Chapter 12
Virtual Restoration of Archaeological Artifacts

Ilan Shimshoni and Ayellet Tal

Abstract The task of restoring the look of an artifact as it used to be thousands
of years ago, is a fascinating task, for a variety of reasons. The first reason is the
very nature of the task of generating information that is not in the input. Second,
the condition the artifacts are found—eroded, broken and noisy—differ from those
of natural images in two dimensions or smooth geometries in three dimensions.
Finally, datasets from which algorithms may learn, are rarely available; and even
when available they are small. These aspects make state-of-the-art general algorithms
prohibitive in the archaeological domain and special methods need to be developed.
This chapter focuses on four sub-problems of restoration: reassembly, reconstruction
of artifacts from drawings, re-colorization, and ancient document enhancement. It
reviews our recent advances in terms of methods and results.

12.1 Introduction

Archaeology provides a unique window into the past and offers valuable insights into
the history and culture of humanity. It enables us to delve into and acquire knowledge
about societies that have ceased to exist, their cultures, and their accomplishments.
Additionally, it has the potential to contribute to scientific advancements by offering
insights into various areas like climate change, technology, the development of
human societies, and even the downfall of ancient civilizations.

It is an exhilarating era in terms of technology, with transformative changes tak-
ing place across the world. However, certain fields have been left lagging behind,
and archaeology is one of them. This is regrettable, considering the immense po-
tential technology holds to incorporate archaeology into the ongoing technological
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revolution and enhance the scientific investigation of the past with improved effi-
ciency. Specifically, advancements in computer vision and computer graphics can
be leveraged to automate certain aspects of of the study of archaeological artifacts.

From the perspective of computer vision and graphics, the tasks performed by
archaeologists studying sites with a focus on small artifacts can be categorized into
four main areas:

1. Excavation: This involves the physical act of digging and uncovering the artifacts.

2. Documentation: It entails the creation of textual and visual records of the findings,
which are typically documented in books and site reports.

3. Localization: This involves determining the temporal and spatial context of the
findings through various means such as visual comparisons, chemical tests etc.

4. Restoration: This refers to the process of restoring the artifacts to their original
state before any damage occurred.

Itis worth noting that the latter three tasks are fundamental challenges in computer
vision & graphics. In particular, the visual aspect of documentation can be interpreted
as edge detection, non-photo realistic rendering or even domain transfer [13, 14, 24,
25, 26, 34, 54]; The visual component of location may be viewed as classification
and retrieval [2, 3, 6, 7, 14, 29, 35, 39, 44, 49, 52]; Restoration, which is the focus
of this chapter, will be discussed in detail below.

Nonetheless, the application of cutting-edge computer vision techniques to the
field of archaeology is prone to significant challenges and may not yield satisfactory
results. This can be attributed to two primary factors. First, archaeological artifacts
typically lack clean and well-behaved geometries. Rather, they are often broken,
noisy, and extremely eroded. Second, the availability of massive datasets, which is
crucial for training deep learning algorithms, is limited in the domain of archaeol-
ogy. This is due to two problems: the number of existing artifacts and that these
artifacts usually have to processed or labelled by experts, such as conservators or
archaeologists who specialize in the specific domain. Without an ample supply of
labeled data, deep learning approaches that heavily rely on large datasets may not be
effectively utilized.

The primary focus of this chapter revolves around the fourth task, namely restora-
tion, which aims to revive the original appearance of damaged artifacts. Within the
scope of restoration, this chapter provides an overview of our research efforts in
four distinct sub-tasks: re-assembly, reconstruction of artifacts from drawings, re-
colorization, and document enhancement. In the subsequent sections, we delve into
each of these sub-tasks.

Reassembly. The objective is to reconstruct a broken artifact by accurately assem-
bling its fragmented pieces, similar to solving a puzzle. [9, 10, 45, 48]. Currently, the
prevailing practice in archaeology involves manual reassembly, which is a painstak-
ing and time-consuming process, where pieces are meticulously glued together one
by one. Instead, our aim is to automate this intricate puzzle-solving task. Unfortu-
nately, even the “easy” variants of puzzle solving, such as rectangular pieces of equal
size, are NP hard. Our case is more difficult, as the fragments come in all sizes and
shapes, their boundaries are eroded and do not align perfectly, and there may be
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missing pieces. Within this general problem, reassembly might be attempted on dif-
ferent input domains, such as frescoes, papyri, ceramic objects, and even statues. In
each case a different type of matching transformation between the pieces is required.
In Section 12.2 we will discuss the recent advancements in this field, on the first
two types of objects, discussing the progress made towards automated reassembly
techniques.

Reconstruction of artifacts from drawings. Oftentimes, artifacts are securely
stored within museum and storage rooms, with access limited to their drawings
found in site reports and books. These drawings, created by archaeological artists
during the documentation process, serve as the sole means of visualizing these ar-
tifacts. The challenge lies in the reverse engineering process, where the goal is to
generate three-dimensional virtual objects based on these drawings [23, 57, 59].
Section 12.3 elaborates on this task.

Re-colorization. A prevailing belief regarding the great statues of ancient Greece
and Rome is that they were originally crafted from pure, unpainted stone. However,
researchers have been arguing that these statues used to be quite alive, vibrant, and
full of color. Unfortunately, due to centuries of deterioration and subsequent cleaning
processes, any remnants of pigments that may have existed on the statues have been
lost. This poses the question: can we restore the original appearance of these scanned
statues? In Section 12.4 we present methods for doing so [27, 28].

Document enhancement. Ancient transcript might be damaged due to stains, ink
spills or natural degradation that occur over time. Our objective is to automatically
extract the text from these transcripts [22, 50, 53, 55]. Specifically, our aim is to
binarize the image pixels, distinguishing between background and foreground (text)
pixels. Section 12.5 presents some results.

It is worth noting that Some of the methods presented in the following sections
may differ in terms of the input representation. Some approaches assume that the
input consists of images of artifacts, while others assume that the objects are three-
dimensional and captured through scanning processes. The choice between these
representations depends on the available data.

12.2 Reassembly

Reassembling fragmented artifacts is a fundamental and essential challenge in ar-
chaeology. Frequently, artifacts discovered during archaeological excavations are
found in a broken state, with both structural and visual degradation. Addition-
ally, there may be missing fragments, further complicating the reassembly process.
Consequently, considerable effort and time are dedicated by expert conservators to
manually reconstruct these artifacts with utmost precision and completeness.

In computer vision, reassembly can be seen as a specialized form of puzzle
solving. The task becomes particularly challenging due to the complexity of the
inputs described earlier. When tackling the reassembly problem, it can be divided
into two main stages. The first stage involves matching, where the goal is to find
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the relative geometric transformation between two adjacent fragments and assign
a confidence score to each potential match. This matching process serves as a
fundamental step within the broader placement algorithm, which aims to reassemble
the artifact from its fragments. When considering reassembly problems, they can be
characterized in different ways. Firstly, the matching process can be based on the
shape and/or appearance of the fragments. However, in cases where the fragments
have undergone geometric degradation, shape matching may not be straightforward.
The second criterion for reassembly characterization is the type of local matching
transformation employed. It can be discrete or continuous. In the continuous case,
the transformation can be a 2D translation or a general 2D rigid transformation,
typically applied to 2D artifacts. For 3D objects, a general 3D rigid transformation
is utilized. In certain special cases, such as surfaces of revolution (e.g., jars, jugs, or
vases), more limited 3D transformations are applicable.

In this section, we will review two of our works on the subject. The first work
focuses on the reassembly of colored 2D fragments, specifically addressing the
reconstruction of artifacts like frescoes [9]. The second work deals with matching
papyrus fragments [1].

12.2.1 Reassembly of colored 2D fragments

Given # images, each capturing a single fragment of an artifact, our goal is to
reassemble the artifact. In particular, each fragment should be assigned a 2D rigid
transformation that indicates how to place it within the re-assembly. Our proposed
algorithm consists of four steps, as illustrated in Fig. 12.1. We briefly discuss each
of the steps below.

Fragment Extrapolation. In the first step, each fragment is extrapolated. This serves
two goals. First, it shows how the fragment used to look before it was damaged and
eroded. Second, it reduces the problem of continuity from one fragment to another
into the problem of matching pieces within the extrapolated region. Formally, given
a fragment, the goal is to produce a :-pixel wide band around it. The algorithm
extrapolates the image using patches from the original image, utilizing patch-based
optimization. This optimization takes into account not only colors and image gra-
dients, but also geometric and photometric transformations, which is vital for our
case.

Sampling a set of valid transformations. The objective of this stage is to sample the
space of transformations between a given pair of fragments. When sampling these
transformations, three conditions need to be satisfied. First, the transformations must
be valid. In our context, a valid transformation is one that brings the fragments
closer to each other, increasing the likelihood of adjacency, without causing overlap.
Thus, we require that the original pixels of the fragments do not overlap, but the
extrapolated pixels of the fragments do overlap. Second, it is important to ensure that
the number of sampled transformations is feasible. To address this, we demonstrate
how the set of valid transformations can be represented as a configuration space
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Fig. 12.1 Reassembly algorithm outline

problem, similar to those used in robotics. This allows for easier sampling within
this space. Finally, due to the sampling process, some of the initially promising
transformations may be imprecise. To refine these transformations, a fine-tuning
approach is necessary. In our algorithm, we this fine-tuning is performed during the
placement stage.

Finding good matches. Computing a dissimilarity score for a given transformation
between a pair of fragments lies at the core of re-assembly. Thanks to Step 1,
the continuity problem was reduced to matching the extrapolated region of one
fragment and the other original fragment, on the overlapping region. The strongest
cues for matching are the colors and the color edges, which should continue from
one fragment to its adjacent piece. Matching becomes challenging in our domain
due to three additional difficulties: (1) faded colors (2) imprecise transformations
(due to sampling) that cause misalignment of the edges and (3) degradation that may
yield spurious edges that should be ignored.

Our algorithm handles these problems. However, even when the dissimilarities
are computed, our problem is not yet solved. This is so since a low dissimilarity value
does not necessarily imply confidence in a match, as other matches with the same
fragment may be almost as likely. We propose to compute a confidence score, which
predicts the likelihood of the pair of fragments to be neighbors. The confidence in
the match takes into account, in addition to the dissimilarity score, also the scores
of competing matches in the same region of the fragment.

Placement. In line with previous works, our placement strategy follows a greedy ap-
proach, where fragments are added iteratively, one at a time. However, our algorithm
incorporates new considerations to address additional complexities arising from the



6 llan Shimshoni and Ayellet Tal

(@) a fresco from the Ferapont@@) a fresco from théc) A fresco from the
monastery, Russia (17 pieces) Sistine Chapel, Vaticachurch of Christ Anti-
City, 1512, (32 piecesphonitis in Cyprus, (6

pieces).

Fig. 12.2 Fragments are re-assembled by our algorithm. The borders of the fragments are marked
in cyan. The fragments are faded, stained, scratched, and the boundaries do not accurately match.

continuity of the transformation space and the shape of the fragments. To handle
the challenge of imprecise transformations, the selected transformation is re ned
within a small neighborhood around it. For a visual demonstration of our placement
algorithm, we refer the reader to its visualization available on YouTube [8].

Several results of running the algorithm on frescoes are shown in Fig. 12.2.
Limitations. If the gaps between fragments are substantial, the algorithm may en-
counter di culty in accurately reconstructing the fresco. This is due to the potential
mismatch of neighbors on either side of the gap.

12.2.2 Matching papyrus fragments

In this work we proposed a method for matching and assembling pairs of ancient
papyrus fragments containing mostly unknown scriptures. Papyrus paper is manu-
factured from papyrus plants and therefore portrays typical thread patterns resulting
from the plant's stems. The proposed algorithm is founded on the hypothesis that
these thread patterns contain unique local attributes, such that nearby fragments
show similar patterns re ecting the continuations of the threads. We posit that these
patterns can be exploited using image processing and machine learning techniques to
identify matching fragments. The algorithm and system support the quick and auto-
mated classi cation of matching pairs of papyrus fragments as well as the geometric
alignment of the pairs against each other.

Since we have no ground truth of previously matched fragments, we synthetically
generate a suitable training set with label. For this purpose, we utilize three relatively
large scroll pieces from a nearly complete papyrus scroll as the basis for a training
and validation set. We start by digitally tearing the three pieces into three distinct sets
of small fragments. We train the algorithm on two of the sets and attempt to match
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Fig. 12.3 An example of two adjacent arti cially torn fragments (from plate 303) with a set of
candidate squares to be used in the matching phase

the third set's fragments. We perform the tearing in several randomized iterations
while altering the number of fragments and their shape in each iteration.

The algorithm consists of a series of steps and is based on deep-learning and
machine-learning methods. The rst step deconstructs the problem of matching
fragments into a smaller problem of nding thread continuation matches in local
edge areas (squares) between pairs of fragments. Due to the local nature of the
thread pattern similarity, we focus on seeking matches only within squares that are
cropped from the edges of the fragments. In order to produce the squares we slide
a \crop window" of 250 250 pixels along the edges of each fragment and crop
corresponding square images at regular intervals. Fig. 12.3 shows an example of the
traversal of the \crop window" and the resulting squares.

Each pair of squares is given as input to a convolutional neural network, yielding
local matching scores. During training we take into account that matching pairs
might not be accurately aligned and due to the tearing between the fragments might
be at a certain distance from each other. The result of this stage yields very high
recall but low precision.

To deal with this problem we combine the results of the rst step by verifying them
geometrically. For each match a suggested relative translation between the fragments
is produced. Since it is not accurate, it votes for a rectangle in the translation space,
as can be seen in Fig. 12.4. Correct matches will generate a region in the translation
space with a large number of overlapping rectangles.

We enhance this voting with geometric alignment techniques from which we
extract additional spatial information. Eventually, we feed all the data collected from
these steps into a Random Forest classi er in order to produce a higher order classi er
capable of predicting whether a pair of fragments is a match.

Our algorithm was trained on a batch of fragments which was excavated from
the Dead Sea caves and is dated circa the 1st century BCE. The algorithm shows
excellent results on a validation set, which is of a similar origin and conditions. An
example of these results can be seen in Fig. 12.5. However, on a test batch, which is
considered extremely challenging due to its poor condition and the small size of its
fragments, the performance is sub optimal, returning a relatively large ratio of false
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Fig. 12.4 An illustration showing edges of two potentially matched fragments and squares repre-
senting the fragments' proposed relative position alignment as voted by their matching square pairs.
Three of the squares in this illustration overlap each other, thereby creating a strongly supported
alignment area, while the three others are not supported by other votes and are are therefore not
considered in the alignment process nor as part of the spatial features used for classi cation.

Fig. 12.5 An example of a pair of matched fragments (from plate 303) from the validation set
showing the concatenation based on the relative positioning as well as lines connecting between the
centers of the supporting matching squares on each fragment. Green lines indicate well supported
squares while red lines are not supported. The green square at the top re ects the highly voted area
for the relative alignment point.

positives. Nevertheless, the algorithm was quite useful by eliminating 98% of the
possible matches, thus reducing the amount of work needed for manual inspection.
Indeed, experts that reviewed the results have identi ed some positive matches as
potentially true and referred them for further investigation.

Limitations. The geometric matching component depends on the size of the frag-
ments and for relatively small fragments the algorithm struggles to nd the correct
matches. In addition, multi-spectral images (which exist) could be used as the input
to the algorithm, which might improve its results.
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