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Identification of animal species in medieval parchment manuscripts is highly relevant in cultural heritage
studies. Usually, species identification is performed with slightly invasive methods. In this study, we
propose a contactless methodology based on reflectance spectrophotometry (ultraviolet-visible-near-
infrared) and a machine learning approach for data analysis. Spectra were recorded from both historical
and modern parchments crafted from calf, goat, and sheep skins. First, a continuous wavelet transform
was performed on the spectral data as a preprocessing step. Then, a semisupervised neural network with
a 2-component architecture was applied to the preprocessed data. The network architecture chosen was
CWT-CNN (continuous wavelet transform—convolutional neural network), which, in this case, is composed
of a convolutional autoencoder and a single-layer dense network classifier. Species classification on
holdout historical parchments was attained with a mean accuracy of 79%. The analysis of Shapley additive
explanations values highlighted the main spectral ranges responsible for species discrimination. Our study
shows that the animal species signature is encoded in a wide band-convoluted wavelength range rather
than in specific narrow bands, implying a complex phenotype expression that influences the light scattering
by the material. Indeed, the overall skin composition, in both micro- and macroscopic physicochemical
properties, is relevant for animal identification in parchment manuscripts.
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Introduction

Data-oriented approaches are emerging in the field of cultural
heritage as a powerful tool for the accurate inference of some
properties of interest based on data generated by experimental
analysis techniques. For instance, such approaches associated to
spectroscopic data have been successfully employed to character-
ize historical papers [1], photographic silver prints [2], color
photographs [3], Islamic papers [4], Chinese papers [5], and
paper books [6]. Many of these studies used data preprocessing
techniques and predicted the physical characteristics or produc-
tion dates of the heritage objects through advanced data analysis
models. Lately, studies in cultural heritage considered machine
learning models such as random forest (RF), k-nearest neighbors
(kNN) [6], and support vector machines (SVMs) [7] but also
convolutional neural networks (CNNs) [8]. Data-oriented meth-
odologies have also been recently employed in the field of zoo-
archaeology [9]. Zooarchaeology, a branch of science at the

Roy et al. 2024 | https://doi.org/10.34133/icomputing.0101

crossroads of zoology and archaeology, focuses on the relation
between humans and animals in prehistory and history [10]. In
this vast field, some studies aim to identify species of long-dead
animals through various analysis techniques [11,12]. More gen-
erally, zooarchaeology deals with the identification of the materi-
als used to craft tools and objects of animal origin; for instance,
it examines European medieval parchment manuscripts made
from the processed skins of young domestic animals (mainly
goats, sheep, and calves), sometimes stillborn or dead young [13].
Since the 2000s, the materiality of writing has become a field of
study on its own [14-16]. In particular, interest in the animal
origin of parchments has grown continuously in the past decades
[14,17-21]. At first, studies on the animal origin of parchments
aimed to complement historical studies on parchment manu-
scripts. Indeed, codicology—the discipline that studies codex
manuscripts—is increasingly concerned with the production,
economy, and materiality of medieval parchments [20]. Materials
science studies on parchment are useful not only to historians,
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but also to curators and restorers, who seek to adapt parchment
conservation conditions and improve restoration practices
[22-25]. In this context, knowing the animal species of pre-
served parchments in museums and archive collections is criti-
cal [11,19,26]. For this purpose, electrostatic zooarchaeology
by mass spectrometry (eZooMS) has become a reference tech-
nique [27]. This technique discriminates between parchment
animal species (goat, calf, and sheep) by analyzing the species-
specific variations of collagen peptide sequences through their
mass fingerprints [27]. Although the species is readily obtain-
able by eZooMS, the technique requires microsampling of col-
lagen from the parchment, i.e., the parchment must be gently
rubbed to rip collagen oft the surface [27]. The microsamples
then require aqueous sample preparation [27] before analysis
by mass spectrometry.

As one deals with historical parchments from collections,
experimental characterization techniques must be as minimally
invasive as possible. A panel of techniques are available and
adapted to meet this requirement [18,22,24,28-30]. Among
them, spectrophotometry methods such as ultraviolet-visible—
near-infrared (UV-visible-NIR), Raman, and Fourier trans-
form infrared spectroscopy techniques are excellent candidates
in this prospect, as they enable strictly noninvasive measure-
ments (i.e., measurements without contact). Moreover, they
do not require sample preparation (use of chemicals) and can
be performed in an atmospheric environment. Furthermore,
spectral photometric measurements can be easily implemented
in libraries, museums, and restoration studios. This facilitates
in situ data acquisition and sharing between research teams
through the collaborative building of a database of spectra and
ensures that data were acquired in the same conditions and
normalized. These optical techniques are therefore preferable
to eZooMS, which is microinvasive.

A previous study [18] showed that parchment species infor-
mation could be extracted from UV-visible-NIR scattering and
absorption spectral measurements. However, the signature of the
animal species appeared to be nontrivially embedded in the spec-
trophotometric data; thus, retrieving the information required
the application of principal component analysis. In fact, the UV-
visible-NIR spectral response of organic materials often includes
broad molecular overtone and combination bands, resulting in
intricate spectra that complicate the attribution of distinct fea-
tures to particular chemical components [31].

Unsurprisingly, the animal phenotype manifests itself in the
skin structure, which enables its recognition. For example,
experts can discriminate between calf, goat, and sheep skins by
examining hair follicle patterns with the naked eye [13,32]. It
is therefore reasonable to assume that the various scattering
and absorption properties of parchment carry the indirect sig-
nature of the species phenotype. At the microscopic scale, the
chemical composition of the parchment (which comprises col-
lagen, fats, etc.) influences light absorption in the ultraviolet to
infrared range, whereas, at the mesoscopic scale, the collagen
fiber network influences light scattering.

In Ref. [18], the spectrophotometric characterization of parch-
ment involved measurements of both diffuse and total (hemi-
spherical) reflectance, transmittance, and absorptance. In the
present study, we chose to measure reflectance spectra only,
which was sufficient for species identification. The advantage
of restricting measurements to reflectance is that such measure-
ments do not limit parchment size (see Materials and Methods).
The physical interpretation of spectral bands is, however, made
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more difficult when only reflectance is recorded (see discussion
below). Unlike eZooMS, which is limited to collagen analysis,
spectrophotometry can probe a range of parchment chemical
components, as well as their physicochemical properties. The
measurement wavelength range must be chosen according
to the targeted components (collagen, fats, etc.). Electronic
transitions causing optical absorption are located in the UV-
visible-NIR range, whereas rotational and vibrational transi-
tions take place in the mid- and far-IR ranges. The latter
transitions are characteristic of not only local molecular struc-
ture but also aspects of the chemical environment of the mol-
ecules, such as the degree of crystallinity of the material. This
explains why mid- and far-IR spectrophotometry is often used
to quantify parchment degradation (aging) [30,33]. While it
could also help identify the species through specific molecules
(e.g., fats), we therefore preferred UV-visible-NIR to mid- and
far-IR spectrophotometry, because the former spectral ranges
are less sample-structure-specific and contain some molecular
fingerprints that would strengthen the identification better than
the latter.

Chemometric characterization of spectra is often supported
by some type of systematic data analysis, for instance, principal
component analysis (PCA), followed by kNN for classification
[18], partial least squares (PLS) regression [6], support vector
machine regression (SVR) [34], or a CNN [35,36]. Given the
intricate embedding of information, the use of machine learn-
ing algorithms is a natural choice. For instance, in dating his-
torical papers, a recent study applying RF and kNN algorithms
to NIR spectroscopic data [6] reached a date resolution as low
as 2 years.

In this study, the extraction of species information embed-
ded in recorded spectra was achieved with a larger and more
diverse dataset than in Ref. [18] as well as with a more advanced
data analysis method. Specifically, we used an original machine
learning (ML) method to classify the animal species (to assign
labels) to parchments based on UV-visible-NIR spectroscopic
data. In our method, a semisupervised convolutional autoen-
coder (CAE) and classifier operates on a continuous wavelet
transform (CWT) representation of the UV-visible-NIR spec-
tra. This network architecture takes advantage of the unsuper-
vised feature-learning capabilities of an autoencoder (AE) to
reduce the size of the classification network part that requires
species-labeled spectra for training. The complexity of the
network is further reduced as the first convolution layer is
provided by CWT. Moreover, CWT improves the network per-
formance and stability to hyperparameters while being an efficient
interface for feature selection and spectrum filtering. This archi-
tecture follows the parsimony principle [37] to mitigate over-
fitting: it reduces the number of trainable parameters while
exploiting both labeled and unlabeled data. Other tested ML
methods show poor classification accuracy on our dataset.

Materials and Methods

The dataset: Definition, processing, and
characterization of samples

Both modern and historical parchments processed from sheep,
calf, and goat skins were used in this study. Skins from different
breeds and individuals were selected to increase the diversity
in each species. This sample diversity is important for the
robustness of the machine learning model. We used 4 X 4 cm®
pieces from different regions of the skin to increase the number

202 ‘LT 4800100 U0 JewinN Xied B|ap awed 210N Sa4e1SeAIUN S1ndeH e B10'8ous 105 [ds//:sdny wouy papeojumoq


https://doi.org/10.34133/icomputing.0101

Intelligent Computing

of samples in the case of modern parchments. Similarly, the 2
sides of the parchment (the flesh and grain sides) were regarded
as different samples since they exhibit different surface scatter-
ing properties. For historical parchments, species were labeled
by mass spectroscopy peptide sequencing [38] and all 3 species
were represented. In total, the sample set consisted of 55 (25)
calf, 75 (19) sheep, and 68 (20) goat modern (historical) samples.
A more detailed description of the sample set can be found in
the Supplementary Materials.

For each sample, the total (hemispherical) reflectance was
measured, which included both the diffuse and specular com-
ponents of the reflected light at wavelengths ranging from 250
t0 2,500 nm. A double-beam spectrophotometer (Perkin Elmer
Lambda 750) was equipped with an integrating sphere, which
was used to collect light scattered in all directions. The wave-
length scanning step was fixed at 10 nm to enable quick acquisi-
tion (less than 3 min) while keeping resolution high enough.
It is worth noting that these specifications can be reached by
smaller (handheld) devices and/or devices equipped with fiber
optics that could better fit conservators’ requirements.

The dataset resulting from this collection of samples pres-
ents several challenges. As mentioned, the useful features for
species identification are embedded in the bulk of the spectra.
Consequently, these spectra cannot be accurately classified—
i.e., assigned to a specific species—using straightforward
methods such as kNN alone. This challenge is made even
stronger given the covariate shift between historical and mod-
ern spectra. The influence of natural aging induces a shift in
the feature (covariate) distribution between modern parch-
ments and historical parchments that underwent aging in
various conditions. This aging may cause broadening of spec-
tral bands due to collagen subpopulations and the appearance
of degradation components. Nonetheless, the utilization of
modern parchment spectra stands as a pivotal element for the
successful configuration of the classifier. This is primarily due
to the scarcity of labeled historical spectra, which makes the
integration of modern data essential in the training proce-
dure. Ultimately, the limited size of the dataset imposes con-
straints on the application of deep learning techniques. It is
crucial to exercise meticulous caution to prevent overfitting
and ensure that the models remain generalizable and effective
across unseen data.

CWT representation
As stated in Coppola et al. [6], a robust spectral preprocessing
technique ought to eliminate unwanted sources of variability,
such as noise, baseline shifts, and scattering. There are count-
less filtering methods: Savitzky—Golay (SG), spatial filters,
finite impulse response, Fourier masking, and splines can
reduce noise and/or baseline shifts. In our approach, we chose
to work with the CWT. The CWT is widely employed in signal
processing, notably in speech recognition, where it eases the
visualization of spectral components across the timeline. When
applied to spectral data R(4), the timeline is actually the wave-
length of light. The CW'T convolves the spectra with wavelets
of decreasing scale ¢ in order to observe features of decreasing
size. From observation of the baseline up to the sharpest fea-
tures, CWT acts like a mathematical microscope. Similar pre-
processing is not uncommon in the treatment of near-infrared
spectra [35].

CWT is a powerful preprocessing step for CNNs as it pro-
vides a first convolution layer that does not require numerous
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trainable parameters. The CWT is expressed as the convolution
of each spectra R(4) by a wavelet, i.e.,

W(Aho) = % ro R(,y)(p(u)d,v. )

0 J— c

The wavelet, used for convolution, is the common Ricker

wavelet,
#(1_}”_2>e—/12/(252). 2)
\/3V7 ’

In practice, the CWT turns a spectrum R,(4) into a scalo-
gram W;(4,0). The discrete choice of wavelet scales ¢; and
measured spectral wavelengths 1, makes the scalogram a
2-dimensional (2D) picture, ready to be later processed by a
2D CNN.

As a filtering step, the considered wavelet scales o range from
0, to 6, + Ao, defining a window on the full scalogram (Fig. 1).
This is indeed a feature scale filtering: Ao acts as the bandwidth
and o, controls the scales captured within the band. This win-
dowed scalogram can be considered as both a filtering step and
a feature selection that can be further refined by the CNN layer
based on the training data.

D(Ao) =

Network architecture

In this study, we harnessed the unsupervised feature extraction
of autoencoders to assist a classification network in a common
semisupervised [39] training procedure. The autoencoder and
classifier network were integrated in a single architecture, as
shown in Fig. 1. With this combination, we aimed to improve
the generalization capability of the classification network in a
context where labels are difficult to obtain for a considerable
part of the dataset (as discussed above).

An autoencoder is a neural network specifically designed
and trained for the purpose of encoding and then reconstruct-
ing its input such that the difference between input and output
is minimized [40]. A pivotal aspect of the autoencoder lies in
its capability to reduce the dimensionality of the analyzed data
during its encoding operation. This makes AEs a formidable
tool for the unsupervised learning of compressed data repre-
sentations. In order to achieve accurate reconstruction, the
autoencoder learns to distinguish meaningful features of the
input data in its encoder component (Fig. 1). This capability
has been used in the past to accelerate the training of deeper
networks [41]. It is noteworthy that autoencoders do not
require any labeled data as they train solely on the task of data
reconstruction.

The autoencoder is a 2D CNN operating on the CWT rep-
resentation discussed above. The classification network is a
single dense layer starting from latent representation indexed
—1in Fig. 1. The classification network is optimized through a
negative log-likelihood (NLL) loss function while the recon-
struction from the AE uses a mean squared error (MSE) loss
function. The optimal reconstruction loss accounted for approx-
imately 30% in the total loss when optimizing the network
parameters, whereas the classification loss accounted for 70%.
This was desired as the classification task must take precedence
over the auxiliary reconstruction. The reconstruction was made
even rougher due to the small central (zeroth order) latent
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Fig.1. Architecture of the semisupervised classifier. An illustrative calf reflectance spectrum is shown on the top left. It is turned into the scalogram below by convolution with
the Ricker wavelet for scales from 6, = 0.1 pm with Ac = 0.32 pm. The network is represented in the center with its input and output (reconstruction) on the left and right
sides, respectively. The classification network is highlighted in blue. Losses associated to the classification and reconstruction are also illustrated.

representation. The small size of the latent space favored the
extraction of synthetic patterns in the data.

During the training procedure, a rudimentary data augmen-
tation procedure was used: spectral values were randomly scaled
by a uniform random factor between 0.5 and 1.5. Because our
spectra were normalized to the light source intensity, the net-
work did not take into account the absolute reflectance values
and only considered shifts in distributions between species.
Gaussian noise (4 = 0, 0 = 0.05) was applied on the whole
scalogram as a regularization measure. The training procedure
included L, regularization at a rather high scale of 0.01 in order
to mitigate over-fitting.

Results

Performance metrics

To assess the performance of the classification models, we
employed 2 distinct metrics. The first metric involved k-fold
validation (K), wherein one-fourth of the dataset was allocated
for validation purposes. We repeatedly trained 4 models, each
time altering the portion reserved for validation. As the dataset
includes both modern and historical parchments, the training
and validation sets contained both.

The second metric, which we refer to as historic validation
(M), aligns closely with our objective of identifying the animal
species of historical parchments. In this approach, we trained
the network using only the modern parchment spectra (holding
out the historical parchment spectra) and subsequently vali-
dated its performance against all 64 historical parchment spec-
tra. This metric was challenging, since there was a notable
covariate shift between the spectra of historical and modern
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Fig. 2. Influence of scalogram feature selection on classification performance. (A) A
normalized scalogram from sheep parchment is shown with wavelet widths ranging
from 10 t0 1,280 nm. (B) The classification accuracy is charted against the scalogram
window offset (a,) for different window widths (Ac).

parchments. Consequently, the network must exhibit a certain
level of robustness to handle this shift. These dual metrics
offered respectively less and more severe evaluations of the
performance of our model.

Guidelines for feature selection
This section presents an empirical study of the importance of
spectral features relative to their scale. Feature selection was
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leveraged to gain a deeper understanding of the data at hand.
The selection consisted in considering only a vertical band of
the scalogram illustrated in Fig. 2A. The illustrative scalogram
ranges from wavelet scales of 0.01 to 1.28 pm. The band is
defined by a width (Acs) and an offset (6,) on the wavelet scale
axis. In Fig. 2B, the historical classification accuracy (H) is
charted against the window position o, for different window
widths Ae. Four window widths were considered: Ac = 0.24,
0.32, 0.48, and 0.64 pm. The historical classification accuracy
is shown for each window size in Fig. 2B.

In Fig. 2, we observe that, for each window size Ao, the accu-
racy tends to be higher for higher offsets (¢,). The window sizes
also have a strong impact, since larger windows lead to better
accuracy with smaller offsets. The accuracy for the Ao = 0.24,0.32,
0.48, and 0.64 pm windows rises for offsets ranging from ¢, =0
to ~0.3 pm. An illustrative window of Ac = 0.320 pm is shown
in Fig. 2A. The window offset (6, = 0.28 pm) is placed in an area
where accuracy rises with increasing ;. The increase of 6, + Ao
to ~0.6 pm accumulates wavelet scales that are informative input
to the network. After passing 0.6 pm, the accuracy starts to fall,
indicating that the larger-scale components alone cannot provide
enough information. This observation indicates that crucial spe-
cies information lies in multiscale spectral features spanning
from around ¢ = 0.3 to 0.6 pm. A well-performing range for o,
and various A is illustrated in Fig. 2.

Benchmark of CWT-CAE classifier

In the previous section, we revealed that the CWT-CAE approach
can reach an accuracy from 75% to 79% (Fig. 2B) with permis-
sive parameter selection. In this section, this result is compared
to the results of other popular classification methods (Table).
For all methods, the parameters were systematically tuned to
achieve the reported optimal performance. Whenever the algo-
rithm presented stochastic processes, multiple independent
executions of the model-fitting procedure were recorded and
the average performance was reported. Code for this bench-
mark is made available for reproducibility at https://github.
com/Kaeryv/Manuspector. Reported methods include kNN
and REF, already used in the cultural heritage field [6], as well
as 1D and 2D CNNs [35,36]. Preprocessing methods include
SG and CWT. PCA-KNN uses PCA before kNN for dimension
reduction, as in Ref. [18].

Our method, CWT-CAE, is the best method on both valida-
tion metrics. A representative value of 79% classification accu-
racy was obtained by averaging the optimal accuracy obtained
in 10 successful independent training processes of CWT-CAE.
Among all model realizations (successful or failed), the best
model achieved an accuracy of 83%, while the average accuracy
(including failed models) was 75%. Failed models are outliers
characterized by particularly low accuracy that can go well below
50%. The failure of these models is due to an unfortunate ini-
tialization of the weights in the training procedure that led to a
network with constant output. One hypothesis to explain these
failures is that the use of strong [, weight regularization may
sometimes trap the network in local optima where all the weights
are zero. A similar evaluation approach was taken for a CAE
operating directly on the spectra without CWT (SG-CAE1D),
but the method proved to be so sensitive to its hyperparameters
that we deemed it unreliable.

Considering the results presented in Table, the limitations of
certain methods, such as kNN, become apparent. The disparity
between the 4-fold accuracy (0.82) and historical accuracy (0.59)
suggests a failure of the KNN model to generalize effectively to
historical spectra. This outcome is expected, given that kNN
relies on distances between samples, making it highly suscep-
tible to covariate shift between historical and modern parch-
ments [42]. A similar trend is observed with SVM. However,
there is a slight improvement with PCA-kNN, indicating that
although the accuracy of the model diminishes, the model
exhibits enhanced generalization capabilities following dimen-
sionality reduction to 3 dimensions. From this benchmark
analysis, it appears that both PCA and explicit CWT window-
ing contribute positively to feature selection, thereby influenc-
ing model performance.

Explainable classifications using SHAP values

Performing well in the classification task is only one aspect of
our objective. This section aims to understand a posteriori the
(black-box) classification process [43]. Approximations of Shapley
additive explanations (SHAP) values [44] represent a widely
recognized tool for the task. While SHAP values are better
interpreted locally (sample-wise), a global representation of the
sample-averaged SHAP values is provided in Fig. 3. As SHAP
values can be obtained as 2D distributions on 1 and o, we will

Table. Optimal historical holdout and k-fold accuracies for a selection of classification procedures. The algorithms include convolutional au-
toencoders (CAE) in 1D and 2D using continuous wavelet transform (CWT) as well as gradient-boosting (GBC), random forest (RF), k-nearest
neighbors (kNN), and support vector machine (SVM) classifiers. Methods using an optimized Savitzky—Golay filter contain the SG prefix. The
parameters leading to optimal historical accuracy are indicated for each method when practical.

Method Averaged 4-fold accuracy Historical holdout accuracy Parameters
CWT-CAE2D 0.85 0.79 ~27,000
SG-CAE1D 0.82 0.69 ~2,000
SG-GBC 040 0.38 Nestimators = 100
SG-SVM 0.69 048

SG-kNN 0.82 0.59 k=9
SG-RF 043 040 ~3,000
SG-PCA-kNN 0.56 0.625 Npe=3,k=1
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202 ‘LT 4800100 U0 JewinN Xied B|ap awed 210N Sa4e1SeAIUN S1ndeH e B10'8ous 105 [ds//:sdny wouy papeojumoq


https://github.com/Kaeryv/Manuspector
https://github.com/Kaeryv/Manuspector

Intelligent Computing

Goat

Reflectance [%]

T T T T T
—— Pearson correlation SHAP importance (0% Reflectance 100!
=
S D E 4 F
o 0.5 I | 4 I
= \ .
(O]
S
S 0.0 /7 i «\/
(@]
'4: .
©
(O]
& —0.5 1 H -
(@)
U 1 1 1 1 Ll 1 1 1 1 1 1 1 1 1 1
™ ™ 23
N} NN A° Q- NAEENAEEIN A® Q- NN A®

Wavelength [um]

Wavelength [um]

Wavelength [pm]

Fig. 3. Summary SHAP analysis on the whole dataset. (A to C) lllustrative spectra are shown for calf, sheep, and goat parchments. The average spectra over the dataset is
charted as a dotted line in the background of each plot for reference. lllustrative spectra from the other species are also shown in dimmed colors. (D to F) The correlation (C)
andimportance (/) are represented on the left and right axes, respectively. In the background, unprocessed SHAP values are plotted as dots of color representing the reflectance.

refer to the SHAP values of sample i as a continuous function
Si(4,0). Two global metrics were devised from this definition:
the average correlation (Pearson coefficient function, p;)

1 samples oo+Ac
CA) = N Z PP<J Si(ﬁ,ﬁ)dU’Ri(ﬂ)) )

samples i oy

and the averaged importance:

1 Nsamples J60+A6

1) = —— >

samples i

|S,(0)ldo.  (a)

o0

Figure 3D to F shows mean tendencies out of the dataset by
charting the SHAP values for the whole dataset against the
wavelength. In the bottom charts, blue dots represent high
reflectance and red dots denote low reflectance. To facilitate
interpretation, the importance I(1) and correlation C(4) values
are also charted for each species. Our interpretation focuses on
spectral regions where the importance is high. For instance, the
region with A > 0.6 pm in Fig. 3 indicates anticorrelation (C < 0)
between reflectance and the probability to be classified as calf.

The global analysis of averaged SHAP values (see the “Phy-
sicochemical discussion” section below) might initially suggest
that classification is straightforward, as highlighted in the above
example. However, our comparative benchmarks with simpler
classification models indicate that it is not. While the averaged
SHAP values in Fig. 3 provide a broad overview of the classi-
fication process, it is important to recognize that each sample
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possesses unique characteristics that influence its classification.
This nuance is essential for understanding the complexity involved
in accurately categorizing data: some samples may have SHAP
values differing considerably from those reported in Fig. 3. With
the examples of Fig. 3, our goal was to present a comprehensive
overview of the classification process for practitioners in the
field of cultural heritage to bridge the gap between complex data
analysis techniques and their practical applications.

Discussion

Machine learning discussion
In this study, we developed a classification scheme that effi-
ciently uses both labeled and unlabeled data to identify animal
species from parchment UV-visible-NIR spectra. This method
is designed to be robust to over-fitting and prepossessing, as
it addresses the need for data-efficient classification in the
absence of extensive labeled datasets. The classification model,
which was trained exclusively on modern parchments, achieved
an accuracy as high as 79% on holdout historical parch-
ments. This outcome suggests the practicality of our approach,
although the model was trained on a relatively narrow dataset.
This result indicates that it is possible to extract species infor-
mation from UV-visible-NIR spectral data, confirming that
these spectra contain distinguishable features specific to dif-
ferent species [18].

However, the study also highlights the limitations we currently
face, primarily the constraint imposed by the small size of the data-
set available for training the model. This limitation is a common
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challenge in specialized fields where collecting extensive and
varied data can be difficult and time-consuming. To mitigate this
issue for the present dataset, we tried removing the UV and visible
parts of the spectra, which were the least critical in the obtained
classification. This approach resulted in a slightly improved his-
torical accuracy, up to 82% for o, < 0.2 pm (see Supplementary
Materials and related discussion). However, retaining the com-
plete spectra is a more scalable approach in order to remain open
to unforeseen correlations extracted from a bigger dataset. For
this reason, the classification was operated in the full UV-visible-
NIR range.

In a global, scalable approach, the best solution is a gradual
increase in the dataset that incorporates more individuals (ani-
mals) among the collected parchments. We acknowledge that
this expansion is a time-intensive process that would benefit
considerably from external collaborations. Furthermore, clas-
sification would benefit from data augmentation that focuses
on methods informed by the physicochemistry of parchment
aging rather than relying on simple scaling and offsetting tech-
niques. Such an approach would enrich the dataset in a manner
that better reflects the complexities and nuances of realistic
parchment aging processes, thereby enhancing the ability of
the model to generalize from the training data to new, unseen
historical parchment samples.

Physicochemical discussion

Our results show that species identification can be reached
from reflectance spectra only, and that the classification algo-
rithm focuses on different spectral ranges according to species.
For measurements, the diffuse reflectance configuration was
preferred as it offers the least invasive method for recording
UV-visible-NIR spectra from parchment manuscripts, meet-
ing the aforementioned requirement for contactless measure-
ments. Furthermore, our method uses a limited amount of
data due to the constraints imposed by the study of cultural
heritage artifacts, yet is sufficient for species identification. In
Fig. 4, the mean UV-visible-NIR spectra are replotted for better

70+
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Fig.4.Typical UV-visible-NIR spectra of calf, sheep, and goat parchments. Several
specific bands and intervals are marked for interpretation: the left shaded area
stretches from 0.250 to 0.400 um while the right one stretches from 1.450 to
1.500 pm. The other marked bands are located at (a) 1.185 pm, (b) 1.730 pm,
(c) 1.820 pm, (d) 1.950 pm, and (e) 2.000 pm.
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clarity and detailed physicochemical analysis, including band
attribution to specific compounds (see also the Supplementary
Materials).

The spectral specificity for classification is more striking for
the calf skin, for which the correlation is high (C > 0), mostly
in the visible region (4 < 0.6 pm), whereas goat and sheep skins
have predominant features in the IR region (Fig. 3). Furthermore,
calf skin is, in general, less reflective than the 2 other species.
For sheep skin, the classification is characterized by a transition
around 1.2 pm: sheep skin is more likely to be identified when
the reflectance is low (below 1.2 pm), and vice versa above this
wavelength threshold. Goat skin classification seems to be char-
acterized by 4 different spectral regions: it is more likely to be
identified when the reflectance is high (in the 0.5 to 1.5 pm and
1.7 to 2 pm ranges), or low (in the remaining wavelength
ranges). The reflectance difference between species in the vis-
ible part of the spectrum is expected because parchment color
is often used by experts as a method for distinguishing species
using the naked eye or via colorimetry measurements through
spectral analysis [45]. Nevertheless, this spectral region is often
influenced by parchment degradation (aging), which could
make identification more difficult. The influence of degrada-
tion extends to the UV region, where hyperchromicity is often
attributed to collagen denaturation [46]. Spectral properties
could be further exploited for parchment degradation assess-
ments. They could also help differentiate older from more recent
manuscripts, based on their natural degradation (see discussion
in Supplementary Materials related to Fig. 4). Apart from the
visible range, spectral differences observed in the species reflec-
tance could be attributed to different skin surface properties,
which induce differences in light scattering among the 3 species.
Due to the complex nature of the surface and the composition
of animal skins, it is difficult to predict how each species, and the
related skin physicochemistry, really influence the scattering of
light, especially in the IR region, where goat and sheep are dif-
ferentiated by our algorithm. However, these spectral differences
could be related to the animal phenotype, which manifests itself
in the interaction of the parchment material with light. The col-
lagen structure and the macroscopic properties of the skin (sur-
face roughness, hair follicle sizes and densities, presence of fats,
etc.), which are dependent on the species, influence the reflec-
tance spectra, possibly explaining the variations described above.

A closer analysis of the spectra and a comparison with the
algorithm output indicate that species differentiation solely
based on specific bands is difficult. This could be explained as
follows: (a) machine learning analysis requires a considerable
amount of spectra, which requires speeding up recording by
increasing the wavelength step, thus reducing spectral resolu-
tion and making band discrimination more difficult; (b) because
transmission and absorption were not measured, information
on the physicochemical properties of the skins is limited. More
specifically, absorptance spectra could validate some hypoth-
eses, mainly about the skin composition, which could validate
some band attributions. While we limited ourselves to measur-
ing reflectance, this choice did not impede the capability of the
algorithm to discriminate between species. In addition to col-
lagen bands, 2 other bands were attributed (-OH and C-H vibra-
tions and deformations). For OH groups (see Fig. 4 and further
analysis in the Supplementary Materials), bands near 1.5 and
1.95 pm correspond to hydroxyl groups in collagen or in water
molecules, either in linked or free forms. The relative variation
of these bands could indicate the state of the collagen structure,
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i.e., its degradation [47]. The analysis of these bands, together
with those in the UV region, could yield information on the
degradation state of the parchment. C-H vibrations originate
from the collagen molecules, but could also be present in other
molecules inside the skins (fats, for instance). Nevertheless, C-H
bands exhibit limited variations between the species, and do
not seem to be considered by the algorithm. Indeed, these bands
are not correlated to high local SHAP values and are mostly
wound up among a wide spectral range. This could be explained
as most C-H bands are often convoluted with other bands (espe-
cially in the 0.6 to 1.5 pm range), mainly from other moieties
of the collagen molecules (see Fig. 4 and further analysis in the
Supplementary Materials).

In conclusion, our study confirms that the species signature
of the parchments is encoded in the UV-visible-NIR part of
the scattered light spectrum. Detailed band attribution to spe-
cific moieties seems irrelevant for species discrimination: the
species is not identified solely by the narrow-band signatures
of one molecule or a specific moiety in the skin. This is to be
expected, because few variations in the collagen sequence exist
(only several percent of amino acids differ) between the 3 spe-
cies (calf, sheep, and goat). These slight chemical structure dif-
ferences would likely not be detected by the spectrometer,
especially at the spectral resolution considered. Optical differ-
ences between the species probably lie within the general chem-
istry and structural differences that influence light scattering,
more in line with the broad bands selected by the classification
algorithm for species identification. The different light scatter-
ing properties depending on the species imply that the species
signature is much more complex to interpret from a physico-
chemical point of view. We hope this study will help practitio-
ners in cultural heritage with insights that are derived from a
high-level analysis. Furthermore, the proposed methodology
also highlights that, with the use of adapted data augmentation,
preparation, and parameter regularization, neural networks
remain practical in data-scarce scenarios.
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