
individuated as the common one among the spectra or as a reference for
the user. The third step starts with the study of position matching related
to the most intense peaks (a parameter of maximum intensity percentage
can be set to proceed for gradual comparison). This phase corresponds to
a first filtering procedure that excludes all the targets in which the peaks
are out of the selected confidence. In the perspective of a large number
of comparisons the first filtering reduces the range of analysis. Even if at
the follow of this step the number of spectra to be analyzed is anyway
big, a more stringent intensity percentage parameter can be selected to
refine out. Also in this case, the functions “ramanspy” and “scipy” of the
code ensures the result. When the position of the principal peaks cor-
responds to an acceptable limited number of spectra, the refinement can
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Fig. 10. ROC curves and confusion matrices for the classification of Raman spectra across ten ink types using an SVM-RBF model.
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be activated. A deconvolution of the peaks with pseudo-Voigt profile
expressed by equation (6) assures that all contribution of homogeneous
and inhomogeneous broadening is considered into the analysis.

The normalized pseudo-Voigt formula is a linear combination of a
normalized Gaussian and a normalized Lorentzian function. The specific
formula used is

—In (2)(x=xc)*
WZ

(1-ne G Equation 6

1
Y=Yo+A ’71(7+

x—xc)
2

where yy is the offset, x. the center of the peak, A the area under the
curve, 7 is the shape factor (7 = 1 is Lorentzian and # = 0 is Gaussian), wg
is the Gaussian full-width at half-maximum (FWHM) and w;, is the
Lorentzian full-width at half-maximum (FWHM).

This step corresponds to an effective refinement operation where the
peaks position, peaks area and FWHM are optimized to well describe
each spectrum. Following this procedure, a real scoring operation can be
attributed to each result, and a complete parametric comparison can be
obtained. Fig. 8 reports an example of results carried out using 8 cm ™! as
confidence in the peak position.

With the help of this specific algorithm of analysis a neural net of Al
can be trained to optimize the calculation time and compare a very large
number of targets.

Noticeable differences occur in the similarity percentages obtained
with the comparative method and those produced by the automated
analysis (Fig. 9). These discrepancies result from the distinct ways in
which the spectral data are processed: in the comparative approach, the
spectrum is divided into six separate regions that are individually
evaluated and subsequently averaged to produce a final similarity value,
whereas in the automated system the spectrum can be analyzed in its
entirety, allowing the algorithm to exploit all available spectral infor-
mation at once.

To complement the rule-based chemometric workflow, we imple-
mented a preliminary supervised Machine Learning (ML) framework for
the classification of Raman spectra across ten ink types. Each spectrum
was transformed into a fixed-length feature vector derived from the most
prominent spectral peaks, specifically focusing on position, normalized
area, height, and shape parameters, to ensure a physically interpretable
data representation. The classification pipeline integrates feature stan-
dardization, dimensionality reduction via Principal Component Analysis
(PCA), and a Support Vector Machine (SVM) with an RBF kernel, trained
and assessed using a stratified hold-out validation scheme. Model per-
formance was evaluated through one-vs-rest ROC curves and confusion
matrices, providing objective quantitative metrics(Fig. 10).

Given the limited availability of experimental spectra, a data
augmentation procedure was introduced to generate synthetic samples
through the controlled addition of noise and statistical variability,
allowing for progressive training with larger datasets. To ensure statis-
tical robustness despite the limited initial samples, we employed a
stratified hold-out scheme coupled with data augmentation, providing a
reliable performance estimation comparable to a Stratified K-Fold Cross-
Validation approach. Our results indicate a clear enhancement in clas-
sification performance as the training set size increases, with most
classes achieving high AUC values and a progressive reduction in mis-
classifications, even among spectrally similar inks. While these findings
demonstrate the feasibility of ML-based discrimination within our pro-
posed pipeline, this study represents an initial step. The current sample
size limits generalization, consequently, future work will focus on
expanding the experimental dataset and refining augmentation strate-
gies. This integration establishes a foundation for a scalable ML frame-
work suited for large spectral databases.

To assess the forensic reliability of the compatibility scoring
approach, an additional statistical validation was carried out based on
replicate comparisons across the dataset. In particular, the distributions
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of compatibility scores obtained from intra-class comparisons (replicates
belonging to the same ink formulation) and inter-class comparisons
(comparisons between different inks) were analyzed. Intra-class com-
parisons were generated by comparing replicate spectra obtained from
the same ink sample, following the same acquisition and processing
pipeline described above. Inter-class comparisons were obtained by
comparing spectra belonging to different ink formulations in the dataset.
This procedure allowed the construction of two independent statistical
populations representing the expected score distributions for matching
and non-matching inks. The resulting distributions show a clear sepa-
ration between the two groups. Intra-class comparisons systematically
produce high compatibility scores, reflecting the reproducibility of the
Raman spectral features extracted from replicate measurements. On the
contrary inter-class comparisons generate significantly lower compati-
bility values due to the presence of peak position discrepancies,
incompatible area ratios, and additional spectral features. Based on
these distributions, a decision threshold was defined in order to classify
whether two spectra should be considered compatible or not. The
threshold value was selected at the point that maximizes the separation
between intra-class and inter-class populations while minimizing clas-
sification errors. Compatibility scores equal to or above this threshold
are therefore classified as matching inks, while scores below the
threshold are classified as non-matching inks. Using this criterion, the
performance of the compatibility scoring system was evaluated through
a confusion matrix derived from all replicate comparisons in the dataset.
The confusion matrix reports the number of: True Positives (TP: repli-
cate spectra of the same ink correctly classified as compatible); False
Positives (FP: spectra from different inks incorrectly classified as
compatible); False Negatives (FN: replicate spectra of the same ink
incorrectly classified as incompatible). From the confusion matrix (re-
ported in Fig. 10) obtained with the highest numbers of samples (1125)
we extracted the values of the TP (868), FN (257), FP (257) and the
accuracy (77.16%). The results demonstrate that the compatibility
scoring framework provides a reliable discrimination between inks
belonging to different formulations while maintaining a high level of
reproducibility for replicate measurements of the same ink. Overall, this
validation confirms that the compatibility-based comparison strategy,
when supported by standardized spectral preprocessing and peak
deconvolution, provides a statistically robust tool for the discrimination
of writing inks. The approach can therefore be extended to larger
spectral libraries, where the combination of compatibility scoring and
automated analysis algorithms may enable rapid screening and classi-
fication of large numbers of ink samples.

6. Conclusions

This study presents a comparative Raman-based methodology for the
identification and classification of modern black ink, with potential
applications in both cultural heritage diagnostics and forensic science.
By combining peak-position analysis, normalized area ratios, and a
scoring strategy grounded in instrumental uncertainty, the proposed
approach enables a quantitative assessment of spectral compatibility
between inks. The method is effective in discriminating against formu-
lations even within the same manufacturer highlighting compositional
differences through the detection of additional bands or non-matching
peak ratios.

The results demonstrate that Raman spectroscopy, when supported
by systematic deconvolution procedures, can distinguish between inks
that share a common pigment, such as crystal violet, while also identi-
fying differences related to binders, additives, or manufacturing pro-
cesses. The methodology further highlights the importance of
standardized data acquisition, baseline removal, and the careful exclu-
sion of unreliable observables, all of which are essential for achieving
reproducible and comparable compatibility scores.

In this context, it must be highlighted that certain ink formulations
may not be addressable under the specific excitation and instrument
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configuration chosen, as demonstrated by the sample that yielded de-
tector saturation. Such cases are categorized as 'unclassifiable' within the
standardized framework; since the methodology requires identical
experimental conditions for a valid comparison, a divergent optical
response (luminescence or thermal instability) is itself a diagnostic in-
dicator of a different chemical nature or the presence of specific fluo-
rophores, inherently excluding compatibility with the reference group.

While the present study utilizes a standardized substrate to establish
a high-resolution reference framework, future research will be directed
towards testing the impact of environmental degradation (such as
photodegradation and oxidation) and the presence of paper fillers or
coatings. These subsequent investigations will explore how UV exposure
and thermal stress influence the spectral shifts and area ratios, further
expanding the robustness of the database for real-world forensic and
cultural heritage applications.

The implementation of an automated algorithm provides an addi-
tional and complementary pathway for large-scale, high-quantity spec-
tral comparison. Unlike the comparative method, where spectra are
divided into six sections and averaged, the automated system evaluates
the entire spectral profile, thereby exploiting a greater amount of in-
formation and yielding similarity values that may differ from those
obtained manually. These discrepancies reflect intrinsic differences in
data handling and illustrate the potential of automated approaches for
refining ink classification, especially in the context of extensive spectral
databases.

Overall, the findings confirm that the presented methodology is
suitable for the discrimination of ink formulations and for the identifi-
cation of unknown samples based on a quantitative compatibility index.
With further extension to a broader dataset and integration into a
structured spectral database, this approach could work as a powerful
tool for authentication, provenance studies, and forensic investigations.
Moreover, the automated analysis developed in this work provides a
foundation for future implementation of machine learning or neural-
network models capable of performing rapid comparisons across thou-
sands of spectra, enhancing the speed, reliability, and scalability of ink
identification in real-world applications.
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