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Abstract

Accurate classification of pottery vessels is a key aspect in several archaeological inquiries, including documentation of changes
in style and ornaments, inference of chronological and ethnic groups, trading routes analyses, and many other matters. We present
an unsupervised method for automatic feature extraction and classification of wheel-made vessels. A convolutional neural network
was trained with a profile image database from Iberian wheel made pottery vessels found in the upper valley of the Guadalquivir
River (Spain). During the design of the model, data augmentation and regularization techniques were implemented to obtain better
generalization outcomes. The resulting model is able to provide classification on profile images automatically, with an accuracy
mean score of 0.9013. Such computation methods will enhance and complement research on characterization and classification of
pottery assemblages based on fragments.

Keywords:
Deep learning, Convolutional networks, Pottery profiles, Typologies.



Cintas et al. / Journal of Cultural Heritage 00 (2024) 1–9 2

1. Introduction and previous work

Ceramics are one of the most frequently found archaeo-
logical artifacts, and are a short-lived material. This property
helps researchers to document variations in style, materials em-
ployed, and manufacturing techniques. Therefore, ceramics can
be used to distinguish between chronological and ethnic groups,
and to reconstruct the economic history to show trading routes
and cultural relationships. This is especially the case with ce-
ramic vessels, where shape and decoration are exposed to con-
stantly changing fashions. This fact gives us a basis for dating
the archaeological strata, and provides evidence of local pro-
duction, trade relations, consumer behavior of the local popula-
tion, etc. (Orton et al., 1993; Kampel and Sablatnig, 2003). In
this context, analyzing and comparing artifacts in a quantitative
manner has become a very important topic in modern Archeol-
ogy, due to the existence of more and more affordable digitizing
tools, and the high availability of computers powerful enough
to handle the high volumes of data generated.

In past years several typologies, attending on different cri-
teria, have been proposed in order to better study the material
(Pereira Sieso, 1989). Since the selection of these criteria has
depended on each individual researcher, those typologies have
not contributed to the homogenization of the analysis of pottery
shapes. It is therefore interesting for the archaeologist to have
coherent, non-subjective judgment standards for classification.
Moreover, in recent years a number of automated tools have
been proposed in order for researchers to handle large archae-
ological datasets (Karasik and Smilansky, 2011; Lucena et al.,
2014, 2016).

There are many wheel-made ceramic characterization tech-
niques available in the literature that use the vessel profile as a
distinguishing feature (Shennan and Wilcock, 1975; Rice, 1987).
In (Nautiyal et al., 2006), a parametric representation method
is proposed, mainly for archiving and visualization purposes.
Also, profile comparison methods have been put forward, based
on some distance between two given profiles, such as the one
proposed in (Mom, 2007a), in which a distance based on the
overlap maximization between profiles is used. This method,
however, does not give good results for vessels (Mom, 2007b),
and is more appropriate for solid objects. Subsequent proposals
(Maaten et al., 2009) are based on well known local features,
such as Shape Context descriptors (Belongie et al., 2002), com-
bined with a multivariate analysis to compare vessels. Other ap-
proaches (Saragusti et al., 2005; Karasik and Smilansky, 2011)
rely on a continuous profile shape interpolation, characterizing
each profile by means of its radius, tangent and curvature along
the contour.

Deep Learning (DL) is slowly emerging as a general-purpose
machine learning model which has been successfully applied
in a broad variety of contexts (Ciodaro et al., 2012; Ma et al.,
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2015; Taigman et al., 2014; LeCun et al., 2015; Dieleman et al.,
2015; Cintas et al., 2016). DL is aimed to elaborate compu-
tational models consisting on a set of processing layers, which
are capable of devising representations in increasing abstraction
levels. In that way, the overall learning procedure elaborates
autonomous (hidden) representations of the features present in
the input data. Therefore, each layer is able to represent pro-
gressively more complex characterizations, until the desired ab-
straction level is reached and the network produced a stable and
accurate embodiment of the features of the overall dataset. Im-
age recognition constitutes one of the most successful applica-
tion contexts of DL, where layers are able to detect and under-
stand from simpler image features (for instance, the presence
of edges or corners in particular orientations), to more com-
plex underlying structures (borders with typical shapes that sur-
round the aimed targets), and so on until the final recognition is
achieved satisfactorily (LeCun et al., 2015). Since the power of
current technology is steadily growing (both hardware perfor-
mance and easy-to-use libraries for designing and testing these
models), then it is not uncommon to find DL architectures with
dozens of layers and hence the ”deep” aspect of this technique.
Specifically, in the field of Archeology, (Wang et al., 2017) pro-
pose a two-step recognition method for modeling style of Bod-
hisattva head images based on VGGNet. Also, (Llamas et al.,
2016) present automatic techniques for sorting tasks of digital
documentation of architectural heritage.

This work is part of an initiative developed in collabora-
tion with the Research Institute for Iberian Archeology of the
University of Jaén, to be used on wheel-made Iberian pottery
(S.VI B.C – I A.C) from the upper valley of Guadalquivir River
(Spain), a well documented region with many excavated sites
(Chapa et al., 1997; Ruiz Rodrı́guez et al., 1983, 1984). The
studied pieces come from different archaeological settlements
located in the provinces from Jaén, Granada and Córdoba. We
propose a classification based on automatic feature extraction
and classification by means of training a deep convolutional
network (CNNs) with profile images of vessels manually clas-
sified by domain experts. The final model is able to provide
automatic classification over raw contour images, with an accu-
racy mean score of 0.9013.

2. Methods and implementation

In order to make this paper self-contained, we include in
this Section a brief description of convolutional neural networks
in their use for image classification. More deeper descriptions
are available in the cited references. Readers with knowledge
in the subject may proceed to the next Section without loosing
track of the aim of the paper. Convolutional neural networks
(CNNs), in turn, are a special case of DL networks, and were
initially proposed by (Fukushima, 1980), but the first break-
throughs were only feasible more than a decade later. (Le-
Cun et al., 1998) pioneered the use of CNNs in computer vi-
sion problems, and since then, CNNs were shown to be very
effective for large-scale computer vision problems like image
classification, object recognition, and many other (Toshev and
Szegedy, 2014; Krizhevsky et al., 2012; Dieleman et al., 2015;
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Figure 1: Example vessels from each of the database classes.

Table 1: Distribution of the dataset sample over the 11 classes
Type of Vessel 1 2 3 4 5 6 7 8 9 10 11
# of Samples 30 47 75 10 56 52 50 293 22 373 125

Tompson et al., 2015). A key aspect in computer vision is to en-
sure shift, scale and distortion invariance. For this, CNNs com-
bine three features in their achitecture: local receptive fields,
shared weights, and spatial sub-sampling (LeCun et al., 1998).
In this way, the high spatial correlation, forming distinctive lo-
cal patterns typically present in images, can be adequately rep-
resented. Another distinctive aspect of CNNs is that their topol-
ogy is not fully connected. This drastically reduces the number
of model parameters compared to a fully connected network,
which is a key aspect during the training stage of the model
to avoid overfitting (when the network has enough indepen-
dent parameters to just memorize the training examples, with-
out appropriate generalization). This connectivity reduction is
achieved applying convolutional operations only in small dis-
joint regions of the input space, and also by sharing parameters
between regions (Angermueller et al., 2016).

Consider a neural network with N layers. Input and output
are represented respectively by vectors X0, and XN , where the
vector Xn−1 is the input to layer n (with n = 1, . . . ,N) (in our
case, a two-dimension array with one channel). The output of
layer Xn, can be represented as:

Xn = f (WnXn−1 + bn), (1)

where Wn is a matrix of weights, bn is a vector of biases, and f is
the activation function. Even though f is expected to be deriv-
able everywhere (for reasons that will become obvious below),
a more efficient and still correct choice is the linear rectification
f (x) = max(x, 0), The matrices of weights Wn and the vectors
of biases bn along all the layers constitute the parameter space
of the model, which contains all the possible behaviors of the

model. For the network to be able to learn a particular prob-
lem, these weights and biases must be updated according to a
specific criterion. In our case, during the training stage, the
learning algorithm aims to minimize a loss function that takes
as inputs {Wn, bn} and returns the lowest possible learning error.
In classification, the target value is categorical (nominal), as is
the case in our work, and therefore the classification error may
be defined as the proportion of misclassified items. Other learn-
ing purposes (regression, clustering, etc.) may require different
error definitions. Cross Entropy Loss (Eq. 2) is particularly ad-
equate when classes are unbalanced (the available data is not
evenly distributed among all the classes). This is the case in our
specific context (See Table 1). since the measure is averaged
across observations for each batch.

loss(x, k) = − log
(

exp(x[k])∑
j exp(x[ j])

)
= −x[k] + log

∑
j

exp(x[ j])


(2)

A common way to compute Eq. 2 is to iterate the gradient-
based descent, which is the generalization of the perceptron
rule. In this method, the error gradient is estimated (in a given
misclassified example, or averaged in a batch of examples), and
the weight matrices are updated adding to each term a given fac-
tor η of the error gradient. η is the learning rate, a hyperparam-
eter controlling the stride towards convergence. This procedure
is iterated (along the so called epochs) until an error criterion
is achieved and the training stage is considered finished. This
amounts to traverse the parameter space from an arbitrary initial
condition (even a purely random one) using the error gradient
to define a trajectory that eventually leads to an adequate final
condition. The use of a constant η factor has been proven to be
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inefficient, and also the recomputation of the error gradient in
every epoch may turn into undesired quasi-oscillatory behavior.
For this reason, an inertial or momentum-like behavior is simu-
lated, in which the tendency during training is to avoid abrupt
changes in the trajectory. In our case we use Adaptive Moment
Estimation (ADAM) (Kingma and Ba, 2015), which computes
adaptive learning rates for each parameter, in addition to stor-
ing an exponentially decaying average of past squared gradi-
ents, behaving in a similar way as an inertia momentum (Ruder,
2016; Heusel et al., 2017). If Xtrue is the expected output corre-
sponding to the network input X0, then the goal of the training
stage can be understood as finding parameter values that make
the output Xn to be Xtrue for all the inputs. The prediction error
is e(XN , Xtrue) and the gradient of e(XN , Xtrue) is then computed
with respect to the weights and biases {Wn, bn}. As explained
above, according to the perceptron rule, the parameter values
of each layer are then modified by repeatedly taking controlled
steps in the direction opposite to the gradient:

Wn ← Wn − η
∂e(XN , Xtrue)

∂Wn
, (3)

and
bn ← bn − η

∂e(XN , Xtrue)
∂bn

, (4)

where, η is the learning rate, a hyperparameter controlling the
stride towards convergence. In CNNs in particular, the parame-
ters represent learnable convolution filters, where initial regions
of the previous layer are taken as input and then a convolution
is applied to produce a stack of output feature maps. The in-
put of layer n can be unfolded as a set of K matrices X(k)

n−1, with
k = 1, . . . ,K. Each of these matrices represents a different input
feature map. The output feature maps X(l)

n , with l = 1, . . . , L are
represented as follows:

X(l)
n = f

 K∑
k=1

W (k,l)
n ∗ X(k)

n−1 + b(l)
n

 , (5)

where ∗ represents the two-dimensional convolution operation.
The matrices W (k,l)

n represent the coefficients of the convolution
filters of layer n, and b(l)

n represents the bias for feature map l.
Note that a feature map X(l)

n is obtained by computing a sum
of K convolutions with the feature maps of the previous layer
(Dieleman et al., 2015). To this general structure, some opti-
mizations can be performed. One is to only connect each unit
to a local subset of the units in the layer below, and each unit
is replicated across the entire input. This achieves better gen-
eralization performances. Second, pooling layers may be lo-
cated between convolutional layers, computing some aggrega-
tion function (typically the maximum or the mean) across small
local regions of the input (Boureau et al., 2010), thus reducing
significantly the dimensionality of the feature map.

3. Automated Vessel Identification

Given the limitations of the current vessel identification pro-
posals mentioned in Section 1, we propose a method, based on

novel deep learning algorithms. A set of 1133 profile images of
vessels was selected as input data to train a CNN, using several
learning techniques (detailed in this Section) to achieve a high
generalization performance rate.

3.1. Dataset

The raw information belong to binary profile images, corre-
sponding to Iberian wheel made pottery from various archaeo-
logical sites of the upper valley of the Guadalquivir River (Spain).
Reference classification has been done by an expert group, based
on morphological criteria, taking into account the presence or
absence of certain parts, such as lip, neck, body, base and han-
dles, and the ratios between their corresponding sizes. Accord-
ing to these criteria, vessels can be classified as belonging to
one of 11 different classes (Fig. 1), each one with different num-
ber of elements (Table 1). Nine of them correspond to closed
shapes, and the two remaining correspond to open shapes (Lu-
cena et al., 2014). The available images consist of a profile view
of the pottery, where image resolutions (in pixels), correspond-
ing to size scale, may vary according to the acquisition settings.
Images without prior expert classification were excluded. The
resulting dataset is then composed of 1133 classified images,
which was split into a training subset containing 793 images
(70%), a validation set of 113 (10%) and a testing set of 227
images (20% of the total dataset), which were selected with a
random permutation cross-validation iterator.

The feature representation of the raw data distribution can
be seen at Fig. 2 using t-distributed Stochastic Neighbor Em-
bedding (t-SNE) (Van Der Maaten and Hinton, 2008), a vari-
ation of Stochastic Neighbor Embedding (Hinton and Roweis,
2002), which is an enhanced method for representing high di-
mensional data by giving each data point a location in a three-
dimensional map.

3.2. CNN architecture and training

Several experiments were performed with different CNN ar-
chitectures, training hyper-parameters and data augmentation
techniques for automatic classification, i.e., to extract features
and identify vessels in raw image datasets. By means of hyper-
parameter optimization (Bergstra et al., 2011), the experiments
were performed with several variations of regularization tech-
niques (dropout, batch normalization, etc.), number of convolu-
tional layers and their respective kernel size, gradient methods
and learning rates.

The input for the designed CNN consist of a single-channel
vessel image of size 64×64 pixels, all images were resized dur-
ing training on batch mode employing bilinear down sampling,
with brightness values scaled to [0, 1], see Fig. 4 for examples.

In Fig. 3 the chosen architecture is depicted. The basic sub-
structure used to build the network architecture consists of two
convolution layers with square filters, followed by a batch nor-
malization layer. The convolutional layers Conv2d-1, Conv2d-3
have 64 and 128 filters of size 4 × 4. This substructure refers
to the feature extraction step, if we move forward in the ar-
chitecture (deeper layers), we will find the subset of layers re-
sponsible for classification, this task is implemented my means
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Figure 2: The feature representation of the raw data distribution using t-SNE is depicted. The colors represent the class assigned to the element defined by the
expert. We can observe two principal clusters formed in the high dimensional space, which belong to closed shapes (classes 1 to 9) and the second cluster to open
shapes (class 10 and 11), refer to Fig. 1 for a detail description of the pottery vessels morphology.
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Figure 3: Structure used for building the CNN for automatic classification of Iberian Vessels.

of a second substructure consisting of two fully connected lay-
ers with 1024 units each (Linear-6 and Linear-9 in Fig. 3), and
a normalization layer in between (BatchNorm1d). The output
layer (SoftMax-10) is composed of 11 output units for the pre-
dicted class. The coefficients used for computing averages of
gradient for the optimization algorithm Adam (described pre-
viously in Section 2) were β1 = 0.5 and β2 = 0.999, obtained
using grid search for hyper parameter optimization. The imple-
mentation used Python and the PyTorch library (Paszke et al.,
2017). This allows the use of GPU acceleration for the training
stage. The code of the network architecture, training and val-
idation is available at 1. The training phase of the CNN took
approximately 6 minutes using NVIDIA Titan Xp Pro cards
provided by the ”Signal Processing in Telecommunication Sys-
tems” research group (TIC-188).

3.3. Data Augmentation and Regularization

CNNs usually have a large quantity of trainable parame-
ters, 33.701.323 in the case of the selected model for the ves-
sel classification. Due to the restricted amount of samples in
the training dataset, overfitting is an issue that must be ad-
dressed. The network will tend to remember the training exam-
ples rather than extracting inherent abstractions of the dataset,
because available memory in the form of trainable parameters
is enough to do so. This is a serious drawback since the clas-
sifier will not generalize well enough to classify new data ad-
equately. To reduce overfitting we use two basic techniques:
data augmentation during training, and batch normalization.

For data augmentation, the dataset was artificially enlarged
applying random, label-preserving transformations to the orig-
inal images. Randomly selected images were mirrored over the
x axis and added to the dataset during training (see examples
in Fig. 4 (d)) with a probability of 0.5. Also some of the im-
ages were scaled with a factor interval of (0.7, 1.0), as shown
in Fig. 4 (b, c, d, e). Batch normalization, in turn, standard-
izes the inputs of every layer to zero mean and unit variance.

1 https://github.com/celiacintas/vasijas/blob/master/CNN_

vessels.ipynb

Table 2: Score table per vessel class and average totals over test subset.
# class precision recall f1-score # images

1 0.80 1.00 0.89 4
2 0.95 0.97 0.96 73
3 0.97 0.91 0.94 33
4 0.38 0.75 0.50 4
5 0.92 0.63 0.75 19
6 0.50 0.50 0.50 2
7 1.00 0.88 0.93 8
8 0.80 0.89 0.84 9
9 0.67 0.86 0.75 7

10 0.92 0.89 0.91 66
11 0.67 1.00 0.80 2

Total average 0.91 0.89 0.90 227

This greatly reduces the amount by what the hidden unit values
shift around during learning, allowing faster learning rates and
achieving higher invariance with initialization. It also acts as
a regularizer, in some cases eliminating the need for dropouts,
as in the presented solution for vessel classification. In training
with batch normalization, a training example is seen in conjunc-
tion with other examples in mini-batches, and the network no
longer produces deterministic values for a given training exam-
ple (Ioffe and Szegedy, 2015).

4. Experiments and analysis

To validate the obtained results, the automated typification
was evaluated regarding standard classification metrics such as
precision, recall, and f1-score with previously unseen images
in the test set (see Table 2). The whole cross validation process
(partitioning into training, test, and validation sets, and perfor-
mance evaluation) was performed randomly five times, produc-
ing an accuracy mean score equal to 0.9013 with a standard
deviation of 0.0059.

The metrics calculated for the chosen architecture over the
unseen test dataset can be seen in Table 2. The classification
metrics were calculated using the library scikit-learn (Pedregosa
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Figure 4: Examples of images 64 × 64 with affine transformations applied randomly during the training stage.

Figure 5: Average accuracy curves over validation and training set of the CNN detailed in Fig 3. The orange line depict the error on the training subset, and the
violet line the validation error for the best performing CNN.

et al., 2011). Also, the accuracy outlines depicting the training
and validation error of the network is shown in Fig. 5, further-
more, the noise present in the validation curve can be explained
due to the small size of the validation set (n = 113), nonethe-
less both curves respect the same growth pattern. The Fig. 6
shows the normalized confusion matrix over the test dataset
(n = 227), to avoid misleading visualization due to unbalanced
classes. The code for training the CNN, structure, metrics and
testing of the CNN can be seen in https://github.com/

celiacintas/vasijas.

5. Discussion and conclusion

Our new technique presents a novel method for fully auto-
matic pottery profile classification based on profile images and
deep learning algorithms, outperforming our previous classifi-
cation methods (Lucena et al., 2014, 2016, 2017). The method
uses CNNs for automatic feature extraction and typification.
After training the network with images of profile pottery tagged
by domain experts, the resulting algorithm is able to classify

correctly the type of vessel presented in the image. The pre-
sented pipeline is entirely automatic, with no supervised fine-
tunning steps or previous ad-hoc features extraction tasks. The
technique was implemented using open source libraries, and the
source code is available on the already mention public repos-
itory, a quick guide of the pipeline is presented on the form
of a Jupyter Notebook2 (Kluyver et al., 2016). The proposed
solution is suitable to perform typification over other type of
archaeological material, such as the outline of specific stone
projectiles (spears, darts, arrows, etc). Therefore it may be
used for several other studies, including the analysis of frag-
ments produced by the original design and production of pro-
jectile points or its retouching and reactivation process, and
many other topics. Regarding future improvements, the worst
performing classes for this problem over the test subset are the
number 4 and 9 (see Fig. 6), possibly due to the size of the
samples in the respective classes (see Table 1 for numerical

2https://github.com/celiacintas/vasijas/blob/master/CNN_

vessels.ipynb
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Figure 6: Normalized confusion Matrix of the predicted results of the network
over a randomized test dataset of vessels images (n = 227). We can see that the
network perform correctly in most of the examples except in the classes 4 and
9.

reference), a possible solution is to obtain new elements cor-
responding to these classes or to artificially enlarge the dataset
applying GAN networks (Goodfellow et al., 2014) to generate
Iberian vessels, that preserve geometric information. In a simi-
lar vein, deep learning algorithms are being tested for 3D vessel
generation based on 3D GANs (Wu et al., 2016) and 2D GANs
with solid revolution methods for fragment detection and re-
construction.
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