DE GRUYTER OLDENBOURG

it — Information Technology 2022; 64(6): 217-231

Stefan Lengauer*, Peter Houska, Reinhold Preiner, Elisabeth Trinkl, Stephan Karl,
Ivan Sipiran, Benjamin Bustos, and Tobias Schreck

Interactive annotation of geometric ornamentation
on painted pottery assisted by deep learning

https://doi.org/10.1515/itit-2022-0007
Received January 23, 2022; revised July 9, 2022; accepted July 21,
2022

Abstract: In Greek art, the phase from 900 to 700 BCE is
referred to as the Geometric period due to the character-
istically simple geometry-like ornamentations appearing
on painted pottery surfaces during this era. Distinctive ge-
ometric patterns are typical for specific periods, regions,
workshops as well as painters and are an important cue
for archaeological tasks, such as dating and attribution.
To date, these analyses are mostly conducted with the sup-
port of information technology. The primitives of an arte-
fact’s ornamentation can be generally classified into a set
of distinguishable pattern classes, which also appear in a
similar fashion on other objects. Although a taxonomy of
known pattern classes is given in subject-specific publica-
tions, the automatic detection and classification of surface
patterns from object depictions poses a non-trivial chal-
lenge. Our long-term goal is to provide this classification
functionality using a specifically designed and trained
neural network. This, however, requires a large amount of
labelled training data, which at this point does not exist
for this domain context. In this work, we propose an ef-
fective annotation system, which allows a domain expert
to interactively segment and label parts of digitized ves-
sel surfaces. These user inputs are constantly fed back to
a Convolutional Neural Network (CNN), enabling the pre-
diction of pattern classes for a given surface area with ever
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increasing precision. Our work paves the way for a fully au-
tomatic classification and analysis of large surface pattern
collections, which, with the help of suitable visual analy-
sis techniques, can answer research questions like pattern
variability or change over time. While the capability of our
proposed annotation pipeline is demonstrated at the ex-
ample of two characteristic Greek pottery artefacts from
the Geometric period, the proposed methods can be read-
ily adopted for the patternation in any other chronological
periods as well as for stamped motifs.
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clustering
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1 Introduction

The study of ancient Greek pottery is an essential research
topic in the field of classical archaeology. Pottery, pre-
served in a huge number due to the relative durability
of the ceramic material, is a key to answer questions re-
garding society, economy, daily life and religion of an-
cient populations. Archaeological research on these ob-
jects involves not only the morphological classification of
the object itself, but also the analysis of their surface paint-
ings, since most of the ancient Greek pottery is elaborately
painted. Long-lasting research on these decorations, so-
called vase paintings, have revealed different techniques
and styles indicating chronological periods, workshops or
painters. One specific group of Greek pottery is referred to
as Geometric due to their characteristic surface paintings
which resemble an assemblage of various basic geomet-
ric shapes like straight lines, circles and rectangles. Geo-
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metric pottery belongs to the second period of the Greek
Dark Ages, the Geometric period, lasting from ca. 900 to
700 BCE. Most of the Geometric pottery is densely covered
by linear ornament patterns. A categorization of these pat-
terns helps to discover similarities and relations between
objects from different sites or collections and to reveal,
for example, sets of objects originating from the same re-
gion, workshop or painter. The identification of such ob-
ject relations allows domain experts to gain new insights,
e. g., concerning the distribution or workshop identifica-
tions.

To date, object collections are mostly available in the
form of domain publications where the information for
a specific object is available as a set of photographs to-
gether with textual descriptions and — in rare cases — ar-
chaeological drawings of the surface paintings. The de-
scriptions however are generally non-standardized and
unstructured, describing either the object as a whole or ref-
erencing certain parts, e. g., a vessel’s shoulder, but lack-
ing any direct reference to specific image regions. Refer-
ences to similar patterns on other objects are only given in
the textual description with predicates such as ‘similar to
X’ or ‘as in Y’, lacking the possibility to reconstruct which
aspects were responsible for the stated similarity. Recent
publications may also contain references to Kunisch [1],
who presents a very comprehensive, yet not all encom-
passing, taxonomy of known pattern classes present on
Geometric pottery objects.

However, in course of the study of the specific decora-
tion on pottery to determine when and where it was made,
archaeologists have to conduct numerous pairwise com-
parisons between an object in question and plausible can-
didates, optimally from dated find contexts like graves or
closed deposits. To qualify pattern as similar, domain ex-
perts take into account not only the pattern’s overall ap-
pearance, but countless other minuscule details, e. g., al-
ternating stroke directions in the hatching of a meander.
When analyzing an object’s surface paintings, experts typ-
ically determine: (i) which distinguishable pattern classes
are present, (ii) which given patterns are similar to those
described by Kunisch [1], (iii) which pattern classes appear
together on the surface and (iv) on which part of the ves-
sel the patterns are located, e. g., neck, body, handle, etc.
Fig.1 shows a thorough analysis for the flattened surface
of the Attic Geometric pitcher Vienna KHM IV 1. An ap-
parent disadvantage of this purely manual workflow is the
entailing time investment, resulting in many objects end-
ing up without proper surface documentation, leading to
possibly countless undetected object relations. Moreover,
without structured annotation and labelling, searching for
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Figure 1: Painted object surface after unwrapping the scanned 3D
model (top left), in-place graphical annotation of the flat surface by
archaeologist (bottom left) and the grouping and classification of
individual patterns (right).

combinations of patterns on surfaces is very complicated
or not even possible at all.

We propose a structured, computer-aided surface an-
notation pipeline which requires minimal effort from the
user and ensures quantitative reproducibility of annota-
tions through well designed similarity metrics. To this end,
a form of automatic detection is required.

A group of baseline computer vision methods for de-
termining descriptive numerical representations from im-
age data are referred to as engineered features. Those meth-
ods aim to formulate numerical representations of certain
traits of an image. Even though they have been success-
fully applied for a variety of tasks over decades it is often
hard to formulate — and anticipate — the minuscule de-
tails required for a reasonable detection and classification
and oftentimes suffer from robustness issues in the face
of eroded and incomplete patterns. In contrast, learned
features rely on algorithms which improve automatically
through the supply of respective training data. Convolu-
tional Neural networks (CNN) in particular have received
ever increasing attention the last years and constitute the
state-of-the art for image detection and classification tasks
[2]. However, they generally require a large amount of la-
belled training data to provide meaningful results, which
currently do not exist in sufficient quantity for the domain
problem relating to Greek Geometric pottery.

Hence, our idea is that: (1) an annotation pipeline in
its initial state resembles the current manual analysis pro-
cess, and (2) a CNN in the background learns from every ac-
tion the user performs, gradually improves, and (3) even-
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tually converges to an expert system which can recognize
pattern elements at high precision.

The remainder of the paper is structured as follows:
Sec. 2 gives an overview on related work on texture recog-
nition on CH objects, interactive labeling and related
benchmark datasets; Sec. 3 discusses our proposed anno-
tation pipeline in depth; Sec. 4 shows first results which
are discussed in Sec. 5; and finally Sec. 6 discusses further
potential applications of an annotated dataset.

2 Related work

Our proposed annotation pipeline constitutes an interac-
tive online learning approach. Hence, we first of all discuss
related online learning approaches, before we have a look
at pattern recognition techniques, since our system should
be able to propose a fitting pattern class for a user selec-
tion. Finally, we show several established benchmarks for
textual and geometric surface patterns.

Interactive machine learning and labeling

Involving the ‘human in the loop’ of the machine learn-
ing process is a valuable goal for many reasons, e. g., un-
derstanding of data and learned rules by human decision
makers, providing training data, or interactively adjust-
ing the parameters of the machine learning models. Also,
explainability and trust in machine learning methods are
increasingly important, as more and more decisions are
nowadays automatized [3]. To date, many approaches to
integrate machine learning and interactive approaches
have been proposed. Visual analytics approaches rely on
visualization to show data, models, parameters and allow
for interaction [4]. Relevant to our work are previous ap-
proaches in interactive labeling [5, 6], which aim to pro-
vide a small number of training data items which improve
the machine learning models, i. e., classification tasks in
these works. Typically, a number of views allow the user to
inspect data features and classification boundaries of the
trained methods. Users can explore that data, change or
add labels, and compare the effects of their labeling on the
machine learning models. While the considered data can
be abstract and high-dimensional if suitable visualization
techniques are used [5, 6], the elements to be labeled are
image-based, i. e., patterns on 3D objects, in our proposed
pipeline.

Pattern recognition
Lengauer et al. [7] present a semi-automated annotation of
repetitive ornaments on 3D pottery surfaces. They lever-
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age the observation that filling ornaments often appear in
a repetitive fashion around the solid of revolution. To this
end, they combine a naive sliding window approach with
a probability weighting based on the number of detections
at a certain point along the axis of rotation. While this ap-
proach is applicable for simple ornaments which appear
repetitively, it fails for the segmentation and classification
of Geometric pottery where individual patterns oftentimes
appear just a single time on an object surface.

Zhou et al. [8] present a web-based system for match-
ing pottery sherds, exhibiting stamped reliefs on their sur-
face, to the respective paddle stamp design that was most
likely originally used for making these specific imprints.
For each 3D scanned sherd uploaded by a user, a CNN ex-
tracts a binary image that encodes the (partial) curve pat-
terns of the stamp design. Another CNN consumes these
binary images and determines the best matching reference
stamp design stored in a remote database. Curve-pattern
extraction and sherd-to-design matching are performed
remotely on a GPU cluster. This allows archaeologists to
use the service directly from their browser for remote col-
laboration.

Crowley and Zisserman [9] describe a system that is
able to automatically annotate depictions of gods and an-
imals on vases. They processed a large pottery database
that not only features several photographs for each docu-
mented vase, but also stores brief descriptions of the de-
picted scenes. By applying text-mining methods they are
able to link the featured gods and animals mentioned in
these descriptions to the actual image area in which they
appear. Using this knowledge, they label new images with
appropriate descriptions of which figures can be seen on
the painted pottery surface.

Benchmark datasets

Several entries have been made to the 3D Shape Retrieval
Challenge (SHREC!). The SHREC 2017 track “Retrieval of
surfaces with similar relief patterns” by Biasotti etal. [10]
proposes a benchmark for retrieving surface patches from
a 3D model with a relief pattern similar to a given example.
The dataset consists of 15 classes of the so-called “tissues”,
obtained from different fabrics, which define each indi-
vidual relief pattern of interest. Those relief patterns are
applied to non-textured 3D models (12 models per class),
producing a dataset of 180 textured models. I.e., the re-
lief patterns are obtained from real-world fabrics, while
the 3D models are synthetically generated. The experimen-
tal evaluation shows that the overall retrieval precision on

1 http://www.shrec.net/
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this benchmarks is rather low, indicating the task is a dif-
ficult challenge.

The SHREC 2018 track “Recognition of geometric pat-
terns over 3D models”, also by Biasotti etal. [11], pro-
poses a benchmark for recognizing relief patterns on
3D models. The dataset is built from laser-scanned frag-
ments of archaeological artifacts, comprising 38 triangle
meshes divided in “query dataset” (8 meshes) and “model
set” (30 meshes). The benchmark proved to be particu-
larly difficult as the organizers of this SHREC track re-
ceived no satisfactory result by any algorithm or method.
The main difficulties reported by the groups participating
on this track were: dealing with noisy, real-world data;
dealing with high-definition data; and lack of training
datasets.

The SHREC 2018 track “Retrieval of gray patterns de-
picted on 3D models” by Moscoso Thompson etal. [12]
proposes a benchmark for retrieving objects with a given
painted texture pattern. For this benchmark, the dataset
is synthetically generated using binary patterns. The 3D
models can be fully covered by a single pattern, can have a
faded double pattern, or can be partially covered with the
pattern. The organizers define two different datasets: Sin-
gle Pattern (200 models) and Complete Dataset (100 addi-
tional models with double textures). The goal of the task
is to group the objects according to their texture pattern,
while disregarding the objects’ the geometry.

The SHREC 2020 track “Retrieval of digital sur-
faces with similar geometric reliefs” by Moscoso Thomp-
son et al. [13] proposes a benchmark for retrieving surface
patches with similar geometric relief. The global geome-
try of 3D models is not relevant for this task. The dataset
is synthetically generated with 11 different geometric re-
liefs, introduced to 20 base 3D models. The patterns are
purely geometric and are applied to the whole surface of
the 3D model. The goal of this track is to group the mod-
els w. r. t. the different geometric reliefs. The experimental
evaluation shows that the best methods for this task are
based on neural networks. However, some methods based
on engineered descriptors also obtained a high effective-
ness score.

Lengauer et al. [14] present a dataset and a benchmark
for repetitive pattern recognition on textured 3D surfaces.
The dataset consists of 82 scanned painted ancient Peru-
vian vessels from the Josefina Ramos de Cox Museum in
Lima, Peru. The main characteristics of the dataset are: it
contains polychromatic texture patterns; the artifacts ex-
hibit different levels of repetitiveness in their surface pat-
terns; and, the patterns and motifs in the dataset can ap-
pear anywhere on the surface of the 3D model. All 3D mod-
els of this dataset are manually annotated by archaeolo-
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gists, who identify clearly distinguishable pattern classes.
To this end, they also manually annotate each occurrence
of a repetitive pattern. Alongside the dataset itself, the au-
thors also published the annotation tools? used for creat-
ing the dataset.

3 Interactive annotation

The design of our proposed pipeline assumes that users
upload a digitized version (Sec. 3.2) of the object they want
to annotate via a custom made annotation UI (Sec. 3.3).
The annotation is conducted by alternating selection of a
surface pattern, and assignment of the corresponding pat-
tern class from a list. Upon selecting the surface area, the
continuously growing database of pattern classes and an-
notations (Sec. 3.1) is scanned in the background, yielding
a list of the most likely pattern classes, visible in the high-
lighted area, based on a similarity computation (Sec. 3.5)
of features obtained from a CNN (Sec. 3.4). To support in-
teroperability and easy collaboration among experts, we
decide for a web-based application that connects to a com-
mon database. For straightforward integration of the an-
notations in other applications, we support the database
export in a standardized structured manner.

3.1 Initial dataset

To support the traditional, manual expert annotation
workflow, our system supports two distinct surface anno-
tation tasks so that surface areas can be associated with
both vessel parts and pattern classes.

3.1.1 Taxonomy of vessel parts

Our system offers a set of vessel part labels for referring to
the different morphological parts of a pottery object. A tax-
onomy of these parts following the human body structure
like foot, belly, neck is widely used in pottery studies [15].
We composed an initial label set V, containing the most
commonly used labels, beginning bottom-up: foot, lower
part, belly, shoulder, neck, rim and handle. Yet, this set is
not encompassing. Hence, we allow the user to dynami-
cally add additional terms on demand.

2 https://datasets.cgv.tugraz.at/pattern-benchmark/
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Pattern Drawings Pattern Descriptions

Figure

Figure 2: One characteristic page from the geometric pattern taxon-
omy by Kunisch [1]. The figures (blue) and text blocks (yellow) were
detected and extracted automatically and further segmented into
pattern drawings (red) and descriptions (green) respectively.

3.1.2 Taxonomy of geometric patterns

Our initial set of pattern classes is based on the taxonomy
by Kunisch, presented in Ornaments of Geometric Vessels
(in German) [1]. The volume comprises a total of 776 dis-
tinct pattern classes, collected from object depictions from
more than 50 different domain publications. They have
been grouped into 6 major — e. g. rectangular ornaments —
and 20 minor groups. A specific pattern class is generally
documented as:

— A representative black and white drawing of the pat-
tern, usually closely resembling one of the related ex-
amples on a real artifact;

— A textual description, consisting of different labels re-
ferring to certain properties of the respective pattern,
like ‘hatched’, ‘vertical’, etc., in up to five different lan-
guages; and

— (Optionally) literature references to publications de-
picting objects the patterns appears on.

This format is not very strict though, as several text de-
scriptions refer to multiple pattern drawings.

Since the book was not available in digital format, the
contents are extracted from the scans of a printed version
with basic computer vision techniques. In a first step all
text depictions are purged from the binarized pages with a
morphological erosion, leaving only the figures containing
the pattern drawings (Fig. 2, blue). After cutting out all fig-
ures and filling their respective rectangles with white, all
remaining non-white areas were qualified as ‘text blocks’
(Fig. 2, yellow) and extracted as well. The figures were au-
tomatically segmented into the individual pattern draw-
ings (Fig 2, red) by employing fundamental image process-
ing techniques, implemented in the OpenCV computer vi-
sion library,? together with simple heuristics. The same

3 https://opencv.org
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procedure is used to segment the text blocks into individ-
ual pattern descriptions (Fig 2, green). The figure captions,
combined with their respective subfigure captions, were
leveraged to link the drawings with their respective de-
scriptions. State-of-the-art Optical Character Recognition
(OCR) methods [16] were are to transfer the rasterized text
into machine readable form. All in all, about 90 % of en-
tries were segmented, translated and linked correctly with
these methods while the rest was fixed manually.

3.2 Input preparation

Our annotation system expects an image as input, which
is the format in which the majority of CH objects are doc-
umented. Nonetheless, with advancements in scanning
technology more and more objects are digitized as 3D mod-
els. Compared to images, which are limited to one view,
those have the advantage that they are able to capture the
complete and continuous object surface. To be processed
by our pipeline the 3D model needs to be transferred to
the 2D domain with appropriate methods. In the most sim-
ple case this could be a rendering, which however has the
same downsides as a photograph. Hence, more sophisti-
cated techniques create a planar projection of the 3D sur-
face as a whole. This can be achieved by projecting the
surface texture onto a shape primitive, e. g. cylinder, cone
or sphere, fitted to the given geometry, which is then un-
wrapped virtually [17, 18]. The projective distortions intro-
duced with this method can then be reduced with an elas-
tic relaxation [19]. Houska etal. [20] demonstrated how
this principle could also be applied to a set of overlapping
photographs in order to reduce the distortions caused by
the curved vessel surface.

3.3 Annotation interface

We design a web interface, where the uploaded image is
displayed in the left half of the screen (Fig.3 (1), while
the right half of the screen shows a ranked list of the
best matching pattern classes for the currently annotated
area. Area selection is done via a lasso drawing tool, al-
lowing the selection of arbitrarily shaped areas of the ob-
ject surface. The same lasso tool is also used for mark-
ing vessel parts, and switching between both modes is ac-
complished by clicking a tab right above the photo dis-
play area. The pattern classes are organized in their minor
groups (Sec.3.1.2), and the best-matching pattern groups
are listed from top to bottom (Fig. 3 (2)). The assignment of
a pattern class to the current selection can be made via the
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Figure 3: Web-based user interface comprised of an annotation area (1) with an active selection, and results area (right), with the best
matching pattern group @, the previously annotated inputs for a specific pattern class @, and further pattern classes belonging to the
group of the pattern class directly above it @ By clicking the respective blue check mark the user can assign the matching pattern class for

the current selection.

blue check mark buttons. If annotations for a specific pat-
tern class have been already obtained from other inputs,
those annotations are listed next to their sample pattern,
sorted (from left to right) according to their similarity to the
current selection (Fig. 3(3)). Only the best-matching candi-
date per group is shown by default, but the other patterns
of the group can be displayed on demand (Fig. 3 (4)), sim-
ilar to the nested folder structure display in file browsers.

3.4 Extraction of image features

For the similarity computation between a selection and
the patterns in our database we need to extract descrip-
tive image features with our CNN. Pottery surface depic-
tions are usually documented as color as well as grayscale
photographs. Hence, we apply grayscale conversion [21]
to the color photographs to bring the inputs into a com-
mon base representation. While this simple preprocess-
ing step suffices for the comparison of photographs with
other photographs, we also have to compare photographs
to the archetype drawings by Kunisch (Sec. 3.1.2), for pat-
tern classes that do not have any annotations yet. The di-
rect feature extraction from those inputs of a different na-
ture, yields vastly different feature vectors. Consequently,
we insert an additional preprocessing step (Sec. 3.4.1) for

this case in order to bring the query and reference in a com-
mon base representation (sketch representation).

3.4.1 Sketch-like input abstraction

The process of transforming the archetype drawings into
realistic grayscale images is an ill-posed problem. Hence,
we go the other direction and mimic the artistic style used
in the documented pattern taxonomy, as is done in a sim-
ilar fashion by Lee etal. [22]. First, we calculate the dis-
crete Laplacian A of the grayscale image. Second, Otsu’s
method [23] is applied to the inverted Laplace-filtered im-
age, which yields a strictly binary black-and-white image.
Otsu’s threshold is also applied to the Kunisch pattern im-
ages, which are semantically already binary images, but
may still exhibit inadvertent intensity variations due to the
digitization process. Fig. 4 (from left to right) shows the in-
puts, intermediate processing steps, and the final outputs
calculated by our method for a Kunisch pattern (top) and
a sample annotation from a photograph (bottom).

3.4.2 Residual neural network

There are many options for selecting a convolutional neu-
ral network to extract features from images. We opt for a
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Figure 4: Kunisch pattern classes are mapped from grayscale (top
left) to black and white (top right). Query selections from input pho-
tographs (bottom left) are first converted to grayscale (bottom cen-
ter) and finally to black and white (bottom right).

well-established architecture that provides high effective-
ness and can be easily trained for custom purposes. The
residual neural network (ResNet) is an architecture that
combines convolutional layers and shortcut connections,
making it possible to train very deep models without com-
promising the convergence of the learning process due to
vanishing gradients. We train several networks (ResNet18,
ResNet50, ResNet101 and ResNet152, where the number at
the end denotes the number of layers) and evaluate the
best option for our needs. We use the Pytorch” pre-trained
networks to perform the fine-tuning. The setup for all the
networks is: data augmentation (vertical and horizontal
flips), batch size of 32, and Adam optimizer with a learning
rate of 0.0001.

We take the Kunisch patterns as input dataset. To
make a fair comparison of our implementations, we split
the patterns into 70 %/20 %/10 % for training, testing, and
validation, respectively. Since all the networks are pre-
trained with ImageNet,” our goal is to fine tune the net-
works to learn the patterns in the Kunisch dataset. Im-
ageNet is a large-scale dataset (1.2M images) with natu-
ral images. The pre-training step aims at finding the best
latent representations for the images in a classification
setup. Even when the network is pre-trained in this large-
scale dataset, it is expected that the network has learned
to extract meaningful information from the images for the
downstream task. Transfer learning is a well-established
methodology to take advantage of a pre-trained network
to create a specialized neural network for a small, re-
lated problem. In our case, the network gains the spe-
cialization to represent the patterns via a fine-tuning of
the pre-trained ResNet network. Each network is trained
(using the same random seed) with the training dataset
for classification while the validation set is used for fine-
tuning hyper-parameters. Once the networks are trained,
we drop the last classification layer from the network,

4 https://pytorch.org/
5 https://www.image-net.org/
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Figure 5: The 11-point precision-recall curves for the major- (top
left) and minor (top right) pattern groups for different levels of
depth of ResNet (18/50/101/152) and different configurations.
Bottom left and right show the respective confusion matrices for
ResNet18_8158.

and use the output of the global pooling layer as feature
vector. Fig. 5, top shows the precision-recall plots for the
trained networks, computed over the test set. From this fig-
ure we can conclude that 18 layers is the best option to
learn from the patterns. It seems deeper networks, such
as ResNet50, ResNet101 or ResNet152, require much more
data to converge and to generalize, while shallower ver-
sions of ResNet would not be able to converge for learn-
ing a large-scale dataset and would thus not be useful for
transfer learning. After deciding for a certain depth (18 lay-
ers) a number of runs of the same ResNet18 base network
are conducted as the transfer learning uses several ran-
dom data augmentations. After trying different configura-
tions, we perform a classification assessment over the val-
idation set. Fig. 5 also shows the 11-point precision-recall
curves for other runs of ResNet18, labelled ResNet18 *,
where the respective four digit number refers to the net-
work’s classification accuracy on the validation set. It can
be seen that certain configurations entail a substantial in-
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Table 1: Evaluation measures (NN, FT, ST and mAP) for all investi-
gated ResNet architectures. The respective highest values are in
bold font.

Architecture NN FT ST mAP
ResNet18 0.6695 0.3139 0.2536 0.3332
ResNet18_6579 0.7500 0.4376 0.3289 0.4709
ResNet18_6842 0.8506 0.5471 0.3600 0.5971
ResNet18_7105 0.8218 0.6002 0.3784 0.6341
ResNet18_7368 0.8305 0.4838 0.3228 0.5228
ResNet18_7632 0.8822 0.5743 0.3714 0.6297
ResNet18_8158 0.9339 0.6828 0.4127 0.7438
ResNet18_8421 0.8822 0.4688 0.3202 0.5216
ResNet50 0.6753 0.2992 0.2476 0.3247
ResNet101 0.7299 0.3113 0.2556 0.3348
ResNet152 0.6954 0.3097 0.2558 0.3321

crease in performance. It appears that ResNet18_8158 is
clearly the best which is also confirmed by established
evaluation measures — Nearest Neighbor (NN), First Tier
(FT), Second Tier (ST) and mean Average Precision (mAP)
—shown in Tab. 1, where this network outperforms all oth-
ers in every single metric. Fig. 5 bottom shows the confu-
sion matrices for ResNet18_8158, computed from the near-
est neighbor pattern in the retrieved list. A high nearest
neighbor measure ensures that the most similar pattern
is retrieved in the first position during search. It can be
seen that the network performs (unsurprisingly) much bet-
ter on certain pattern groups, such as rectangular or circu-
lar patterns, than on rather complex lozenge or pictogram
shapes.

Additional annotations resulting from the user-driven
documentation process can be leveraged to further fine-
tune the network, and since re-training the network is re-
source expensive, the network is re-trained only once a
certain number of new samples are available. This phe-
nomenon is known as concept drift and there are several
ways to address it [24].

3.5 Similarity computation

To propose accurate pattern class predictions for a surface
region selected by the user, we leverage visual similarities,
as well the position on the object surface. For the prior
we employ the 512-dimensional image features {x} c R
obtained from the ResNet18_8158 network (Sec. 3.4) which
we extract for the current selection. To this end, we use the
polygon bounding box of the user’s lasso selection to crop
the annotation surface and mask all image parts outside
the selection polygon. The feature vector obtained from
this query x, can thus be compared to all the pattern class
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samples provided by Kunisch {X;};.;, with I as the index set
of pattern classes, as well as all previously annotated pat-
terns {X;};¢; , with J; as the index set of annotations belong-
ing to the pattern class i. We differentiate between feature
vectors obtained from the grayscale inputs (x) and fea-
ture vectors obtained from the binarized (Sec. 3.4.1) inputs
(xB).

We found that the similarity between a query g and
a pattern class i is strongly correlated with the similarity
of the query to the class’s existing annotations, while a
weaker correlation was observed between a query and the
pattern class samples, as they are artistic representations
of a pattern and thus different in nature. Hence, we decide
to apply a stronger weighting on the similarities of anno-
tations, if such are present.

We define the similarity of query g to pattern class i as
the inverse of the distance

Yk=tix, Xilklw() .

dig=] Tomew U0 (1)
G(Xg ,xP) otherwise,

with 6(x;,x,) = N - [|X; — X, || as the normalized Euclidean
distance, X; = sorted({@(xg, XJ-G)}]-€ j,)- We apply a weighting
to the distances in the sum of Eqn. (1) relative to their ap-
pearance in the sorted sequence ;. The rationale behind
it is that the presence of a few very close matches is more
important than the overall mean similarity. To this end, we
employ a (fast) decaying weighting function w(k) which
puts increased emphasis on the best matches. w(k) = k™
is used in all subsequent experiments.

Often the placement of a pattern on the object’s sur-
face provides a vital cue of the similarity computation.
From the Kunisch taxonomy we have no information re-
garding the positioning of certain patterns. For the anno-
tations, however, we have such due to the surface part an-
notation (Sec.3.1.1). Thus, for each annotation j we can
determine a placement histogram s € IR'Vl, where the
k-th bin sj[k] = A U Sygl/IAl k € 1.]V|, reflects the
annotation’s correlation with the k-th surface part label
(Sec.3.1.1). A; denotes the set of surface pixel of annota-
tion j and S, the set of surface pixels of vessel part v € V.
That is, the distance function 0 can be reformulated to
6(x;,X,) = a(1-BC(s,, 5,))+ (1N "2 ||x, ~X,|| for the com-
parision of annotations. BC refers to the Bhattacharyya co-
efficient [25], which we employ for the distance computa-
tion between placement histograms and the weighting fac-
tor a € [0, 1] governs the influence of the placement on the
similarity computation. The optimal value for a could not
be determined within the scope of our experiments as it
would require to look at a large amount of annotations.
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Figure 6: Surface annotation of Vienna KHM IV 1 for four of the object’s patterns. The colored panels indicate the group-wise (horizontal)
and pattern-wise (vertical) ranking of the correct result according to our automatic recognition. In a second step, the same recognition was
tested with a few annotations from other source being present (red box on the right), yielding the rankings marked with a red border.

First experiments, however, indicate that the placement
should play a less substantial role, i. e., @ < 0.5, than the
pattern similarity.

4 First results

For a first experimental evaluation of our annotation
pipeline we investigate four different patterns of varying
complexity that are found on the surface of the Attic Ge-
ometric pitcher Vienna KHM IV 1 (Fig.1). From the unas-
sisted manual annotation effort it is known to which pat-
tern class from the Kunisch taxonomy they can be at-
tributed. For the first scenario we try to identify the cor-
rect pattern class based solely on the user selection of
the respective surface area and the extracted sample pat-
tern.

The first pattern that we look at is a right-turning
hatched meander in vertical panels (according to Kunisch,
no. 21i), which appears two times on the left and right side
in the neck zone of the pitcher (Fig. 6, left). In the obtained
results, the group of meanders is ranked as the closest
match, while the exact class within the group is at the fifth
position of the best fitting entries. Better yet, the second
best entry is actually the same pattern type, except for the
turning direction (left instead of right, Fig. 6). The chess-
board pattern in a horizontal panel (no. 13a) on the lower
neck area of the vessel belongs to the group of rectangular
patterns, which is ranked third out of all twenty groups by
our retrieval system. Even though the correct pattern class
only appears towards the end of the third quarter of the
respective group, there are already several good matches

among the first few classes (within the first quarter) in the
group — c.f. the chesshoard pattern at the eighth place
(Fig 6). For the lozenge chain with dots within and with-
out in a horizontal panel (no.38a) at the bottom of the
neck zone, the group affiliation was correctly calculated,
and the specific lozenge chain at the sides appears already
within the first entries of the group. Matching the verti-
cal tongues patterns with stacked M-chevrons and cross-
hatched lozenge chains, alternately decorating the belly
zone of the vessel, is especially challenging, as the pro-
vided taxonomy by Kunisch [1] has no entries that describe
the displayed patterns exactly (they show other fillings).
According to the domain expert, the depicted patterns cor-
respond to no. 91a to 91g. Nonetheless, these closest equiv-
alents (Fig. 1) are found within the first quarter of all the
group instances.

In the second scenario we enriched our initial
database with a few real-world artifacts from external
sources for several pattern classes. In order to associate the
pattern-class depictions on these external vessels, we load
the respective vessel photographs into our system, and an-
notate the surface areas that contain the pattern classes of
interest. When we then select the same meander pattern
(no. 21i) as in the first scenario, the search result improves
substantially. The correct pattern class is now the top re-
sult, even after adding just a single annotation of the same
meander on a different vessel (Fig. 6, red frames). For the
chessboard pattern (no. 13a), four additional occurrences
on vessels from different sources are annotated. Again, an
improvement is achieved, since the correct group is now
listed as the second instead of third best match, and fur-
thermore the associated pattern class is the best match
within this group.
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Figure 7: Surface annotation of Athens KER 2146 [26] with the
column-separated number at the top of the panels reflecting the
group-wise and pattern-wise rank of the correct pattern according to
our recognition.

Fig. 7 illustrates the annotation process on another ge-
ometric pottery artifact, documented by Kiibler [26]. This
belly-handled amphora Athens KER 2146, decorated in
three zones (belly, shoulder and neck), exhibits six clearly
distinguishable classes of surface patterns (attribution to
Kunisch’s taxonomy done again by domain experts): (i)
central on the belly a hatched meander shape in a vertical
panel (no. 21h); (ii) to the left stacked cross-hatched trian-
gle in a vertical panel (no. 47j); (iii) to the right antithetic
chevrons with solid filling in a vertical panel (no. 65f); (iv)
further outwards on this belly zone each one large concen-
tric circle enclosing a reserved cross (no.79d); and (v, vi)
below these circles vertical chevrons in horizontal pan-
els, one facing to the right (no. 65d), the other to the left
(no. 65e). The whole decorated zone on the belly is framed
above and below by ornament bands circumferential the
whole vessel with the so-called dogtooth pattern, a row
of filled triangles, in our case pointing upwards (no. 53b).
Another clearly visible ornament is depicted in the neck
zone: a so-called battlement pattern, on this vessel with
multiple lines with dots in the open spaces (no. 19b). We
annotate those patterns with our system without this do-
main knowledge and any prior annotations from other
sources. Fig.7 shows the outcome of these annotation ef-
forts, where the colorized vertical panels to the left and
right of the vessel visualize the query results for the respec-
tive surface area marked with the corresponding color. The
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colon-separated numbers at the top of each the panels re-
flect the ranking of the matching search result for the pat-
tern’s group and the specific class within the group, re-
spectively, and the two red arrows signify the correct class
for the pattern in question. The first four of the six inves-
tigated patterns are predicted with a high accuracy, as in
these cases the correct group is identified, and further-
more the correct pattern within the group is part of the top
results. The fifth pattern — the vertical chevron facing to
the left in a horizontal panel (no. 65e) — provides accept-
able results: while the correct group is predicted, the cor-
rect class within the group is not among the top ten candi-
dates. The sixth pattern — the upwards pointed dogtooth
ornament (no. 53b) - is a challenging case, as our recogni-
tion system ranks the respective group of zigzag patterns
only on forth place, and the correct pattern class within
the group is ranked among the classes with a low similar-
ity measure.

5 Discussion, limitations and future
work

From the scenarios described in Sec.4 we can conclude
that — even without any annotations — the recognition
works fairly well for the majority of cases. In some cases,
e. g., for the dogtooth ornament (no. 53b), the correct pat-
tern was rated as being very dissimilar, even though the
preprocessed query and the reference pattern from Ku-
nisch appear very much alike. The reason why visually
similar looking inputs lead to vastly different feature vec-
tors on some occasions could not be established. Yet, it
was found that adding annotations generally improved
the performance. This is in in line with our expectations, as
query and search space entities are of the same modality
in that case. At the same time it was observed that a pat-
tern with annotations is not automatically ranked higher
than all classes without any annotations, proving that the
query preprocessing serves the intended purpose. Note
however, that the hand-drawn reference patterns from Ku-
nisch are only used to address the cold-start problem [27],
a well known issue with content-based recommender sys-
tems. In the long run we plan to replace them completely
with annotated patterns taken directly from reference pho-
tographs. This way we will have only a single input modal-
ity throughout the entire system.

The comparison of the two types of inputs (flattened
3D model and photograph), used for the first results,
shows no clear preference for either input type in terms
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of recognition performance. However, for the practical ap-
plication the flattened surface has the advantage that it ex-
hibits less perspective distortion and that it represents the
continuous object surface as a whole.

Although the annotation was quick and smooth for the
shown results, a thorough evaluation of the annotation ef-
ficiency with our system remains a future work item. L. e.,
we intend to assess the usability of our system by conduct-
ing an encompassing user study with domain experts.

The second group of limitations is related to the al-
gorithmic capabilities of our applied feature extraction
(Sec.3.4). The employed CNN is an interim solution, due
to the small number of available training data, and cur-
rently may not be most specific to our domain application.
The CNN is not used as a classifier but rather only yields
a latent vector for a provided input. This is reflected in a
somewhat low robustness with some inputs, since a slight
change of the input selection occasionally results in a
vastly different ranking. Additionally, inputs of a different
nature (photograph and sketch) have to be compared ini-
tially, which is addressed by our preprocessing (Sec. 3.4.1),
but still poses a challenge for certain inputs. However,
contrary to the input related limitations, these algorithmic
limitations should be able to be overcome with increasing
annotations, which allows the training of a more special-
ized CNN, or even a pattern class classifier.

Automatic pre-segmentation of patterns

At the moment, we require the user to manually encircle
patterns to be queried. In the future, we would like to in-
vestigate user assistance in this step by proposing a set of
pattern candidates that are found in the input images au-
tomatically. Even though the topic of image segmentation
—the splitting of images into meaningful parts — has been a
heavily researched computer vision topic for decades, spe-
cialized segmentation tasks (like in our case) still pose a
significant challenge. Conventional methods comprise ap-
proaches based on thresholding, k-means clustering and
watershed algorithms [21], while modern approaches al-
most exclusively rely on deep learning [28]. However, of-
the-self methods are not able to segment the vessel sur-
faces into their pattern atoms and learning customized
segmentation models requires a large amount of training
data. Hence, an automatic pre-segmentation of patterns
can be feasible once we have collected sufficient data. Yet,
even with this potential enhancement, we believe that the
user should always have the final choice, such that in-
adequate automatic segmentation results can always be
edited or discarded altogether.
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Pattern recognition

The pattern recognition part of our pipeline faces two dis-
tinct groups of limitations. Firstly, limitations inherent to
the input data. Those can be further split into issues re-
lated to the artifacts themselves, which result from a poor
conservation and include phenomenons like chipped or
worn off surface parts and missing parts in general; as well
as limitations resulting from the digital data representa-
tion. Latter depend on the form of the input data and com-
prise various acquisition errors, e. g., occlusion, registra-
tion errors, etc., in case of 3D digitized objects, and all
the challenges characteristic for photographs, resolution,
quality, perspective distortions, highlights, etc., in case of
images. Another data related limitation specific to our ap-
plication is that we initially do not have any locality in-
formation (which is a vital clue to exclude certain search
results) for the pattern classes as this information is not
given in the Kunisch taxonomy.

Kunisch taxonomy

Another group of limitations stems from basing our pat-
tern classes on the Kunisch taxonomy. This taxonomy was
seemingly compiled with a manual annotation process
in mind. Hence, it lacks the logical, bottom-up hierar-
chy, necessary for an automatic classification. E. g., several
pairs of pattern classes only differ in their orientation (ver-
tical or horizontal) while rotation-invariance is generally
required. A more logical representation of this particular
circumstance would be to have just one pattern class for
such a pair and (optionally) the orientation as additional
flag of an annotation.

In conclusion, the Kunisch taxonomy is a very good
starting point for our first prototype, as it constitutes an
encompassing structure of geometric patterns with many
examples. To the best of our knowledge this is the most
encompassing survey of geometric patterns of classic ves-
sels. However, for long term application and larger scale
annotation, we want to extend this existing pattern class
structure or build up a new taxonomy altogether.

6 Applications

An encompassing annotated dataset not only allows for
the training of dedicated pattern classifiers by providing
labelled image-pattern-pairs, but also enables a variety of
other applications.

That is, the structured annotation generated with our
system could be leveraged for various search and retrieval
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applications relevant for archaeological research. Exam-
ples include, but are not limited to: searching for objects
exhibiting a certain pattern; searching for objects exhibit-
ing a certain combination of patterns; or searching for ob-
jects exhibiting a certain pattern at a specific location of
their surface.

With dedicated analysis methods deviations in shape
or location can be unveiled, leading to new discoveries and
insights. Registering the individual occurrences of a cer-
tain pattern allows to examine the intra-class variability,
identify outliers and even determine a prototypical pattern
representation. Based on the location labels, correlations
between the pattern classes and surface regions can be re-
vealed.

A structured dataset also allows for visualization and
(interactive) exploration. A huge number of methods have
been studied to explore multimodal data at all different
levels of visual granularity, supporting a broad overview
down to close-up. E.g., for the overview visualization
of — potentially huge — repositories, visual cluster analy-
sis methods like self organising maps (SOMs) are an es-
tablished visualization technique. This unsupervised ma-
chine learning technique generates a two-dimensional
representation of high-dimensional input data. For a sim-
ple experiment we apply the approach by Barthel et al. [29]
to the pattern drawings from Kunisch and obtained the
map depicted in Fig. 8, based on the features obtained
from the CNN (Sec.3.4). Note, that for illustrative pur-
poses, we randomly selected just about half of the entire
set of patterns, which were selected at random. The differ-
ent background colors reflect the different major pattern
groups. It can be observed that, even though the CNN is
unaware of this coarse classification, very similar clusters
are formed where visually similar patterns generally ap-
pear close to each other. Other concepts [30, 31] also sup-
port the interactive exploration of data and allow the user
to investigate selected subsets of the data in more depth
and along specific traits in order to reveal correlations.

7 Conclusion

We present a semi-automatic annotation pipeline for Ge-
ometric patterns on ancient Greek pottery, which greatly
simplifies the current purely manual annotation process
while requiring no additional effort. The advantage of our
proposed process is that the generated annotations exhibit
a high degree of structure with references to specific sur-
face areas and digital links to similar patterns. The auto-
matic pattern class prediction based on a selection pro-
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Figure 8: Visualization of the Kunisch patterns collection based on
feature descriptors obtained from our CNN. The background colors
indicate the affiliation major pattern groups.

vides baseline results, and a substantial performance in-
crease is observed even with just a few additional annota-
tions. Although we showed the capabilities of our annota-
tion pipeline with the example of Greek Geometric pottery,
due to its availability, we want to stress that the process it-
self can be generalized for a wide range of other domains.
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