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ABSTRACT

This study explores the application of artificial intelligence (Al) techniques for the classification of Levantine ceramic thin sections based on their
petrographic fabrics. The Levant is a key archaeological region, particularly with regard to the transition from the Late Chalcolithic to the Early
Bronze Age, marked by urbanization, craft specialization, and expanding interregional exchange networks. Ceramic production therefore provides
crucial evidence for understanding technological practices and cultural interactions. We apply two deep learning architectures, convolutional neural
networks (CNNs) and vision transformers (ViTs), to a large and heterogeneous dataset of ceramic thin-section micrographs dating from the Uruk
period through the Bronze and Iron Ages. The dataset includes samples from 14 archaeological sites across the Levant, representing 20 different
petrographic fabrics. To evaluate model robustness and generalization, we performed additional experiments by excluding samples from selected
sites and using them as an unseen test domain, simulating a real-world classification scenario under domain shift and class imbalance. Model
performance was evaluated using macro-, micro-, and weighted-F1 scores. To improve model transparency, visual explainable Al approaches,
such as Guided Grad-CAM and transformer attention maps, are applied to identify the most informative features driving classification decisions.
The results demonstrate high classification performance, reaching an accuracy of 88.44 % for ResNet18 and 90.52 % for DeiT-small. Visual
explanations further indicate that the models rely on mineralogical and textural features consistent with petrographic criteria used by human
experts, supporting the archaeological interpretability of the proposed approach.
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1. INTRODUCTION region played a central role in these processes, acting as a hub
of ceramic innovation and craft specialization. From the Early
Bronze Age onward, the consolidation of urban life, the expan-
sion of interregional exchange, and the emergence of political
centralization transformed production systems. These changes
reflect a path toward centralized social organization, together
with the simplification of material culture and the restructuring
of ceramic manufacture [2], [3]. Despite growing scholarly in-
terest in the region, the study of ancient exchange systems and
the reconstruction of trade networks remain major challenges.

This study applies artificial intelligence (AI) methodologies to
the grouping and classification of Levantine archaeological ceram-
ics based on their petrographic fabrics. The Bronze Age represents
a critical phase in the ancient history of the Levant, characterized
by increasing complexity in settlement patterns, production prac-
tices, and trade networks. These developments are particularly
evident in pottery production, where ceramics constitute key in-
dicators for understanding technological practices and patterns
of cultural interaction across time and space [1]. The Levantine
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In particular, the lack of sufficient comparative large ceramic as-
semblages limits the ability to study long-distance interactions
and trade connections [4].

Artificial intelligence is a branch of computer science that is
increasingly being applied in archacometry and archaeological
research [S]-[9]. In ceramic studies, machine learning (ML) and
deep learning (DL) models have been used to classify pottery based
on typological, decorative, and morphological characteristics, as
well as for provenance analyses [10]-[13]. Recently, convolutional
neural network architectures have been applied to the classific-
ation of ceramic thin sections according to their petrographic
Jfabrics [14], [15]. Yang et al. (2025) proposed an enhanced Res-
Net50 model integrating Squeeze-and-Excitation blocks and a
self-attention module to improve ceramic classification [16]. Des-
pite this step toward transformer-based architectures, there is
still little to no direct evidence of the application of more recent
vision transformers, which are instead discussed as a potential
future direction [17]. This limitation may be related to the fact
that ViTs typically achieve their best performance when trained
on very large datasets [18], a condition often difficult to meet in
archaeological research due to the scarcity and fragmentation of
material evidence.

Building on this progress and on our previous research [19],
which successfully implemented deep learning models for the
classification of ceramic petrographic fzbrics, the present study
extends this approach by incorporating a significantly expanded
dataset and evaluation procedure. Although the same architec-
tures of CNNs and ViTs are adopted, this study introduces new
ceramic samples from additional archaeological sites and includes
new petrographic classes. This broader dataset allows for a more
comprehensive and representative analysis of the variability in
Levantine pottery production. In addition, this study includes
dedicated experiments aimed at evaluating the ability of the im-
plemented models to generalize to new data domains. To this end,
selected ceramic samples were excluded from the original dataset
and used as a separate, unseen test domain to simulate a realistic
classification scenario. Finally, the study integrates visual explain-
ability techniques to improve transparency in model behavior. In
fact, although deep learning methods are known for their high
predictive accuracy, their internal decision-making mechanisms
are often difficult to understand, leading them to be described as
"black boxes" [20], [21]. To address this limitation, explainable ar-
tificial intelligence (X AI) approaches were employed to investigate
model interpretability and identify the most informative features
fortheclassification process. Specifically, Guided Grad-CAM [22]
was used to generate high-resolution, class-discriminative visualiz-
ations for the ResNet18 model, while transformer attention maps
were applied to highlight the features attended by ViT models [23],
[24], supporting a more transparent and informed application of
Al methodologies in archaeological research.

2. MATERIALS AND METHODS

The dataset was built by acquiring 4,740 images from 593
ceramic thin sections, selected from a broad range of archaeolo-
gical sites across the Levantine region. As shown in Figure 1, these
include Bethlehem, Jericho, Tell el-Far’ah (North), Al Jib, Tell
Balata and, Jerusalem (West Bank); Khirbat Iskandar, Khirbat
al-Batrawy, and Deir Alla’ (Jordan); Tell Qasile (Israel), Ebla, Tell
Nebi Mend, Jebel Aruda, and Tell Hadidi (Syria). The geographic
and chronological diversity of these sites contributes to the rep-
resentativeness and variability of the dataset (see Table 1 for more
specific information about the sites).
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Figure 1. Geographical map of the archaeological sites.
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Table 1. Summary of the archaeological sites and chronological periods, with the
corresponding number of selected samples.

Archaeological sites Age N. of Samples

Tell el-Far’ah (North) Early Bronze 58
Khirbat al-Batrawy Early Bronze 42
Khirbat Iskandar Early Bronze 31
Bethlehem Bronze and Iron Ages 24
Ebla Early and Middle Bronze 54
Jericho Early Bronze 10

Tell Balata Iron Age 6
Deir Alla’ Bronze and Iron Ages 190

Al Jib Iron Age 6

Tell Hadidi Early Bronze 13

Tell Qasile Iron Age 6

Tell Nebi Mend Middle Bronze 79
Jerusalem Bronze and Iron Ages 48
Jebel Aruda Late Uruk 26

To reflect realistic acquisition conditions, the images were
intentionally captured using different microscopes and camera
systems. We used a ZEISS D-7082 Oberkochen petrographic mi-
croscope coupled with an AXIOCAM 208 ZEISS camera, as well
as two Leica petrographic microscopes (Leica 2700P coupled
with a Leica MC170 HD camera and Leitz Labrolux 12 pol with a
Leica EC3). This choice introduces natural variability and noise
in terms of resolution, colour calibration, and lighting. While
adding this heterogeneity helps reduce the risk of overfitting,
it also improves the realism and generalizability of the trained
models, making them better suited for real-world archaeological
applications where imaging conditions may vary. For each sec-
tion, multiple images were taken under both plane-polarized light
(PPL) and cross-polarized light (XPL), and different magnifica-
tions were used. All images were grouped into 20 petrographic
fabricsaccording to the Whitbread approach, based on the analysis
of matrix, inclusions, and voids [25], [26]. Unlike the previous
study [19], which used a smaller dataset and applied only a bin-
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Figure 2. Scheme of the ResNet18 architecture.
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Figure 3. Scheme of the Deit-small architecture.

ary split (training/test with a ratio of 80:20), the present work
benefits from a significantly expanded dataset and adopts a more
robust three-way split: 70% for training, 15% for validation, and
15% for testing. This configuration not only supports a more
rigorous model evaluation of the models, but also allows hyper-
parameter selection and fine-tuning through the validation set.
Two types of deep learning models were selected for this study: a
CNN using the ResNet18 [27] architecture and the DeiT-small
vision transformer [28]. CNNs process images through multiple
convolutional layers that detect increasingly complex features.
Specifically, the ResNetl18 architecture consists of 18 layers organ-
ized into an initial convolutional block, followed by four residual
stages, each composed of multiple residual blocks with skip con-
nections, including convolutional layers, batch normalization,
and ReLU activations. The network ends with a global average
pooling layer and a fully connected layer for classification (Figure
2).In contrast, vision transformers work with a different approach.
Input images are divided into fixed-size patches (196 patches of
16x16 pixels in our case, Figure 3), which are linearly embedded
with positional information, and then processed through a series
of transformer encoder blocks based on multi-head self-attention
mechanisms [29]. Our ViT implementation employs 12 trans-
former encoder blocks, each consisting of 6 attention heads and
a hidden dimension of 384.

Both models were trained to classify ceramic samples into their
respective petrographic fzbrics by minimizing a cross-entropy loss
function. Transfer learning was applied by fine-tuning models
pre-trained on ImageNet, a large dataset containing more than
one million images across 1,000 classes [30], retaining the back-
bone weights and retraining only the final classification layers.
Training was performed for 25 epochs using the AdamW optim-
izer. For ResNetl8, a learning rate of 1 - 1074, a weight decay
of 1 - 1074, and a batch size of 32 were used, while for ViT, a
learning rate of 1 - 1074, 2 weight decay of 3 - 10~4, and a batch
size of 64 were applied. To improve model generalization and
artificially increase the training data size, data augmentation tech-
niques, including random axis flipping, color jittering, random
cropping and Gaussian blur, were applied consistently during the
training phase to reduce overfitting [31]. The performance of the
two deep learning models was compared in terms of both classi-
fication accuracy and generalization capabilities. Their predictive
performance was evaluated using standard classification metrics,

including accuracy, precision, recall, and Fl-score. In addition, a
confusion matrix was generated for each model to visualize the
performance and identify misclassification patterns. To further
assess generalization ability, we conducted additional experiments
in which data from specific archaeological sites (Jericho, Al Jib,
Tell Hadidi, and several Bronze Age samples from Jerusalem) were
entirely excluded from the training, validation, and initial test
sets, and used solely as independent and out-of-domain new test
set. The excluded sites and samples were selected based on data
availability and class representation, ensuring that their removal
did not negatively affect the balance or size of the training dataset.
This strategy allowed us to exclude both entire sites and selec-
ted samples from a larger site while preserving sufficient training
data. This approach simulates realistic scenarios in which the
models are required to analyze previously unseen data from new
archaeological contexts.

3. RESULTS AND DISCUSSION

This work extends the work of Capriotti et al. (2025) [19].
While the earlier study was based on a dataset of 1,424 images
across 10 classes, the present work introduces a significantly larger
dataset (4,740 images) and 20 petrographic classes, resulting in a
more challenging classification task. Using this improved dataset,
we revisited the same architectures (ResNetl8 and DeiT-small),
and trained them on the updated ceramic collection.

The results were promising, with both models achieving strong
performance across all evaluation metrics. Figures 4 and 5 show
the confusion matrices for ResNet18 and DeiT-small, respectively,
illustrating the distribution of correct and incorrect predictions
relative to the true labels.

Accuracy, precision, recall, and Fl-score values on the full in-
domain datasetare reported in Table 2, confirming the robustness
of both models. Specifically, ResNetl8 achieved an accuracy of
88.44 %, while DeiT-small shows an accuracy of 90.52 %. A direct
comparison with the results reported in [19] highlights different
behaviors of the two models. ResNet18 shows a slight decrease in
performance, exemplified by a reduction in accuracy from 92.11
% to 88.44 %, consistent with the increased task complexity intro-
duced by the expanded dataset. In contrast, DeiT-small exhibits
an improvement in performance, with accuracy increasing from
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Figure 4. Confusion matrix showing the classification performance of ResNet18.
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Figure 5. Confusion matrix showing the classification performance of DeiT-small.

Table 2. In-domain classification performance of ResNet18 and DeiT-small on the
full dataset and on the reduced in-domain dataset.

ResNet18 DeiT-small
Metric Full Reduced Full Reduced
Accuracy 8844% 86.12% 90.52% 87.72%
Precision 89.16 % 83.14% 88.72%  88.09 %
Recall 85.93% 83.46% 86.38% 8531 %
F1-score 86.92% 8253% 87.05% 86.03%

88.34 % t0 90.52 %. This result suggests that ViT benefits from
the increased dataset size, even in the presence of a larger number
of classes. Similar trends are observed across all evaluation metrics
for both architectures.

To evaluate the generalization ability of ResNet18 and DeiT-
small, all samples from the Jericho, Al Jib, and Tell Hadidi sites, as
well as a subset of samples from Jerusalem, were excluded from the
original dataset and used to construct a separate out-of-domain
test set. It is important to note that this test set comprises fewer
classes than the original collection, making the evaluation more
specific to those reduced classes. Both models were first trained,
validated, and tested on the remaining in-domain dataset. As also
reported in Table 2, training on the reduced data resulted in a
performance comparable to that obtained on the full set.

The models were subsequently evaluated on the unseen data to
simulatea “real-world” scenario. The results obtained are reported
in Table 3. ResNetl8 achieved a macro-F1 score of 75.25 %, with
micro-and weighted-F1 scores of 82.87 % and 83.33 %, respectively,
and an accuracy 95 % confidence interval of 74.24 %-83.72 %.
DeiT-small exhibited avery similar performance, reachinga macro-
F1 score 0of 73.92 %, a micro-F1 of 81.03 %, a weighted-F1 of 82.53
%, and an accuracy 95 % confidence interval of 72.35 %-82.58 %.
For clarity, we primarily report macro-, micro-, and weighted-F1
scores, as these metrics are particularly informative for measuring
how well the classification models handle minority classes. Macro-
F1assigns equal importance to all classes and is therefore especially
suitable for assessing performance on underrepresented classes. In
contrast, micro- and weighted-F1 reflect the overall classification
performance by accounting for class frequency. As a result, these
metrics provide a more reliable evaluation than accuracy alone,
particularly in scenarios involving imbalanced data and reduced
label spaces, such as the out-of-domain setting considered here

Table 3. Macro-F1, micro-F1, weighted-F 1, and accuracy (95 % confidence interval)
for ResNet18 and DeiT-small evaluated on the out-of-domain dataset.

Model Metrics ResNet18 DeiT-small
Macro-F1 75.25 % 73.92 %
Micro-F1 82.87 % 81.03 %

Weighted-F1 83.33 % 82.53 %

Accuracy 95 % CI 74.24-83.72 % 72.35-82.58 %

[32], [33].

The slightly larger performance drop observed for the DeiT-
small model in the out-of-domain evaluation, compared to its
in-domain accuracy of approximately 90 %, may partly be ex-
plained by architectural differences between convolutional neural
networks and vision transformers. Although DeiT-small is pre-
trained on ImageNet and benefits from strong generic visual
representations, transformer-based architectures inherently lack
the strong spatial inductive biases that characterize CNNs. While
ViTs are effective at modeling long-range dependencies across im-
age patches, they tend to rely more heavily on the availability of
different and representative training data during fine-tuning [34].
As aresult, they may exhibit increased sensitivity to distribution
shifts when adapted to smaller, class-imbalanced, and domain-
specific datasets. In contrast, convolutional architectures, such as
ResNetl8, leverage locality and translation-equivariant feature
extraction, which promotes the learning of stable low-level and
mid-level representations that are less sensitive to changes in data
distribution [35]. This effect becomes particularly evident in our
case, where the unseen dataset is smaller, exhibits class imbalance,
and only partially overlaps with the original label space of the
training data. Under these conditions, DeiT-small shows slightly
reduced robustness, while ResNet18 maintains more consistent
generalization performance.

In our previous study [19], we explored in-domain visual ex-
plainability methods by applying Guided Grad-CAM and trans-
former attention maps to ResNetl8 and DeiT-small, respectively,
which highlighted petrographically meaningful characteristics of
the micrographs. Building on these results, in the present work,
we extend these explainability analyses to the out-of-domain test
set, comprising samples from Jericho, Al Jib, Tell Hadidi, and
Jerusalem. Figure 6 shows the Guided Grad-CAM visualizations
for samples J-EB-11, GE-2, AJ-8, and HT-8, belonging to class
1 (Calcite-rich fabric), class 4 (Dolomite-rich A fabric), class 12
(Microfossil-rich fabric), and class 15 (Volcanic fabric), respectively.
Figure 7 presents the Dei T-small attention maps for samples J-EB-
12, GE-6, GE-50,and HT-12, corresponding to class 1 (Calcite-rich
fabric), class 8 (Basalt-rich A fabric), class 11 (Carbonate-quartz-
rich fabric), and again class 15 (Volcanic fabric).

The visual explainability maps obtained on the out-of-domain
test set are consistent with those observed in the in-domain set-
ting reported in [19]. In both cases, the most informative regions
correspond to the dominant inclusions and mineralogical com-
ponents that characterize each petrographic class, while the matrix
and voids appear to be significantly less influential in the models’
decision-making process. Guided Grad-CAM provides pixel-level
explanations by emphasizing local structures such as edges and
textural variations associated with specific mineral phases and
inclusions, including the angular shape of calcite crystals (class
1), the characteristic rhombohedral shape of dolomite (class 4),
the rounded morphology of microfossils, mainly identified as fo-
raminifera (class 12), and the volcanic lithic fragments of class 15,
such as the biotite crystal present in the micrograph in Figure 6.
Similarly, the attention maps produced by DeiT-small identify
diagnostic features by highlighting broader, patch-based regions
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Figure 6. Guided Grad-CAM results for samples J-EB-11, GE-2, AJ-8, and HT-8
belonging to class 1 (Calcite-rich fabric), class 4 (Dolomite-rich A fabric), class 12
(Microfossils-rich fabric), and class 15 (Volcanic fabric).
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Figure 7. Attention maps results for samples J-EB-12, GE-6, GE-50, and HT-12
belonging to class 1 (Calcite-rich fabric), class 8 (Basalt-rich A fabric), class 11
(Carbonate-Quartz-rich fabric), and class 15 (Volcanic fabric).

of interest, capturing more global spatial patterns of petrographic
features across the micrographs.

The heatmaps indicate that the models mainly rely on visually
distinctive inclusions and mineral phases for classification. In
contrast, features such as the matrix and voids, which play a central
role in the petrographic definition of fabrics, are less influential for
the models. This suggests that the learned decision strategy does
not fully replicate traditional petrographic criteria, but rather
prioritizes features that are more discriminative from a visual and
statistical perspective.

This study demonstrates the practical applicability of deep
learningasasupportive tool for the rapid screening of large ceramic
assemblages, providing an objective and reproducible framework
for ceramic classification.

4. CONCLUSIONS

Both ResNetl8 and DeiT-small demonstrated comparable
performance in the out-of-domain evaluation. However, while
DeiT-small performed better than ResNet18 in the in-domain
setting, it exhibited a more pronounced relative drop in perform-
ance when exposed to unseen data. This suggests that ResNet18,
despite its lower performance, may exhibit greater robustness
across domains, particularly in the presence of class imbalance
and limited dataset size. These results indicate that both models
can generalize to previously unseen ceramic samples, although
targeted strategies aimed at improving predictions on less repres-
ented classes could further improve performance. More broadly,
the findings highlight the importance of training on datasets with
balanced class distributions and sufficient variability, as well as the
need for larger datasets containing an adequate number of samples
per class to achieve more robust and stable learning. The results
also underscore the potential of deep learning approaches for the
automated classification of ceramic thin sections. In this context,
the integration of explainable artificial intelligence techniques
provides insights into model behavior, improves transparency,
and supports the real-world applicability of these methods in
archaeometric research. Future work will focus on further op-
timizing the dataset as a fundamental step, exploring advanced
architectures such as dynamic vision transformers, and extending
the experiments to additional out-of-domain datasets. Particu-
lar attention will also be given to out-of-distribution detection
strategies to identify samples that do not belong to any known
class, allowing the recognition of potential outliers.
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The pottery from Tell el-Far‘ah (North) was collected during
nine excavation seasons carried out at the site by Roland de Vaux
between 1946 and 1960. The Italian-Palestinian expeditions to
Bethlehem (2014-2015) and to Tell es-Sultan (1997-2022) were
conducted by the joint team of Sapienza University of Rome
and the Department of Archaeology and Cultural Heritage of
the Palestinian Ministry of Tourism and Antiquities (MoTA-
DACH). The Tell es-Sultan project has also been supported by the
Italian Ministry of Foreign Affairs and International Cooperation
(MAECI). Both missions were carried out under the guidance
of Lorenzo Nigro. Additional thin section materials belong to
the collections of Leiden University and form part of a legacy
research collection. Some of these materials belong to Professor
Henk Franken’s collection and derive from the excavations of
Kathleen Kenyon at Tell es-Sultan (Jericho) (1955-1958) and
Jerusalem (1961-1967).
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