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Abstract. This work presents a new methodology for efficient scanning
and analysis of 3D shapes representing archaeological potsherds, which
is based on single-view 3D scanning. More precisely, this work presents
an analysis of visual diagnostic features that help classifying potsherds,
and that can be automatically identified by the appropriate combination
of the 3D models resulting from the proposed scanning technique, with
robust local descriptors and a bag representation approach, thus provid-
ing with enough information to achieve competitive performance in the
task of automatic classification of potsherd. Also, this technique allows
to perform other types of analysis such as similarity analysis.
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1 Introduction

The analysis of archaeological potsherds is one of the most demanding tasks
in Archaeology, as it helps understanding both cultural evolution and relations
(economic and military) between different cultural groups from the past [1].

One of the trending methods for studying potsherds in the last decade con-
sists on generating 3D models by scanning surviving pieces of ceramics found at
excavation sites [2]. This approach enables new capabilities with respect to ana-
lyzing the original pieces, e.g., automatic and semi-automatic content analysis
[2], virtual reconstructions [3], more efficient archiving and sharing of documents
[4,5], etc. However, it results in a very time-consuming task, as it requires scan-
ning each piece several times from different viewpoints and a later, often manual,
registration of the different shots to build the full 3D model [2].

In this work, we present a new approach based on fast scanning of single-
view 3D surfaces, which is a much faster process to obtain 3D information. We
complemented the proposed approach by evaluating the descriptive performance
of the 3D SIFT descriptor [6], which is a relatively new extension of the well
known SIFT descriptor [7] used for description of 2D images. This evaluation
consisted in computing 3D SIFT descriptors for 3D surfaces of potsherds, create
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bag representation, and perform classification experiments. Our results show that
the 3D surfaces contain enough information to achieve competitive classification
performance. Also, we conducted a similarity analysis to evaluate the potential
risk for confusing potsherd coming from different ceramic pieces.

The remaining of this paper is organized as follows. Section 2 gives an intro-
duction to the type of data used in this work. Section 3 explains the method
used for description of 3D surfaces, namely the 3D SIFT descriptor [6]. Section 4
explains the two types of experiments we performed, and Sect. 5 presents our
results. Finally, Sect. 6 presents our conclusions.

2 3D Potsherds

This section describes the dataset of 282 potsherds used in this work. Namely,
it explains the origin of the potsherds, the type of digital data generated from
them, and basic statistics of the resulting dataset.

2.1 The Data Set

Origin. The ceramic style of the potsherds used in this work is known as “Aztec
III Black on Orange”, and it constitutes one of the most important wares in
Mesoamerican archaeology [1]. Geographically speaking, this ceramic style cor-
responds to the entire Basin of Mexico, i.e., the geographical extension of the
former Aztec empire, and it used to be part of the common utilitarian assemblage
in households during the late Aztec period (1350–1520 C.E.).

During the 1970’s, a large amount of these ceramics was collected on the
surface by the Valley of Mexico Survey Projects [8,9]. Later, stylistic analyses
of their materials was performed during the 1990’s, along with an important
comparison of their geographic distribution with historically-documented poli-
ties [10,11], which helped understand the economic relations between dependent
communities and the Aztec capital.

Single View Scanning. As part of our proposed approach, we decided to
rely on using 3D meshes generated from scanning the potsherds from a single
viewpoint. This is, the type of data we analyzed consists on 3D surfaces rather
than the traditional approach of using volumetric models [2]. Figure 1 shows a
few examples of these single view 3D surfaces.

Scanning these single view 3D surfaces is a faster data acquisition process,
in comparison to the traditional approach of using full 3D models, which can
take much longer time as it requires the scanning from different viewpoints and
a later, often manual, registration step for generating the full model [2].

As shown in the examples of Fig. 1, there are many section of the potsherds
that are common across classes, e.g., central sections of the potsherd, which
intuitively suggests that the risk for obtaining poor classification performance is
high. However, note that there are also some sections of the potsherd contain-
ing visual information that is diagnostic for specific classes, thus increasing the
potential for achieving a good classification performance.
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(a) Amphora. (b) Basin. (c) Bowl. (d) Chandelier. (e) Cover plate.

(f) Crater. (g) Cup. (h) Thurible. (i) Pot. (j) Vase.

Fig. 1. Examples of single view 3D surfaces scanned from the collection of potsherds.
Each example corresponds to one of the classes in our dataset.

Dataset Statistics. The dataset used in this work consists of 282 3D surfaces
scanned from potsherds of 10 different ceramic objects, i.e., classes. Figure 2
shows the distribution of 3D surfaces over the 10 ceramic classes. Note that
this dataset is not well balanced, i.e., there are much more instances in classes
amphora and pot (over 60 in each), while there are only a few instances in classes
basin, cover plate, and thurible (only above 10 in each). This behavior results
as a consequence of the frequency at which the potsherds are found in the field.
Nevertheless, in Sect. 5.2, we conducted an analysis using a balanced subset of
this data.

3 Model Description

Given the promising results reported in previous works [6,12], we use 3D SIFT
descriptors and the bag-of-words model (BOW) [13] to represent the 3D surfaces.

3D SIFT. The 3D Scale Invariant Feature Transform (SIFT) [6] is the 3D
extension of the well known SIFT descriptor [7].

Given that points on a 3D surface (i.e., mesh vertices) might be non-uniformly
spaced, the repeatability of the traditional difference of Gaussian (DoG) [7]
detector of points of interest might be negatively affected [6]. Nevertheless, the
Gaussian scale space can be constructed (approximated) by using an alternative
method which is invariant to distance between vertices but not to their location.
Namely, the smoothing of a given vertex vs+1

i at scale (s + 1) is given by,

vs+1
i =

1
|V s

i |
∑

vs
j ∈V s

i

vs
j , (1)
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Fig. 2. Frequency of elements over classes in our dataset.

where, V s
i is the set of first order neighbors of vs

i , i.e., the set of vertices sharing
an edge with vs

i , | · | denotes the cardinality operator, and the summation of the
vertices is performed component-wise on the x, y, and z components of vi.

After computing the Gaussian smoothing of the 3D surface using Eq. (1),
the difference of Gaussians is approximated by,

dsi =
1(

s · σ2
i,0

)
(
vs
i − vs+1

i

)
, (2)

where, σ0 denotes the initial variance of the integration parameter, which is
independently estimated for each vertex as,

σi,0 =
1

|V s
i |

∑

vs
j ∈V s

i

abs
(
vs
i − vs

j

)
, (3)

where, abs (·) indicates absolute.
Implementing this methodology, allows to select those 3D vertices maximizing

Eq. (2) as points of interest for which a 3D SIFT descriptor will be computed.
In turn, the computation of the 3D SIFT descriptor requires the computation

of a depth map [6], which is estimated by projecting the 3D vertices onto a 2D
surface, thus generating a kind of image on which the traditional SIFT descriptor
[7] is computed. More precisely, a dominant plane Pi is estimated for each vertex
vi. Namely, Pi corresponds to the tangent plane of vi, which can be found by
its normal ni and the point vi itself.

Once the dominant plane Pi is computed, all the neighboring points to vi

are mapped onto a 2D array, for which the SIFT descriptor is computed. This is
done by filling in the 2D array the distance that exists from the 3D surfaceto the
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dominant plane Pi for each neighboring point. In turn, the neighboring points
of vi correspond to those vertices within a distance Di from vi, where Di is
defined as,

Di = C
√

siσi,0, (4)

where, σi,0 is computed as defined in Eq. (3), si is the scale at which the point
of interest attains its maximum value according to Eq. (2), and C is a parameter
to control the level of locality [6].

After computing the sets of 3D SIFT descriptors for each 3D surface, we quan-
tized them to construct bag-of-words representation (BOW), using dictionaries
of different sizes. Later, we used the bag representations to compute distances
between 3D surfaces and to conduct our similarity analysis of potsherds.

4 Analysis of Potsherds

We performed two types of analysis of the Aztec potsheds using their 3D surfaces.
Namely, experiments of automatic classification, and the analysis of similarity.

Classification Performance. By relying on the k-NN classification approach
[14], with k = 1, we evaluated the classification performance achieved by different
BOW representations [13] of 3D-SIFT descriptors [6].

To this end, we estimated vocabularies of different sizes using the k-means
clustering algorithm [15]. More precisely, vocabularies of 100, 250, 500, 1000,
2500, and 5000 words, and then compared the resulting bag representations using
the Euclidean distance. In Sect. 5.1, we present the results of this evaluation along
with the confusion matrix generated by the dictionary that achieved the best
classification rate.

Similarity Analysis. To better understand the numeric results of the pre-
viously described classification experiments, we estimated the intra-class and
inter-class distance that can be expected when using our approach, i.e., BOW
[13] of 3D-SIFT descriptors [6] computed over surfaces. We computed these val-
ues as:

– Intra-class distance: The average of the pairwise distance between all instances
within the class of interest.

– Inter-class distance: The average of the pairwise distance from each instance
of the class of interest to all instances on the remaining classes.

Section 5.2 presents the intra-class and inter-class average distance of our dataset
computed using the dictionary that achieved the best classification performance.
Also in that section, we present a graph-based relation of the, on average, most
similar classes given a reference class.

5 Results

This section presents the results of both of our analysis: classification perfor-
mance and similarity analysis.
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5.1 Classification Performance

The first result from the classification performance test indicates that small
vocabularies are better to achieve good classification rates. Table 1 shows that
58.45 % of the potsherds are correctly classified by using only 100 and 250
words, and that this rate drops quickly with vocabularies of 1000 words or more.
Although these results confirm previous observations regarding the impact of
the vocabulary size [12], they also contradict some results of recent works [16].

Table 1. Classification performance achieved with vocabularies of different sizes.

vocabulary size 100 250 500 1000 2500 5000

classification rate (%) 58.45 58.45 54.26 47.52 39.36 36.17

By visual inspection, we realized the reason for which small vocabularies work
well for our particular 3D structures, i.e., surfaces. Namely, besides of having
instances with large amount of variations, these variations can be captured by
very local descriptors, i.e., descriptors that capture information only within the
closest neighborhood of the point of interest. This particularity of our data allows
to represent all important local variations with only a small set of prototype
descriptors, i.e., words. See Fig. 1 for visual examples of the dataset.

Figure 3 shows examples of the two most different words in the 100 words
vocabulary. Namely, words number 67 and 95, where the distance between words
is estimated as the distance between centroids of their corresponding clusters.
More precisely, Fig. 3 shows 3D surfaces, each with highlighted sections that
correspond to the 3D SIFT descriptors assigned as instances of those particular
words, i.e., closest to the centroid computed by k-means.

More precisely, instances of word 95 (orange circles in Fig. 3) describe a
slightly curved section, while instances of word 67 (blue circles) describe roughly
flat sections near an abrupt change on the surface, like a hole (Fig. 3a and b) or
the starting point of the base of the ceramic (Fig. 3c). However, note that given
the nature of the 3D data, a small set of local descriptors suffices for accurate
description, as well as for competitive classification performance.

Figure 4 shows the confusion matrix obtained with the vocabulary of 100
words. As shown by its main diagonal, our approach is able to achieve compet-
itive classification performance for most of the classes, and specially for classes
Amphora, Chandelier, and Pot, i.e., 81 %, 74 %, and 64 % of the times, a potsherd
from those classes is properly assigned to the correct class label. On the other
hand, potsherd of classes Basin, Thurible, and Vase seem to be more challenging.

5.2 Similarity Analysis

As explained in Sect. 4, we evaluated the intra-class and inter-class distance of the
3D surfaces, to acquire a better understanding of the classification potential that
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(a) Crater. (b) Crater. (c) Cup.

Fig. 3. 3D surfaces of potsherds from crater and cup classes. Highlighted sections cor-
respond to the spatial locality of 3D SIFT descriptors. Blue sections indicate instances
of word 67, and orange sections indicate instances of word 95, which are the two most
different words in the 100 words vocabulary (Color figure online).
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Fig. 4. Confusion matrix obtained from the automatic classification of 3D surfaces
scanned from Potshards of the ancient Aztec culture.

the 3D SIFT descriptor has to deal with potsherds. For this analysis we used the
vocabulary of 100 words, which achieved the highest classification performance,
as shown in Sect. 5.1.

For each class in our dataset, Fig. 5 shows the intra-class distance alongside its
inter-class distance counterpart. As one could expect for a well behaved scenario,
the distance between elements of the same class is shorter than the distance
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Fig. 6. Inter-class similarity in our dataset. Green arrows indicate the most similar
reference class to each other class (class of interest). Gray arrows point to the second
and thirds most similar reference classes to each other class (Color figure online).

between elements of different classes, i.e., the average intra-class distance is lower
than the average inter-class distance. This observation is true for 8 of the 10
classes of potsherd, with classes Pot and Vase having slightly larger intra-class
distance, as well as larger standard deviation.

A more detailed explanation of the average distance is shown in Fig. 6, where
more precisely, the average similarity between pairs of classes is presented. For
this purpose, a class of interest ci is considered similar to a reference class cr
if the average inter-class distance, as explained in Sect. 4, between ci and cr is
smaller than the average inter-class distance from ci to any other class.

For each class in our dataset, Fig. 6a shows its three most similar classes.
Note that the class Thurible is indicated as the most similar for 8 out of the
9 remaining classes, which might explain the low classification rate shown in
the confusion matrix of Fig. 4. As previously shown in Fig. 2, the distribution of
instances is not well balanced across classes of potsherds. To verify whether or
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not this unbalanced characteristic of the dataset has an impact on our analy-
sis, we randomly selected a subset of 10 instances per class, thus generating a
balanced dataset. Figure 6b shows the three most similar classes for each refer-
ence class using this balanced datset. Although a few arrows changed their end
node, not important differences were observed when using a balanced dataset.
This suggests that this is the natural behavior of the potsherds, and it does not
depend on the amount of instances available for each class.

6 Conclusions

We presented a novel approach for automatic analysis of archaeological pot-
sherds, based on the use of 3D surfaces scanned from a single viewpoint. More
precisely, potsherds of ceramic artifacts from the ancient Aztec culture. The pro-
posed scanning approach is much faster than the traditional method that takes
several shots from different viewpoints and then registers them to construct a
complete 3D model. Yet, our methodology produces data with enough informa-
tion that can be described using 3D SIFT descriptors and bag representations.

Using the proposed methodology, we evaluated the impact that the size of
different visual dictionaries has on classification tasks. Our results show that
small vocabularies suffice to obtain competitive classification performance, which
becomes harmed as the size of the dictionary increases. In particular, we obtained
the best classification performance by using dictionaries of 100 and 250 words.
Namely, our methodology is able to attain competitive classification performance
in most cases, with the few exceptions of certain classes of potsherd that are more
difficult to categorize, i.e., basin, thurible, and vase. More over, thurible and basin
are the two classes that were ranked the most common classes, i.e., the classes
whose instances are most similar to instances of other classes, as shown by the
quantitative similarity analysis that we conducted.

Overall, this type of analysis is of interest for archaeologists, as it shows the
potential that patter recognition techniques have to deal with some of the mos
challenging problems in Archaeology.

Acknowledgments. This work was founded by the Swiss-NSF through the Tepalcatl
project (P2ELP2–152166).
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