ArcAid: Analysis of Archaeological Artifacts using Drawings
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Figure 1. Analyzing archaeological artifacts. Images of archaeological artifacts are extremely challenging to analyze, since they are
eroded, broken and stained (a). Our model manages to classify these artifacts not only by shape (b), but also by historical period (c). In
this figure, each ellipse bounds artifacts from the same class, demonstrating the great diversity within a class. Furthermore, our model
generates a drawing of the given artifact (d), which is a standard way of archaeological documentation. The top row shows an /bex dated
to the Late Iron, whereas the bottom row shows a Lion dated to the Late Bronze.

Abstract

Archaeology is an intriguing domain for computer vi-
sion. It suffers not only from shortage in (labeled) data,
but also from highly-challenging data, which is often ex-
tremely abraded and damaged. This paper proposes a novel
semi-supervised model for classification and retrieval of im-
ages of archaeological artifacts. This model utilizes unique
data that exists in the domain—manual drawings made by
special artists. These are used during training to implic-
itly transfer the domain knowledge from the drawings to
their corresponding images, improving their classification
results. We show that while learning how to classify, our
model also learns how to generate drawings of the arti-
facts, an important documentation task, which is currently
performed manually. Last but not least, we collected a new
dataset of stamp-seals of the Southern Levant. Our code'
and dataset® are publicly available.

1. Introduction

Archaeology benefits society through understanding of
the past and is acknowledged worldwide as a major research

Ihttps://github.com/offry/Arc—Aid
Zhttps://cgm.technion.ac.il/arcaid/

field. Advances in computer vision may be harnessed to the
task in order to automatize some aspects of the study of ar-
chaeological findings (artifacts). For instance, a core task in
the domain is to look for similar artifacts, which may reveal
relations, commerce and connections between countries and
cultures. The current practice is to leaf through thousands
of pages in site reports. Instead, performing this task (and
others) utilizing vision methods could take minutes. These
methods are essential not only because the number of arti-
facts is large and the number of experts is small, but also
because datasets are distributed all over the world.

This, however, is an intriguing task, as the archaeological
domain exposes the limits of current computer vision tech-
niques, due to several unique properties. First, there is a
shortage of labeled data, since labelling must be performed
by archaeological experts. Second, many archaeological ar-
tifacts are preserved in poor state of condition, eroded or
broken, which differs from that of standard natural images.
Third, since the artifacts are hand crafted, the consistency
between different items of the same class is relatively weak.

A major task in archaeology is to classify artifacts
by different criteria. The few classification methods in
the domain exhibit good results, however they mostly fo-
cus on classes that have small variety within each class
(for instance, similar coins with varied state of preserva-
tion) [2, 6, 10, 12, 15,34, 38]. Our goal is broader: classi-
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fying a given artifact, where images in each class may vary
greatly. This is either because they were produced in differ-
ent periods or by different artists (e.g. considerably differ-
ent lions and ibexes shown in Figure 1(b)) or because they
are clustered by periods, even though the appearance of the
shapes from the same period inherently differ (Figure 1(c)).

Since we do not have access to the real artifacts, which
are often kept in store rooms of archaeological services, we
focus on the visual documentation of these artifacts. One
obvious such documentation is images, which is our input.
Oftentimes, the images of the artifacts are accompanied by
illustrations, made by trained drafts persons. Though the
drawings and the photos are not necessarily aligned and the
drawings are not exact depictions of the images, some fea-
tures of the artifacts look clearer and more enhanced in the
drawings. Thus, we propose to use them during training.

We introduce a novel semi-supervised approach for clas-
sifying archaeological artifacts. During training we utilize
unlabeled pairs of drawings and images, together with a
smaller number of labeled pairs. At inference, however,
only an image is given as input. Our approach addresses
the unique domain’s challenges—a small dataset, the poor
state, the lack of consistency between artifacts in the same
class, and similar objects in different classes (which require
expertise). Furthermore, we show that our approach is gen-
eral and enables us to classify the same artifact into various
classification types. Specifically, as demonstrated in Fig-
ure 1(b)-(c), our model classifies both by shape and by pe-
riod. In these examples, the given image (at inference) is
not ideal in terms of quality. Yet, our model classifies the
images correctly according to both classification types.

Our method is based on a key observation that although
the drawings are not exact edge detections of the photos,
utilizing them during training is beneficial. This is so since
they both represent the same main features of the artifact, so
the global features found in both are similar, but clearer to
detect in a drawing due to the state of the artifact (Figure 2).
Forcing similarity between the embeddings of images and
drawings contributes to the representation learning.

During training we solve an additional task—drawing
generation—with unlabeled image-drawing pairs. Cur-
rently, since drawing generation requires special artists, it
is done for very few selected artifacts, rather than to the
whole data. We present SOoTA results in classification, re-
trieval, and image-to-drawing generation in our domain.

Last but not least, we present a novel dataset, Corpus of
the Stamp-seals of the Southern Levant (CSSL). It contains
scarabs and other seals from Egypt and the Southern Levant
(1750-330 BCE), classified by experts both by shape and
period. This is an important contribution, since archaeolog-
ical datasets are rare in general, and in particular datasets of
paired images and drawings.

Hence, this paper makes three contributions.

(a) Bird

(c) Ibex (d) Beetle

Figure 2. Input to training. The edges of the drawings are
clear and complete, comparable to their counterpart in the images.
Moreover, the details differ and the pairs are misaligned.

1. It presents a semi-supervised method for multi-modal
learning of paired drawings & photos in archaeology.

2. It introduces a model for image classification and re-
trieval of scarabs, with respect to the shape or the pe-
riod, jointly with the ability for drawing generation.

3. We collected a new dataset of images and drawings of
decorated scarabs, together with classifications and re-
trieval benchmarks according to both shape and period.

2. Related work

Computer vision for archaeology. Most of the papers
that develop vision techniques for the archaeological do-
main address one of three tasks: (1) documentation, where
the goal is to either generate 3D curves [31, 32] or to ex-
tract reliefs [13, 14, 35, 57]; (2) restoration, where the at-
tempt is to restore the way the artifact looked before it was
damaged, such as in hole completion [33,45,47], or in re-
assembly [9, 17,36,51]; (3) location, where the attempt is
to locate the artifact in time and space through classifica-
tion [2,4,6,15,27,34,38,44] or retrieval [3,25,29,38,44,46].

Our focus in this paper is on classification and retrieval
of images of archaeological artifacts. In [2] a new archi-
tecture, CoinNet, is presented, which performs classifica-
tion by shape (decoration). Results are presented on a Ro-
man coins dataset. In [6] the GlyphNet architecture is intro-
duced, which presents classification results on Hieroglyphs.
In [38] classification is done both by period and by site, uti-
lizing multiple CNNs and inferring with a voting ensemble
approach. Their dataset contains images of archaeological
tools and artifacts, mostly found in good preservation condi-
tions. We compare our results to those of the recent models
of [2,6] and to those of the backbone model of [3&], which
work on 2D data and made their code available.

To generate drawings from 3D archaeological data,
in [22, 30, 53] the sought-after curves are mathematically
defined. Based on this definition nice results are produced
for a few available 3D shapes. Since 3D archaeological data



is even scarcer than 2D data, we are the rst to address the

problem in 2D.

2D archaeological datasetsA dataset o#4; 310grayscale

images of hieroglyphs is presented in [21]. The artifacts are

not well-preserved, however the variety in each class is rel-

atively low. A dataset that comprises photograph6;af70

artifacts of different types is presented in [38], most are rela-

tively well-preserved, with high variation within each class.

The released version of the dataset is in a much lower reso-

lution than that of the original, therefore we do not experi-

menton it. The dataset pup“Shed in[ ] contals225im- igure 3. Training with and without drawings. When training
ages of anglent R'oman coins. Thg coins are WeII—preserve(J;nly using images (top), the model focuses on the torso of the ibex,
and the variety within each class is low. We present a NeW \yhich leads to misclassi cation as a lion. Conversely, thanks to the

dataset, which is not only the rstto contain labeled pairs of §rawing, our model focuses on the horns and the head (bottom),
images and drawings, but also contains challenging artifactsand classi es the image correctly.

in terms both of preservation and of class variety.
Semi-supervised multi-modal learning. This task aims
to integrate information from multiple modalities and learn is improved, in comparison to learning only from images.
shared knowledge, making use of both labeled and unla- e propose to utilize the drawings during training to im-
beled data. Approaches such as pseudo-labeling [48, 56]prove image representation. During inference, however, im-
teacher-student distillation [11,26], or co-training [,37,54] ages are the sole input, since in most cases drawings are un-
do not fully leverage the nature of our paired dataset. Our ayajlable. Intuitively, a drawing of an object can be consid-
work is somewhat related to teaCher'StUdent, as we aim tOered as an augmentaﬁon of the photO, one which expresses
transfer knOW|edge from one encoder to another. The dif- the Object's Shape as an edge map and makes it easier to
ference however is in the quality of the input of the teacher extract features that are dif cult to obtain from the image.
and the student, which use drawings & images, respectively.Thjs is demonstrated in Figure 3, where the drawing enables
There are also works which combine sketches and im-oyr model to differentiate between engravings of ibexes and

ages in various ways [7,18,19,41,42,52,55,58]. lions. Using only images, the localization map [43] focuses
on a region (torso) in which the ibex and the lion engrav-
3. Method ings are hardly distinguishable, whereas when trained with

Our goal is to design a model which, given only animage ©U" method, the model's focus is on the.hor.n_s, vyhich distin-
of a 3D decorated archaeological artifact, will output an em- 9uishes between the two classes. This intuition is reinforced
bedding vector representation that can be used for analysid OUr experiments in Secnqn 6. I'nterestmgly, since training
applications, in particular classi cation or retrieval. Such 1S Performed also for drawings, it enables our model to be
images differ from natural images in several manners. First,USed for a generative task—drawing an artifact, ineage-
they are monochromatic. Second, the quality of the artifacts {0-drawingin the archaeological domain.
is poor, missing some contours, while others are created due Since in archaeology labeled data is scarce, we propose
to noise. Fina”y, the photos are often in poor condition. a training process that utilizes both labeled and unlabeled

SometimeS, these images are associated with drawingsqata, which exists in much Iarger numbers. We show that
created by special archaeological artists, as shown in Fig-the mere existence of image-drawing pairs, even when unla-
ure 2. These drawings consist of clear edges and theirbeled, helps. In particular, Section 6 shows that by training
quality is superior to the quality of the corresponding pho- in this semi-supervised manner, we achieve better results
tographs, for a couple of reasons: Due to the artists' vastthan by using just the labeled data. Only classes that are
experience, they can draw parts of the contours, even if theyunknown to the model appear in the unlabeled data.
are abraded. In addition, the artist may have access to th&he model. As shown in Figure 4, both labeled and unla-
real artifact when drawing it and can see the 3D features thatbeled pairs of images and drawings are received as input,
are unclear in the image. Hence, these drawings encapsurandomly in each batch, where most of the pairs are nat-
late important domain knowledge in them. However, draw- urally unlabeled. The key idea is to optimize image em-
ings and images are not necessarily aligned to each other, ifbedding for classi cation, by maximizing the similarity be-
terms of the actual geometric alignment of the edges, addi-tween paired images and drawings. This is since training
tional edges, missing edges, and missing damages. We wila network for drawing classi cation is easier than for im-
show that despite these drawbacks, when paired images andges, as the shape is much clearer in drawings. Thus, we
drawings are available during training, image representationassume that the feature map of a drawing, represented by



Figure 4. Model. This gure illustrates the processing of a batch of image-drawing pa&iia this example), where some of them are
unlabeled and some are. The image and its corresponding drawing are encodedgwhgre and enc , represent the parameters of

their encoders, respectively. The FC components represent the classi ers. The image decoder, whose pararpgtgrs @enerates the
reconstructed drawing. The lokssconsists of three componentsze for classi cation,L cen forimage-to-drawing generation ah@im,

whose goal is to maximize the similarity between pair embeddings. In case of an unlabeled pair, the classi cation component is ignored.
Thus, we freezeenc ,,, and update the other components. In case of a labeled pair is updated due thce ; Enc,, IS

updated due to all the components of the loss function; aed,, is updated vid_gen .

Draw

an embedding vector, is more informative than that of its frozen. Freezingenc,,., mMeans that drawings affect and

corresponding image. Under this assumption, making theimprove images embedding, but not the opposite, in a way

image embedding similar to its paired drawing embedding, that might harm drawings embedding.

contributes signi cantly to improve image representation. In the supervised case, the classi er components are also
Our model, which realizes this idea, consists of two used. Thus, in addition to the above, the gradients of the

encodersEncpraw  @andEncyy, , Whose inputs are draw- two Lce losses update their respective encoders. Only in

ings, D, and the corresponding imagels, Two fully- this case gnc ., IS Updated.

connected layers of the same structure are trained for clas- Our image encoder loss is a sum of the three losses:

si cation. The output of the image encoder is fed into a de-

coder,Dec;, , whose goal is to reconstruct drawings from L= 1 Lsim+ 2 Lce + 3 Lgen: 1)

images. Let us denote the parameters of the Qrawmg ®NThe weights, ;, are hyper-parameters, chosen by trial and

coder by gnc ..., and oftheimage encoder and image-to-

. . error and their values areg, = 0:8, > = 0:15and 3 =
drawing decoder byenc,, and pec,, , respectively. 0:05. We hereby elaborate on the losses.

Our method is general and may train using many types of - 14 maximize the similarity in the latent space between
encoder/decoder backbone architectures. We will show iny,o image embeddirg and its corresponding drawing em-

Section 5 that our method signi cantly improves the results e qdingz, | we minimize a negative cosine similarity loss:

irrespective of the chosen backbone.

Losses. Two losses use the outputs of the encoders, the Lsin = @ ————— 2)

similarity loss(L sim ) whose goal is to maximize the em- kzik, kzpk;

bedding similarity between the drawing and the matching Thus, by maximizing the similarity, we force the image em-

image, and theross-entropy losél ce ) whose goal is to  bedding to be closer to the drawings embedding, updating

minimize classi cation errors. The output of the image de- only gn,, (and not gnc ., )-

coder, jointly with the original drawing, are used for yet We train the FC layers for classi cation with a CE loss,

another loss function, thgeneration losgL gen ). Lce , one for drawings and the other for images. The goal
In the unsupervised case, when a label is not given, weis to improve both drawing and image embedding by updat-

would still like to train the two encodings to be similar, by ing encp., and enc,, for classication. The CE loss is

modifying the image encoding to be similar to the drawing computed only for the labeled pairs in the batch.

encoding, which is kept xed. In addition, the reconstructed  The generation loss takes into account the distance be-

drawing should be close to the original drawing. Thus, the tween the reconstructed drawing and the original drawing,

gradients of_sin, andLgen are used to updatec,, ,the using both the', norm and a perceptual loskp, simi-

gradient ofL gen is used to updatepec,, » and enc oy 1S larly to [28]. While *, aims to minimize mismatches be-

Z Zp
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