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Abstract

The archivation of ancient vessel-fragments is a time
consuming but important task for archaeologists. The ba-
sis for classification and reconstruction is the profile which
is the cross-section of the fragment in the direction of the
rotational axis of symmetry. Hence the position of a frag-
ment (orientation) on a vessel is important. In this work
the estimation of the axis of rotation out of range data by
using a Hough inspired method is proposed. In order to
avoid outliers the a robust method for estimation of the axis
is used. Classification and reconstruction are performed
in a bottom-up manner using a description language, which
holds all features of the fragment as primitives and all prop-
erties among features as relations. Classification of newly
found fragments of unknown type is performed by compar-
ing the description of the new fragment with the description
of already classified fragments by computing graph similar-
ity. The sub-graph with the highest similarity is then used
to reconstruct the complete vessel out of the fragment.

1. Introduction

Usually a large amount of archaeological pottery is
found at excavation sites used for ’dating evidence’, which
is obtained from excavated pottery or its fragments [16].
This evidence is based on the fact that every pot was made
or used at a certain time, made at a certain place, and used
for a certain purpose. Therefore, every fragment or pot
holds the information about when, where, and for what it
was made for. This fact places a heavy burden on excavators
and recorders of the material since the primary task of pot-
tery research is comparison. This means that pottery must
be grouped and recorded in a way that facilitates a compar-
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ison. Ceramics are used to distinguish between chronologi-
cal and ethnic groups and they are used in the economic his-
tory to show trading routes and cultural relationships. Es-
pecially ceramic vessels, where shape and decoration are
exposed to constantly changing fashion, not only allow a
basis for dating the archaeological strata, but also provide
evidence of local production and trade relations of a com-
munity as well as the consumer behavior of the local popu-
lation.

Figure 1. Drawing of a complete bowl and a
fragment of a bowl (from [11]).

There have been several attempts to develop a reliable
method of classification, [1, 24], none of them is widely
accepted. Figure 1 shows a typical archive drawing which
represent bowls. To cope with the fact that this type of archi-
vation prevents a fast comparison of different drawings in
order to find two matching fragments, attempts to automate
the classification have been introduced [13, 25].None of the
prototype systems developed could satisfy the requirements
of the archaeologists since the amount of work for the ac-
quisition was not reduced in some cases it was even in-
creased. Furthermore, the accuracy of acquisition was not
as high as expected

The manual classification process consists of two steps,
the so-called documentation which consists of the determi-
nation of the profile, which is the cross-section of the frag-
ment in the direction of the rotational axis of symmetry and
the classification which consists of the reconstruction of the



complete vessel out of a fragment with the help of expert
knowledge. Since the investigated pottery were made on a
rotational plate, the original vessels are assumed to be ra-
dially symmetric. The drawing shown in Figure 1 together
with different attributes is the output of the manual archiv-
ing process.

To automate this process, the profile has to be determined
in the same way as in the manual documentation. In order
to create the profile the 3-d information of the surface of the
fragment has to determined. The acquisition method used
for estimating the 3-d shape of a fragment in this work is
shape from structured light, which is based on active trian-
gulation [21]. The result is a dense range image. Next,
the profile has to be determined in the so-called orientation
step. The term orientation describes the exact positioning
of the fragment on the original vessel with the help of the
axis of rotation. The so generated profile is used to perform
the reconstruction and retrieval of fragments of the same
type. The reconstruction procedure works if the size of the
fragment covers a large part of the original vessel in the ver-
tical direction. The profile is rotated by the original axis of
rotation, thus measurements like volume can be estimated.
However, if only small fragments (in respect to the vertical
size) are available, a reconstruction out of the fragment is
not possible. In this case, the fragments have to be clas-
sified correctly in order to retrieve matching fragments. A
decision model is necessary to make a reconstruction out of
small fragments possible.

Figure 2. Overview of the approach.

In order to standardize the archivation which is based
on the fragment’s structure which is stored in an archive
database, it can be divided into two main parts, shape fea-
tures and properties. The classification of shape defines the
process where archaeologists distinguish between various
features like the profile, the dimensions of the object like
diameter and type of surface, whereas the classification of
material copes with different characteristics of a fragment
like the clay, color and surface properties. Figure 2 shows
the automated archivation process schematically: Using the
2.5d-model of the fragment’s inner and outer surface, the
axis of rotation has to be determined for both surfaces au-
tomatically (Section 2). Once the axes are determined the

profile section can be generated by registering the two sur-
faces on one another (see [10] for details). Next, the longest
intersection of a plane that is rotated within the rotational
axis of the fragment with the surfaces of the fragment is
determined (orientation). The profile section of the frag-
ment is the result of this processing step. With the help of
this profile, measurements like volume, area, percentage of
complete vessel, height, width and so on are computed au-
tomatically. The profile and the binarized intensity image of
the outer surface are used to draw the archive drawing for
non-rim fragments automatically.

In order to make rim fragment drawings, the profile must
be segmented into primitives like rim, body, base and so
on. This segmentation is be based on mathematical prop-
erties of the profile like curvature and length and has to be
determined in a classification scheme that uniquely relates
primitives to shape properties (Section 3). Next, a classi-
fication process tries to find different fragments belonging
to the same vessel based on attributes stored in the archive
database. After that, the profile of the fragment can be used
to reconstruct the original (complete) vessel. This includes
the possibility of reconstructing missing parts of the ves-
sel and the search for possible matches of other fragments
already stored in the archive with the one that is under con-
sideration (Section 4). We conclude the paper giving an
outlook on future work.

2. Orientation of the fragment

In order to determine the position of a fragment on a ves-
sel one important task is the estimation of the axis of rota-
tion. The basis for this axis estimation is a dense range im-
age provided by the range sensor. The acquisition method
used for estimating the 3D-shape of a fragment is shape
from structured light, which is based on active triangula-
tion [22]. If we have an object of revolution, what in fact is
an archaeological pot made on a rotation plate, we can sup-
pose that all intersectionsI of the surface normals�!n are
positioned along the axis of symmetryR, which is schemat-
ically shown in Figure 3.

n1

I1

n2R
In

Figure 3. Axis determination using Hough-
Space.



Therefore we try to extract a surface of revolution where
the curvature of the surface is relatively small. A few ap-
proaches to extract volumetric shape descriptors of solids of
revolution out of dense range images are reported in Yokoya
and Levine [27] and a Hough-based approach to the prob-
lem is presented. The Hough transform is a robust and ef-
ficient tool for feature extraction [18, 7]. It is based on
a voting principle: each point or element will vote for the
set of features to which it could belong. This voting princi-
ple makes the Hough transform very robust toward noise or
outliers [2]. Yokoya and Levine [27] use the center of the
principal curvature from first and second partial derivatives
of the surface which construct the the so-called focal sur-
face (see [26]). Since our surfaces have a relatively small
curvature we adopted this method by using a robust way for
the determination of the surface normals, based on planar
patches shown in Section 2.1. All surface normals are then
clustered in three-dimensional Hough-Space. Instead of de-
tecting point clusters in 2d- projections of the 3d-Hough-
Space as performed in [27], we fit a line to the point cluster
directly in the Hough-Space as shown in Section 2.2.

2.1. Robust Determination of Surface Normals

For each point on the object, which is represented in the
Euclidean spaceR3, the surface normal has to be computed
which is described in the following:

We consider a planar patch of sizes � s. The patch is
fitted according to the following equation:

ax+ by + cz + d = 0 : (1)

This defines a planar patch with normal�!n = (a; b; c). The
fitting algorithm used is the Total Least Squares (TLS). Let
X=fX1; ::::XN g, whereXi = (xi; yi; zi). The TLS min-
imizes the following expression

En =

NX
i=1

ri
2;whereri =

jaxi + byi + czi + djp
a2 + b2 + c2

: (2)

It was shown that this approach is equivalent to the MCA
or Minor Component Analysis [12]:min�!n En � A:�!n =
�min

�!n ; whereA is the covariance matrix of setX and
�min is the smallest eigenvalue. The constantd is deter-
mined by

d = ��!n : 1
N

NX
i=1

Xi: (3)

The main goal is to minimize the distances between the
points of the surface and the planar patch. An iterative re-
weighted algorithm is used to compute the optimal value of
the normal and discard outliers. The objective of the algo-
rithm is to achieve:

� = min�!n
s2X
i=1

[axi + byi + czi + d]2: (4)

In order to minimize the function, we use an iterative
scheme. The points are weighted according to their resid-
ual [9], a pointMi at iterationk and with residualri will
have a weight!k defined by:

!k =

�
1 if ri � Sa

0 else
(5)

whereS is the Median Absolute Deviation anda is a tuning
constant. The algorithm can be outlined with the initial state
k = 0, !0 = [1:::1] as follows:

1. compute the surface normal�!n k using weightswk.

2. compute the residualsri with the estimated parame-
ters.

3. compute!k+1 based onri.

4. Iterate steps 1. 2. and 3 until convergence.

Once the surface normals for all points are computed the
rotation axis can be estimated.

2.2. Axis Estimation

All surface normals Li are clustered in three-
dimensional Hough-Space: All points belonging to a lineLi
will be incremented in the Hough-Space. Hence the points
belonging to a large number of lines (like the points along
the axis) will have high counter values. All points in the
Hough-Space with a high counter value are defined as max-
ima. These maxima form the axis of rotation.

In Figure 4 (a) a synthetic range image of a pot is visual-
ized rotated 20 degree around thez axis. In Figure 4 (b) the
cross section through the accumulator along thexy-plane
in (c) along thexz-plane and in (c) along theyz-plane is
shown.

In the next step the line formed by the maxima has to
be estimated. There are different techniques to solve this
problem. The PCA or principal component analysis [15] is
a very popular method, which is used in our case. We have
an a-priori knowledge: the maxima point are distributed ac-
cording to a line (the axis of revolution). The PCA will
determine the axis of maximal variance which is in fact the
axis of rotation. The accumulator maxima are taken as can-
didate points for the estimation of the rotation axis. For the
set of pointsacc(x; y; z) a PCA is used to find the optimal
axis going through these set of pointsM with

M = fPi(x; y; z)jgi = acc(x; y; z) > Taccg ; (6)

with
Tacc = s �max(acc); (7)
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Figure 4. Synthetic range image and cross
sections through the accumulator.

whereTacc defines a threshold accepting points in the ac-
cumulator1. In order to estimate the axis the vector�!v is
determined byA�!v = �max

�!v , whereA is the covariance
matrix of setM and�max is the largest eigenvalue ofA.

A pointG on the axis is determined by using all points
inM with

GM =

P
i2M

~gi Pi

P
i2M

~gi
;where~gi =

�
gi di � Td
0 else

(8)

and the thresholdTd = aS. With the pointG and the vector
�!v the rotation axis is defined, thus a robust version of the
complete algorithm can be outlined. The setsIk andOk are
respectively the inlier and outlier sets and the method starts
with the initial conditionk=0 andIk =M andOk = fg.

1. compute surface normals�!n for all points of the object.

2. cluster linesLi in acc(x; y; z).

3. compute�!v k andGIk using setIk.

4. determine the distancesdi of setM to the axis defined
byGIk and�!v k.

5. updateOk+1, Ik+1 =M�Ok+1.

6. iterate steps 3., 4. and 5. until convergence or a maxi-
mum number of iteration is reached.

1In our experiments we usedTacc = s �max(acc) with s=0.8.

Using this technique outliers introduced by noisy range
data, based on a bad calibration or discretization errors, can
be avoided, since in the Hough-Space wrong data points
are in the minority and do not build a maximum. Once the
axis of rotation is computed, the determination of the pro-
file takes place by intersecting the surface of the fragment
with a plane going through the axis of rotation. The longest
elongation is supposed to be the profile of the fragment [1].

3. Segmentation of the profile

The segmentation of the profile is done to classify the
vessel and to reconstruct missing profile parts. Following
this manual strategy, the profile should first be segmented
into its parts, the so-calledprimitives, automatically. Our
approach to do so is a hierarchical segmentation of the pro-
file into rim, wall, and base by creating segmentation rules
based on expert knowledge of the archaeologists and the
curvature of the profile. Therefore, the determined profile
has to be converted into a parameterized curve [23, 8] and
the curvature has to be computed [3, 14]. Local changes
in curvature [19] will be the basis for the required rules
for segmenting the profile into its primitives: rim, wall, and
base. The three primitives are then subdivided into part-
primitives, the base for example is divided into flat- and
ring-base. Figure 5 shows an archive drawing of a fragment
with its profile section divided into various primitives. Up to
now this segmentation has been done manually by archaeol-
ogists, there are no segmentation standards in archaeology
[1].

Figure 5. Profile with known primitives.

The segments of the profile are stored in a so-calledde-
scriptionof the profile. The profile is part of thefragment
modelwhich can be represented in afragment structure.
The fragment structure is formed by itsshape features(or
geometric features like the profile) and itsproperties(or ma-
terial like clay, color and surface) as shown in Figure 6. The
description of the fragment is structured in adescription
languageconsisting ofprimitivesand relations. This can
be interpreted as a syntactic pattern recognition approach
in which the primitives are transformed into the vocabu-
lary and the relations are transformed into a grammar [5].



Within this approach semantic networks [17, 4] can be ap-
plied, since semantic networks are labeled, directed graphs
where nodes represent objects, sub-objects, or shape primi-
tives and arcs represent relations between them.

Figure 6. Fragment structure.

The description language, which was originally designed
to solve 2-d automatic visual inspection problems [20], was
applied and extended in order to solve the profile recon-
struction and classification problems. Primitives are a repre-
sentation of shape features and relations represent the prop-
erties. The actual profile contains features which are a rep-
resentation of shape features. To accomplish classification,
primitives are further subdivided into part-models (or part-
primitives), the consistency between part-primitives is es-
tablished by relations among part parameters.

Formally, the description language is a graph
G =< O;R >, whereO denotes the set of nodes and
R = fOg the set of arcs. A nodeO consists of different
sub-objects or primitives. Each node has different attributes
a, with weightsw, and a toleranceT (a). Two nodes
are in relation according toR. Each relation< c; d > is
decomposed into k sub-relations between the same nodes,
each with a weightv and a toleranceT (r). Figure 7 shows
the graph and the inner structure of nodes and arcs. The
shape primitiveS1 is subdivided intoc different shape
primitives (such as profile, diameter and the like). For each
of these shape primitivesn different sub-primitives (such
as rim, wall and the like) are defined. The weightsw andv
are necessary for classification. Each property has a certain
weight in order to verify the corresponding description to a
given fragment.

The verification of a fragment to its description con-
sists of verifying whether the number and type of features
and primitives are the same. Next, attributes and relations
are checked whether they match within given tolerances.
The verification process is carried out by comparing all at-
tributes of a node and its successors with the model. The
confidence for a node can be computed based on the result

Figure 7. Description language graph.

of the comparison:

conf(p) =
nX

g=1

wg�T (ag)+
mX

<p;q>2R

v<p;q>�conf(q); (9)

wherewg are the weights of the attributes of the nodes and
v<p;q> the weights of the sub-relations of the arcs. Observe
thatn, the number of attribute values, andm, the number of
arcs, depend on the nodep. Moreover, for leaves we have

conf(p) =
nX

g=1

wg � T (ag): (10)

This enables us to compute the confidence of a node by
summing up the weighted tolerances of each attribute of the
node and the overall confidence of the subgraph connected
to this node. By computing the consistency for different de-
scriptions the one with the highest confidence value can be
chosen if the confidence is above a certain threshold. For a
given profile all primitives are represented in the description
of the given profile. The segmentation is carried out for all
profiles to be classified.

4. Reconstruction results

The goal of the classification process is to find different
fragments which belong to the same vessel in order to re-
construct the original vessel, both in electronic and natural
ways. After classification, the profile of the fragment can be
used to reconstruct the original vessel from its part assem-
blies. The reconstructed profile together with the axis of ro-
tation are used to create the reconstructed model, fragments
can be marked on the reconstructed vessel. Furthermore the
3-d model provides the dimensions of the reconstructed ves-
sel like diameter volume, height, and width. Together with
additional information in the archive database the complete
description of the fragment is provided.

The orientation algorithm was tested on a set of synthetic
and real images. In order to evaluate the accuracy of the



method synthetic range images are used where the axis of
rotation is known. To determine the error, the Mean Square
Error between the original and the computed axis is deter-
mined. TheMSE is computed for all points of the axis
inside the test object. TheMSE of all distances between
the estimated and correct axis define the error. In Figure 8
three test objects are visualized, where the estimated axis of
rotation is computed in the range image. For each test im-
age theMSE is given according to the position of the orig-
inal axis. Compared to simple least squares solutions only
one wrong surface normal, which is sufficiently far away
from the bulk of data can ruin the estimation completely.
It can be shown that using our method the axis can be de-
termined even if there are large regions in the range image
which are not rotational symmetric (see Figure 8 (b)). Fol-
lowing the evaluation with synthetic range images, range
images of fragments were tested. One example is depicted
in Figure 8 (c). Although there exist regions in the range
image where no depth information is available (black areas)
due to occlusions, highlights, and shadows, the axis is de-
termined and theMSE is estimated.

(a)MSE=0.16 (b)MSE=0.22 (c)MSE=0.23

Figure 8. Axis determination for synthetic and
real range data.

To find out how well the method is working on real data
we used a totally symmetric small flowerpot with known
dimensions and took a fragment which covered approxi-
mately 25% of the original surface. The range images of
the front- and back-view consisted of approximately 10.000
surface points each (Figure 9a,b). TheMSE for these two
examples was 0.32 and 0.28 respectively. Figure 9c and
Figure 9d show the front- and the backview of an archeo-
logical fragment, theMSE for the frontview was 0.22, for
the backview theMSE was 0.35 due to occlusions in the
range image and a diversion of the computed axis in the
direction of the bottom of the fragment.

With the help of the axis of rotation the surfaces of the
fragments are registered (see [10]). From the 3d-object pro-
files of the fragments were computed and manually seg-
mented into the profile primitives. The parameters of the
primitives and their relations were stored in the description
language, all operations for classification and reconstruc-
tion can be executed on this graph structure. The advantage

(a) (b)

(c) (d)

Figure 9. Front- and back-view and their axis
of rotation of a flowerpot (a,b) and an archae-
ological fragment (c,d).

of a description language lies in the uniqueness of represen-
tation; different fragments result in different descriptions,
similar fragments result in similar descriptions. The shape
is subdivided intoc different shape primitives (such as pro-
file, diameter and the like). For each of these shape primi-
tivesn different sub-primitives (such as rim, wall, and the
like) are defined. Since manual segmentation of the pro-
file varies, tolerances and weights within the description are
used. The tolerance for profile primitives is 2110local thick-
ness which has a weight of 0.7. These values where defined
empirically so far.

Two fragments of the same vessel were taken to test the
retrieval (Figure 10 describes this example). Each fragment
has a unique number when archived. Together with all at-
tributes the fragment is stored in the description. The lower
left hand side of (Figure 10 shows a profile, which was
classified as bowl and separated into edge (E048), border
(B012), and ringbase (R145). These primitives are the basis
for the classification and reconstruction process.

On the top left hand side of Figure 10 the intensity im-
age of a fragment which is not yet classified is depicted.
Following the 3d-acquisition and the orientation (i.e. the
determination of the rotational axis) the profile is gener-
ated. At this stage the type of the vessel is not yet known.
The profile is segmented into its primitives and the accord-
ing attributes like color, surface, and dimensions are deter-
mined. In order to classify the fragment (find the vessel in
the database that matches the fragment) the generated de-



Figure 10. Reconstruction using segmented
profile of the fragment and description of
known vessels.

scription is compared with already existing descriptions. If
the profile primitives of the fragment can be found in the
description and other attributes are matching within a given
tolerance the type of the fragment can be classified as bowl.
Furthermore, missing parts of the fragment (like the base in
this case) can be reconstructed based on the already stored
information.

5. Conclusion and outlook

In archaeology a number of papers tackle the problem of
objective manual classification, although no standard can be
determined, each country and region has its own standard
(see for instance [1, 6]). One computer based approach
[25] tried to give a solution to the classification problem
by approximate cross-section by 2-d curves, due to the er-
rors introduced by the acquisition system and the curve fit-
ting this solution was not accepted by archaeologists since
matching profiles could not be found in a robust manner.

In contrast to this subjective approaches, our primitive-
based approach gives the possibility to relate different pro-
files to common primitives or sub-primitives. Therefore, it
is possible to reconstruct different profiles out of one prim-
itive, the expert has the possibility to choose the most rel-
evant. Furthermore the acquisition and orientation is fully
automated, a robust determination of the axis of rotation al-
lows a robust computation of the profile used to classify the
fragment. This profile is segmented into primitives. The
advantage of this method is that part similarities of profiles
can be detected and complete vessels can be reconstructed
based on the already stored data in the archive database.
The bottom-up design using a description language for the

reconstruction process makes a detection of similar frag-
ments in the database possible, because the matching pro-
cess starts with the comparison of the entire primitives with
already existing relations.

Future work will be guided towards automated segmen-
tation of the entire profile using mathematical models and
developing an adaptive strategy for orientation using a hi-
erarchical structured Hough-space to be more efficient in
determining maxima.
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