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ARCHER: ARTIFACT CLASSIFICATION AND HANDLING WITH
ENHANCED ROBOTICS

1. INTRODUCTION AND STATE-OF-THE-ART

In recent years, increasing attention has been paid to the use of method-
ologies related to robotics and Al in the Humanities, specifically, archaeology,
which has long been regarded as the border between the Humanities and
technical-scientific disciplines (ROOSEVELT et al. 2015; Bogpant 2019; Fio-
RuccI et al. 2020). A whole series of technological tools have been developed
to help researchers to collect the data as automatically as possible — possibly
preprocessing it before human intervention — in order to provide archaeol-
ogists with more time for analyses and reflections beyond the capability of
machines. Most of these technological aids focused on wide-field surveys of
excavation sites by using uncrewed vehicles to carry out exploration of places
otherwise difficult to investigate (JEANSOULIN, PAPINT 2007; EISENBEISS et al.
2008; FERNANDEZ-HERNANDEZ et al. 2014; CAMPANA 2017). These tools have
significantly expanded the volume of data collected for subsequent analysis.
Some attempts at automatic surveys were also tried (BARAZZETTI et al. 2012).
Unmanned Aerial Vehicles (UAVs), piloted remotely or using semi-automatic
flight plans, were successfully employed for photogrammetric surveys of sites
during excavation or research campaigns. This approach enabled the 3D or
virtual reality reproduction of the places, allowing archaeologists to simulate
real-world observation and tour (OL1viTO, TACCOLA 2014; CASSANELLI et al.
2016; OrLivito, EMANUELE 2016). In the underwater field, progress has been
made in the investigation of maritime sites (WARREN et al. 2007; BINGHAM et
al. 2010; ConTE et al. 2010; KunN et al. 2014); despite the challenging envi-
ronment in which the devices operate. Unmanned underwater vehicles (UUVs)
have achieved great success, particularly on the seabed, where many artefacts
had previously been inaccessible due to the difficulties in reaching them. UUVs
are now unlocking new avenues of investigation that were previously closed off.

Robotics, when applied to the study of archaeological artefacts, is still
a marginal field. The recent RePAIR (REPAIR 2021) and AUTOMATA (AU-
TOMATA 2024) research projects indicate that robotics will pave the way for
the application of technological tools to the archaeological sector also for lab
activities. A significant contribution has been made by the ArchAIDE project
(GaTTiGLIA 2018; ANICHINI, GUALANDI 2019; WRIGHT 2019; GUALANDI et
al. 2021; ANICHINI et al. 2022) through the development of a mobile app
for the automatic recognition of ceramic sherds. This app, which utilises Al
based on convolutional neural networks trained on thousands of images,
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allows researchers to quickly and accurately obtain detailed information
about pottery fragments from a single image. The classification of ceramic
fragments, which are among the most common finds in archaeological excava-
tions, is typically a time-consuming and repetitive process, whether conducted
manually by experts or with the assistance of Al. As a result, many sherds
remain unclassified and stored in the warehouses of universities and other
institutions; so far, there have been few attempts to automate the process of
fragment recognition and sorting using automatic tools.

Among them, the RASCAL system (WANG et al. 2021) is noteworthy for
its large-scale digital documentation of ceramic sherds: it captures metadata
(weight, colour) and high-resolution images in a structured database, using a
robotic arm with an integrated depth camera to handle sherds efficiently while
minimising user intervention. This paper outlines the design and implementation
of a system that integrates a robotic arm with a deep learning-based classification
framework to identify and collect fragments, subsequently depositing them into
designated containers. The primary objective of this study is to develop a system
that automates the recognition and classification of archaeological potsherds
using Al, in combination with a robotic arm. By leveraging an improved version
of the neural network developed for appearance-based recognition of Majolica
di Montelupo developed within the ArchAIDE project (GUALANDI et al. 2021)
and integrating it with a robotic arm, this work addresses the classification
and sorting of archaeological ceramic fragments lying on a working surface.
These tasks are performed in a simulation environment where, first, an image
of the fragments — either captured from the real world or stored on the PC —is
processed using state-of-the-art machine learning algorithms to decompose it,
isolating and measuring each of the sherds (instances). These instances are then
classified through the Al algorithms, assigning them a class with a confidence
level. In the second phase, the classified fragments are spawned in the simulation
environment on a working surface; then, a pick-and-place task is performed
by the robotic arm in order to sort the fragments by picking them up and put-
ting them in boxes. This automation aims to address a significant challenge in
post-excavation activities, where a large quantity of ceramic material remains
unclassified due to time and resource constraints: in fact, archaeologists typically
should spend hours manually classifying and sorting ceramic fragments, forcing
them to do repetitive, time-consuming tasks, preventing them from focusing
more on excavation, in-field analysis, or rest.

It is often argued that the primary challenge in ceramic analysis is typo-
logical interpretation, but this perspective overlooks the significant logistical
bottleneck known as the ‘quantification crisis’ in post-excavation workflows.
Before high-level interpretation can occur, thousands of fragments must be
physically sorted, measured, and counted to meet standard excavation report-
ing requirements. This process is inherently repetitive and consumes hundreds
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of person-hours that could otherwise be dedicated to stratigraphic analysis
or field investigation. From the point of view of the practical workflow, the
ARCHER system is designed for bulk batch-processing rather than the han-
dling of individual isolated fragments. In a real-world archaeological scenario,
the intended use case involves taking all fragments recovered from a single
stratigraphic unit — typically stored together in a bulk container (i.e.: a box,
a bag) — and placing them simultaneously on the system’s working surface.

The robotic system then autonomously segments, identifies, and physi-
cally sorts the entire group into specialized containers based on their identified
classes. This allows the archaeologist to return the material to its original
storage unit not as a chaotic mass, but as a structured and ordered set, with
each fragment already linked to its corresponding digital metadata in the
ArchAIDE database. Consequently, the system acts as a force-multiplier for
the researcher, automating the tedious physical reorganization that usually
follows a major excavation campaign.

2. SYSTEM DESIGN

The simulated robotic system has been realised by combining a deep
learning-based classification system with a ROS-based software framework
for control and simulation, which implements a robotic platform with a
Tinkerkit robotic arm and an Intel RealSense camera.

2.1 The classification system

The classification system was based on the ArchAIDE deep learning algo-
rithm for appearance-based recognition (ANICHINI et al. 2022), which provides
automatic recognition of archaeological potsherds decoration, specifically
Majolica di Montelupo decoration, from pictures. The ArchAIDE system re-
turned a top-35 results list, allowing users to choose the correct option from the
five suggestions. In this respect, there are two major issues when applying this
system to this work setting. The original ArchAIDE classification system was
developed using Tensorflow 1.x with a pre-trained ResNet101 CNN, which
has since become obsolete and difficult to maintain. Moreover, ArchAIDE re-
quired active human interaction to identify the correct classification from the
list of five options. To enable the present system to function autonomously, the
deep learning framework was updated to Pytorch (PASZKE et al. 2019), testing
different neural networks in order to obtain higher reliability and accuracy in
recognition. Additionally, the system was modified to utilise top-1 accuracy,
allowing the robotic arm to operate independently without human intervention.

A ResNet50 CNN was chosen to test the recognition workflow of the
robotic system. It is a convolutional neural network that is 50 layers deep
which utilises a bottleneck design consisting of 48 convolutional layers, one
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MaxPool layer, and one Average Pool layer. With approximately 25.5 million
trainable parameters, the model was fine-tuned using transfer learning on 66
decoration genres of ‘Majolica di Montelupo’. This specific configuration
was selected after testing indicated it offered the most efficient balance be-
tween validation accuracy and inference speed compared to deeper models
like ResNet101. Specifically, the ResNet50 achieved an inference time of 0.7
seconds, ensuring the robotic arm could operate without significant com-
putational delays. The specific corpus of Majolica di Montelupo has been
chosen to leverage a pre-existing dataset of thousands of training images,
thereby focusing research efforts on the novel integration of the CNN with
the ROS-based robotic control framework. This ensured the prototype could
be tested against a variety of decoration genres (66 selected classes) to validate
the effectiveness of the autonomous sorting workflow.

To ensure the statistical validity of the classification results, the dataset was
partitioned into two sets for training and validation. The validation set, which
constitutes the testing data used to evaluate model performance and establish
the confidence threshold th_ , as we will discuss later, contains images that
were excluded from the training phase. This prevents data leakage and ensures
that the accuracy metrics reported in Tab. 1 accurately represent the network’s
capacity for inference on previously unseen ceramic materials. It is important
to say that, while the current study utilises this corpus as a specific case study
for training and testing, the underlying architecture — built on the ROS frame-
work — is designed to be material-agnostic. The objective is to demonstrate a
functional robotic work-cell that can be recalibrated for various ceramic or
lithic classes by swapping the neural network weights, rather than presenting
a finished general-purpose solution for all archaeological materials.

2.2 Robotic platform and software

A 6-degree-of-freedom Arduino Tinkerkit Robot Arm was integrated
into the system. This arm is capable of full 360-degree rotation at the base
and has a maximum operating distance of 80 cm. The working payload at
32 c¢m operating distance is 150 g, and the maximum payload at the mini-
mal arm configuration is 400 g, well within the limits of the vast majority of
ceramic sherds collected during excavation. The interface is provided by an
Arduino board (i.e. Arduino Uno) with a shield that allows the servomotors
to be powered on directly from the power supply shared with the board and
controlled via Arduino PWM pins. For image capture, we use an Intel Re-
alSense D415 camera with a depth sensor, which allows us to obtain an RGB
image for feeding the ArchAIDE Convolutional Neural Network (CNN) for
recognition and a point cloud to calculate the grasp pose and perform the
pick-and-place operation. The robotic arm and the Intel RealSense camera
are mounted on a custom-designed platform.
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Fig. 1 — Robotic system.

The base measures 25 ¢cm per side and has two circular notches with a
radius of 12.5 cm centred on the corners of the plinth. This design ensures
that the fragments closest to the arm rest directly on the table and not on
the base. The pylon which holds the camera is 60 ¢m high and has a square
cross-section of 2.5 c¢m; at the top, it extends 17.5 cm towards the centre of
the base, ending with a cylindrical pin that provides one degree of rotational
freedom. This pin supports a cylindrical hinge at the end of which the camera
is mounted. This configuration allows the camera to be oriented conveniently
to catch all the fragments on the table (Fig. 1).

We used ROS (Robotic Operating System) with Movelt! (COLEMAN et al.
2014) motion planning framework to control the robot and the D415 camera,
Gazebo 1.11 with RViz 1.14 to visually control motion planning for simula-
tion. The integration of RViz and Gazebo with Movelt! provides a high-fidelity
environment that ensures excellent sim-to-real transferability. This framework
operates as a realistic, physics-based digital twin, utilizing sensor modeling and
world-building that treat data as it would appear in a real-world scenario. By
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employing the same ROS-based control nodes and motion planning for both
the virtual model and the physical arm, the system minimizes the transition gap.
While this article presents a proof-of-concept validation, the architecture is de-
signed to be deployed directly onto physical hardware. The bridge between ROS/
Movelt! and the robotic arm is provided by the Arduino ROS library, which
converts instructions coming from ROS nodes into commands for Arduino.

3. Al RECOGNITION WORKFLOW

The system is designed to allow the user to visualise the pick-and-place
operation in simulation, enabling verification of its success and ensuring that the
arm does not enter singularity —a condition where certain configurations cause
a loss of degrees of freedom, i.e. the arm can no longer move independently
in all intended directions, leading to unpredictable motion or instability. If so,
the system proceeds with the grasp operation of the fragments by adding only
an additional parameter when launching the simulation. The simulation has
been conducted in Gazebo, i.e. a robust, open-source platform for robotics
simulation, widely used for testing robotics algorithms, autonomous systems,
and machine learning in a controlled, dynamic environment that provides re-
alistic physics-based simulations, detailed 3D environments, supporting sensor
modelling and custom world-building (Koenig, HowARD 2004).

3.1 World setting, image caption and fragment recognition

We use a ROS launch file to spawn the simulation in the Gazebo envi-
ronment. Additionally, the Rviz visualisation tool (Kam et al. 2015) is used to
obtain additional information on each spawned element. The arm, the plat-
form and camera are positioned at the centre of the world reference system;
three cylindrical containers are spawned behind the platform, each spaced
60 degrees apart from the other (Fig. 2). As described later, the fragments of
the three selected classes will be deposited in these boxes.

Images of the fragments can be obtained either by using the Intel Re-
alSense camera mounted on the real-world system or a pre-existing image
stored on the PC (for demonstration purposes only). It is crucial to include a
10 cm chessboard scale on the table alongside the fragments. OpenCV will
use this scale to determine the dimensions of the fragment on the working
surface. The image is processed via the Python library OpenCV, with this
workflow (Fig. 3, original on the left, segmented on the right):

— the image is converted into black and white;
— a Gaussian filter is applied to facilitate segmentation;

— the fragments are divided into single instances through edge recognition
using a binary and an Otsu filter for thresholding;
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Fig. 2 — The robotic manipulation system in the Gazebo simulation environment.

— the background is blanked out;

— instances are measured (by comparison with the chessboard scale at the
bottom of the image), establishing their bounding box size and coordinates
of the centre of each fragment.

The single instances are then passed to the trained deep learning model,
which assigns each a class and a confidence level for recognition. Each instance
is then spawned into the simulation according to its size and coordinates of
the centroid. The coordinates of the centroid are measured relative to the
origin of the world axes; this origin coincides with the centre of the robotic
arm’s base and plinth. Then, colour is applied to the fragments depending
on the assigned class (Fig. 4). Once all the fragments have been spawned, the
system uses a ROS topic to let other scripts identify the names assigned to
them, the coordinates of the centre of each fragment, the container in which
each fragment should be deposited, and its average dimension.

3.2 Class and fragment selection

As said, the CNN used for the classification is trained on 66 decoration
genres (ceramic classes) of ‘Majolica di Montelupo’ out of the original 83

301



Q. Saraceni, G. Gattiglia, N. Dubbini

Fig. 3 — Segmentation and image recognition.
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Fig. 4 — Fragments are spawned into the world.

of the ArchAIDE project, each containing at least 15 images: this selection
was performed to get a reliable top-1 accuracy during training and, then,
inference. As mentioned, the system includes only three cylindrical boxes
for fragment sorting; therefore, it is necessary to select exactly three classes
from the K (< 66) classes to which the N fragments on the table may belong.
For this reason, after recognition, the system groups the fragments into their
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respective classes. For each class, the average confidence level, the standard
deviation and the number of fragments belonging to that class are calculated.
The three classes are then selected, following these prioritised criteria:

— the highest average confidence level;

— the lowest standard deviation;

— the highest number of fragments.

In any case, to be selected, the average confidence level of a class must
be above a certain threshold Pi = thcons and the standard deviation under a
certain threshold 0; < th,, calculated as in equations below, where P; is the
mean confidence level of each class, g; is the mean standard deviation of the
class, P;(i) is the confidence level of each fragment belonging to the class,

and M is the number of fragments in the class.

s o

VCiZﬁ = > thconf

M
1 .
VC;: 0y = MZ PO~ )2 <th,
j=1

The value of th,,  is established based on the global accuracy of the
trained CNN on the testing dataset. The fine-tuning of this threshold fol-
lowed a heuristic approach: by setting 5 - equal to or slightly higher than
the model’s global accuracy, we ensure that the robotic arm only attempts
to sort fragments where the AI’s confidence exceeds its own average perfor-
mance. This serves as a critical safeguard to minimize misclassification errors
in an autonomous setting; any fragment with a prediction confidence below
this baseline is discarded rather than being incorrectly placed in a container.

Despite the high top-1 accuracy of the trained model, some fragments may
be incorrectly classified. The same confidence threshold used above for class
selection is used to limit misclassification errors. If the confidence score is below
it (regardless of the predicted class), the fragment is discarded. The threshold
is set to be greater than or equal to the global accuracy of the trained model.

3.3 Pick-and-place operation

Once the fragments have been created in the simulation and the three
classes have been selected, as previously described, pick-and-place operations
can be performed. The script creates a transform coordinate (TF) system
centred on the fragment. Then, using the Movelt! libraries and KDL plugin,
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Fig. 5 — Double-TF scenario.
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Fig. 6 — Single-TF scenario.

it positions the end effector (EEF) on the fragment, i.e. the system attempts
to align the EEF’s transform coordinate system with the one created on the
fragment, allowing the execution of the grasping.

Two different Inverse Kinematics solvers were employed to address
possible unintended movements dangerously close to the working surface
that could interfere with the positioning of the other fragments. The first,
based on https://github.com/studywolf/blog/tree/master/InvKin, a simplified
system with 3 degrees of freedom (DOF) (shoulder-elbow-wrist), keeps the
end effector raised from the working surface, ensuring a vertical positioning
of the EEF on the selected fragment. Then, once the positioning has been
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Fig. 7 — System workflow.

carried out, the second, a coordinate system, is created over the fragment and
Movelt! and solves the pose for the pick-and-place operation.

To prevent a too tight grasp, which could damage the fragment, the
average size of the fragment — derived from the bounding box size calculated
during the OpenCV workflow — is used to determine the extent of closure of
the gripper jaws. After various attempts, two different scenarios for creating
the TF coordinate system on the selected fragment through two distinct scripts
were chosen: in the first scenario (double-TF scenario), a TF coordinate system,
rotated by approximately 90 degrees around the z—axis relative to the world
axes orientation, is initially created (Fig. 5, left). In the event that Movelt!
fails to resolve the kinematic chain with this TF within the 5-second timeout,
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Fig. 8 — Pick-and-place operation.

it is replaced by one rotated approximately 45 degrees around the z-axis with
respect to the world coordinate system (Fig. 5, right).

In the second scenario (the single-TF scenario), a coordinate system rotated
approximately 45 degrees around the z-axis with respect to the world coordinate
system is created, which reduces the calculation time for the grasp pose (Fig. 6).

The overall recognition and pick-and-place workflow can be summarised
in the flowchart in Fig. 7: in the first phase, the fragments are classified, and
the three classes to be sorted are chosen using machine and deep learning
methods. In the second phase, the sorting takes place using a robotic arm
that grasps the fragments and deposits them in the three cylindrical boxes.
The pick-and-place operation (Fig. 8) takes an average of 15 seconds for each
fragment, from the moment the system receives the ROS message on the topic
to when the fragment is released in the box.

4. RESULTS

As described above, tests were carried out on the images in Fig. 9 using
the two possible scenarios for creating TFs. A ResNet50 trained on the 66
selected classes of the dataset has been used since this network achieved the
best trade-off between accuracy and inference speed among the CNNs tested
for the project (ResNet50, ResNet101, Inception_v3), as shown in Tab. 1.

The tests showed some variability in the success rates depending on the TF
configuration used. Generally, the single-TF configuration had a higher success
rate in grasping and correctly placing the fragments in the corresponding bowls
(Tab. 2). The success rate across various trials ranged between approximately
66% and 80%, with only a few fragments missed or dropped.

Meanwhile, the double-TF configuration resulted in lower success rates
in some cases, with certain tests showing rates as low as 33 %, though some
trials achieved 100% success (Tab. 3).
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CNN Loss Accuracy (%) Inference time
Training | Validation |Training |Validation
ResNet50 1.0410 [2.2867 75.5629 |46.8077 0.7

ResNet101 1.6763  [2.3342 541715 [39.2473 1.6
Inception_v3 [1.0982 [2.4161 71.6801 |42.5067

—_
-

Tab. 1 — CNNs results.

Filename No. of Sherds |Sherds assigned to a chosen class |Sherds correctly placed ﬁ)z)ccess
img005DSC02101_1 |6 4 3 75.0%
img005DSC02101_2 |5 5 4 80.0%
img043DSC02180_1 |4 3 2 66.7%
img1485G101877_1 |6 5 4 80.0%
img1485G101877_2 |6 6 4 66.7%
img1835G101921 2 |5 3 2 66.7%
Tab. 2 — Results of single-TF pick & place experiments.

) - Success
Filename No. of Sherds | Sherds assigned to a chosen class | Sherds correctly placed %)
img005DSC02101_1 [6 4 4 100.0%
img005DSC02101_2 |5 5 2 40.0%
img043DSC02180_1 (4 3 1 33.3%
img1485G101877_1 |6 5 1 20.0%
img1485G101877_2 |6 6 3 50.0%
img1835G101921_2 |5 3 2 66.7%

Tab. 3 — Results of double-TF pick & place experiments.

The difference in success rates could be attributed to the cluttered scene
in which the robotic arm had to perform grasps, which likely led to fewer ac-
curate grasps, especially in more complex fragment shapes. Missed fragments,
or those that fell after a grasp attempt, were more common in the double-TF
configuration. The highest observed percentage of missed fragments reached
80%, reflecting the challenges in reliably grasping this configuration. However,
even with the single-TF, some trials still exhibited missed fragments, albeit at
a lower rate. Overall, the single-TF configuration appeared more reliable, es-
pecially in terms of grasp accuracy and reduced fragment drop rates. However,
the double-TF configuration may still be beneficial in non-cluttered scenarios
where fragments are well-spaced from each other.

The simulation results serve as a systematic validation of the system’s
control logic and kinematic chain. The success rates, ranging between 66 %
and 80% for the single-TF configuration, demonstrate that the Al-driven
grasping logic can effectively manage the complex geometries of archaeological
fragments within a realistic physical simulation. We acknowledge that these
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Fig. 9 — Test images.

results represent a successful proof-of-concept; consequently, the primary
objective of this phase was to refine the software-hardware interface. The
validation of these algorithms on physical archaeological materials, accounting
for real-world surface friction and material fragility, constitutes the immediate
subsequent step of this project’s development.

5. DiscusSION

The current setup achieves a grasping and placement success rate of
approximately 66-80%, but lacks the ability to verify grasp success or detect
fragment loss during transport to the sorting box, limiting its practical ap-
plication in real-world archaeological scenarios without continuous human
intervention. To address this, the next development will implement current
feedback monitoring for the servomotors. When the end effector (EEF) suc-
cessfully grasps a fragment, the absorbed current increases significantly as the
gripper’s internal surfaces collide with the fragment’s edges, preventing complete
closure. Conversely, the current remains low when the EEF is empty due to the
lack of collisions. This feedback mechanism would allow the system to identify
and retry unsuccessful grasps, improving efficiency and reducing operational
downtime, as well as human intervention, making it more useful in real-world
archaeologlcal scenarios. Furthermore, ernploylng a small, cost-effective robotic
arm demonstrates the system’s fea31b1hty with minimal economic resources,
highlighting its portability and potential use during excavation campaigns.
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However, the system’s design also supports the integration of larger, more
advanced robotic arms — such as the Franka Emika or Cobot URS — which
offer greater payload capacities and extended reach. These alternatives are par-
ticularly suited for in—lab activities requiring enhanced performance for more
demanding tasks. A comparison with the similar RASCAL system (WANG et al.
2021) highlights key differences in focus and implementation, despite shared
features such as the use of simulation environments like Gazebo for testing and
refinement and the integration of the Robot Operating System (ROS) framework
to ensure adaptability and seamless hardware integration. Both systems employ
6-degree-of-freedom robotic arms, but their hardware differs: RASCAL uses a
WidowX 250 robotic arm integrated with a depth camera for object detection
and manipulation, while our system utilises an Arduino Tinkerkit robotic arm
and an Intel RealSense D415 camera for imaging and classification. RASCAL is
primarily designed for the large-scale digital documentation of ceramic sherds,
capturing detailed metadata such as weight, colour, and high-resolution images,
which are stored in a structured database. In contrast, our system focuses on
classifying ceramic fragments using convolutional neural networks (CNNs),
physically sorting them into predefined categories. While both systems aim to
automate processes with minimal user intervention, their objectives diverge.
RASCAL prioritises the creation of a comprehensive and scalable digital archive.
Meanwhile, our system addresses the demands of post-excavation classification
and sorting, emphasising precision in recognising and organising artefacts and
also providing data storage in the ArchAIDE database (GUuALANDI et al. 2021).

6. CONCLUSIONS

While many once-disruptive technologies have become integral to ar-
chaeological practice, robotics remains underutilised. Innovative projects like
RePAIR (REPAIR 2021), which focuses on reconstructing Roman frescoes
using Al-supported robotics, and the newly funded AUTOMATA (AUTOM-
ATA 2024), aimed at developing a robotic Al-enhanced work cell for digit-
ising ceramics and lithics, signal a burgeoning interest in this area. Robotic
systems, particularly robotic arms, offer solutions to laborious tasks such as
quantification, puzzle-solving, and large-scale digitisation — activities often
hindered by limited time and human resources. The prototype we presented
addresses the common post-excavation challenge of pottery quantification,
a time-intensive process that frequently leaves numerous ceramic fragments
unclassified. To mitigate this issue, we propose automating the classification
process through a robotic arm capable of physically sorting fragments based
on their identified classes by being integrated with an Al system trained for
recognising and categorising ceramic fragments. The convolutional neural
network (CNN) (recently presented at conferences and will be discussed in
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another paper) was developed using the framework established for the Ma-
jolica di Montelupo in the ArchAIDE project, with the primary objective to
optimise accuracy, enhancing the reliability of a system operating without
human intervention.

The use of a relatively specialized dataset (66 classes with 15+ images
each) was a deliberate choice to test the system within a controlled typo-
logical environment. We acknowledge that such a sample size presents risks
of overfitting in a production environment; however, in this prototype, we
mitigated these risks through transfer learning and the implementation of
stringent confidence thresholds. Future iterations will leverage larger, more
diverse datasets — such as those being developed by the AUTOMATA pro-
ject — to transition from this validated proof-of-concept to a more robust,
general-purpose archaeological tool.

This dual approach facilitates the classification of archaeological pottery
— preventing artefacts from remaining unsorted and neglected in archaeologi-
cal warehouses — and generates classification data, which can be archived for
future analysis. The system is designed to accommodate alternative neural
networks trained on diverse datasets, allowing for various classification ob-
jectives and applicability across different archaeological contexts and material
types. Future development could incorporate a human-in-the-loop approach
to enhance overall performance further, as evidenced by projects like Pithia
(AssAEL et al. 2022). By combining automation, adaptability, and scalability,
the project successfully balances technological innovation with the practical
realities of archaeological practice. While the system provides a versatile solu-
tion for post-excavation tasks, its implementation is envisioned as a support
tool for authorized institutional laboratories. By integrating robotics with
established digital archives, the ARCHER system demonstrates significant
potential to address the ‘quantification crisis’ while adhering to the rigorous
conservation and administrative standards required by the international ar-
chaeological community.
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ABSTRACT

Ceramics, one of the most important sources for reconstructing the past, constitute one
of the most common finds in archaeological excavations. The classification of ceramic sherds
based on origin, dating, and typology requires a long and sometimes tedious process carried
out by specialized archaeologists, who could instead dedicate their time to fieldwork. For this
reason, these fragments often remain unclassified in the warehouses of universities and heritage
authorities for long periods. Al and robotics can help automate this task: this project proposes
a possible solution g presenting the development of a robotic arm that performs pick-and-
place operations on fragments classified using ArchAIDE, an Al-based ceramic classification
application. The contribution of this article is an automated system which, after recognizing
the fragments using the ArchAIDE Al trained on 66 ceramic classes, collects and sorts them
into appropriate containers based on the assigned class.
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