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Abstract
Petroglyphs are prehistoric engravings in stone unrevealing stories of ancient life and describing a conception of
the world transmitted till today. The great number of sites and the high variability in the artifacts makes their study
a very complex task. Thus, the development of tools which automate the recognition of petroglyphs is essential not
only for supporting archaeologist to understand petroglyph symbols and relationships, but also for the anthropol-
ogists who are interested in the evolution of human beings. However, many challenges exist in the recognition of
petroglyph reliefs mainly due to their high level of distortion and variability. To address these challenges, in this
paper we present an automatic image-based petroglyph recognizer that focuses on the visual appearance of the
petroglyph in order to assess the similarity of petroglyph reliefs. The proposed matching algorithm is based on
an image deformation model that is computationally efficient and robust to local distortions. The classification
system has been applied to an image database containing 17 classes of petroglyph symbols from Mount Bego rock
art site achieving a classification rate of 68%.

Categories and Subject Descriptors (according to ACM CCS): I.4.9 [Image Processing and Computer Vision]:
Applications— I.5.1 [Pattern Recognition]: Models—Structural

1. Introduction

Petroglyphs are prehistoric engravings in stone unreveal-
ing stories of ancient life and describing a conception of
the world transmitted till today. Although they may seem
as durable as the rock they reside on, petroglyphs are in-
evitably deteriorated by natural causes as well as vandal-
ism. As an example some of them have been destroyed by
tourists, while others are disappearing due to acid rain and
sunshine. Hence, it is very important to preserve the petro-
glyphs trying to identify and archive them for future genera-
tions.

Many research challenges have to be addressed for the
digital preservation of petroglyphs, including the integration
of data coming from multiple sources and the correct inter-
pretation of drawings. The IndianaMAS project is aiming
to integrate heterogeneous unstructured data related to rock
carvings into a single repository, organizing classified data
into a Digital Library, interpreting data by finding relation-
ships among them, and enriching them with semantic infor-
mation [DPT∗12, MDM∗12]. These goals can be achieved
by developing robust automated methods to classify the pet-
roglyphs based on their shapes, and retrieve similar petro-
glyphs from different archives of petroglyph images.

From a pattern recognition point of view, the classifica-
tion of petroglyphs from relief images represents a challeng-
ing task due to the high level of variability in the drawing
process [ZWKL11]. Indeed, the engravings were carried out
by cast percussion and in many cases two symbols in the
same class have many differences. As an example, the two
personages in Fig. 1(a) and 1(b) belong to the same class but
have many differences in their shapes [dLE09]. The clas-
sification process is made even harder by the fact that pet-
roglyphs have undergone a degradation process that makes
them messy and/or incomplete. As an example, Fig. 1(c) de-
picts the relief of an ax with an extremely eroded handle that
is very different from the standard handle reliefs as shown in
Fig. 1(d).

In this paper we propose a classifier for petroglyph sym-
bols based on a flexible image matching algorithm. The
idea is to measure the similarity between petroglyph by us-
ing a distance derived from the image deformation model
(IDM) [KDGN07], which has been successfully applied to
handwritten character recognition [KGN04] and shown very
good retrieval quality in the medical automatic annotation
task at ImageCLEF 2005 [DWK∗05]. Such a distance mea-
sures the displacements of single pixels between two images
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(a) (b) (c) (d)

Figure 1: Two personages and two axes reliefs from Mont
Bego site [dLE09].

within a warp range and taking into account the surrounding
pixels (local context). This method is well-suited for petro-
glyph reliefs since it is less sensitive to local changes that of-
ten occur in the presence of symbol variability, making our
method tolerant to the types of visual variations depicted in
Figure 1.

The proposed classification system has been evaluated on
a dataset containing 17 classes of petroglyph symbols from
Mount Bego rock art site. The achieved results demonstrate
that the proposed approach reaches a classification rate of
68%, which represents an improvement over a previous dis-
tance proposed for petroglyph recognition [ZWKL11] of
about 33%.

The remainder of this paper is structured as follows. Back-
ground information and an overview of related work in pet-
roglyph classification is given in Section 2. A description
of the proposed petroglyph classification methodology based
on IDM is given in Section 3. Experiments on a dataset of
Mount Bego petroglyph reliefs are reported in Section 4.
Conclusions are finally drawn in Section 5.

2. Related Work

2.1. Rock Art

Petroglyphs are a form of prehistoric art found in many
cultures around the world and at many times. There are
many theories to explain their purpose, depending on their
location, age, and the type of image. Some petroglyphs
are thought to be astronomical markers, maps, and other
forms of symbolic communication, including a form of “pre-
writing”. The form of petroglyphs is described by a variety
of terms in the archaeological literature. One of the most
common forms of rock art around the world are the anthro-
pomorphic depictions. They are pictures that resemble hu-
mans, but sometimes can represent something else, such as
the personification of a spirit or other nonliving thing. Other
common images are animals, weapons, and tools.

In this work, we experimented our approach on the re-
liefs collected and catalogued from Mont Bego, in the ex-
treme south-east of France, which due to the richness of the
place in both qualitative and quantitative terms it is ideal for
analysis. Archaeologists consider this place as an incredibly

valuable source of knowledge, due to the up to 40,000 fig-
urative petroglyphs and 60,000 non-figurative petroglyphs
[dLE09]. The figurative petroglyphs represent corniculates,
harnesses, daggers, halberds, axes, reticulates, rectangular or
oval shaded zones, and anthropomorphous figures. Between
1898 and 1910 Clarence Bicknell realized up to 13,000
drawings and reliefs, part of which were then published
in [Bic13]. Bicknell identified seven types of figures tak-
ing a natural history approach: horned figures (mainly oxen),
ploughs, weapons and tools, men, huts and properties, skins
and geometrical forms [CB84]. From 1967 Henry de Lum-
ley is in charge of performing research on the site. Figure
2 shows a picture of a bovine engraving, a Bicknell’s relief,
and two digitalized reliefs made by de Lumley’s team.

(a) (b)

(c) (d)

Figure 2: A picture of a bovine engraving of the Mont Bego
(a), a picture of a bovine relief made by Bicknell on botanic
sheet (b), two digitalized reliefs made by de Lumley’s team
(c) and (d).

2.2. Image Processing of Petroglyphs

The symbol recognition problem is one of the most studied
and analyzed research topic in the field of the image pro-
cessing [LVSM01, TTD06]. But surprisingly, the study of
the rock art was touched only minimally by these investi-
gations. Probably, this is due to some unique properties of
the petroglyphs (e.g., different petroglyphs may share more
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or less the same patterns while being different), which make
them unsuitable for recognition tasks.

The work presented in [She80] aimed to catalogue petro-
glyphs in terms of lengths of parts of animal bodies, and re-
lations among petroglyphs of several regions. In [TTM∗06]
Takaki et al. proposed new methods to characterize shapes
of the petroglyphs and the properties of the group they be-
long to. In particular, they first extract the skeleton of the pet-
roglyph by applying different image processing algorithms,
then their structure is expressed through elementary symbols
in order to allow a quantitative comparison. The properties
of petroglyph groups are expressed by statistics of simple
quantities, such as the numbers of animals and men.

Recently, Zhu et al. applied a distance measure based on
the Generalized Hough Transform to find meaningful motifs
within large collections of rock art images [ZWKL11]. They
also proposed a tool called PetroAnnotator, which allows hu-
man volunteers to “help” computer algorithms segment and
annotate petroglyphs [ZWKL09]. Finally, in [SB11] Seidl
and Breiteneder proposed an pixel-wise classification for
rock art image segmentation and presented some preliminary
results.

3. An Approach for Petroglyph Classification

One of the most promising approach to achieve low error
rates in the classification of images with high variability is
the application of flexible matching algorithms [BMP02].
Among them, the deformation models are especially suited
compensate small local changes as they often occur in the
presence of image object variability [KDGN07]. These mod-
els was originally developed for optical character recogni-
tion by Keysers et al. [KDGN07] but it was already ob-
served that it could be applied in other areas such as recog-
nition of medical radiographs [KGN04] and video analy-
sis [DDKN06]. The image distortion model (IDM) yields a
distance measure tolerant with respect to local distortions
since in the case two images have different values only for
a few pixels, due to noise or artifacts irrelevant to classifica-
tion, the distance between them is compensated by specify-
ing a region in the matching image for each picture element
in which it is allowed to detect a best matching pixel.

These properties motivate its use for petroglyph classifica-
tion. In the following we describe the steps of our petroglyph
classification system.

3.1. Shape Normalization

To recognize a petroglyph symbol regardless of its size and
position, the input image is normalized to a standard size
by translating its center of mass to the origin. The result-
ing image f (x,y) is the grid image of the symbol. Then to
increase tolerance to local shifts and distortions we smooth
and downsample the feature images. In particular, first, to

ensure that small spatial variations in the symbol correspond
to gradual changes in the feature values, we apply a Gaussian
lowpass filter

G(x,y) = e−
1
2 (

x2+y2

σ2 )

to obtain the smoothed image g(x,y) according to the fol-
lowing equations

g(x,y) = f (x,y)∗G(x,y).

We then downsample the images by performing symbol re-
moving and resizing (see Figure 3). This further reduces sen-
sitivity to small shifts and improves runtime performance.

(a) (b) (c)

Figure 3: An example of normalization of the ax petroglyph
depicted in Fig. 1(d). (a) the image smoothed with the Gaus-
sian filter, (b) the point removed image, and (c) the image
resized at 32×32 pixels.

3.2. Feature set

To achieve better performances instead of comparing the
pixels of the images directly we use derivatives. In particular,
for each pixel we consider the horizontal and vertical gradi-
ents as features for image matching. Each pixel of a gradient
image measures the change in intensity of that same point in
the original image, in a given direction. Thus, the horizontal
and vertical gradients allow to get the full range of direction.

3.3. Classification

For the classification of petroglyphs we use a deformation
model that is robust to distortions and local shifts. In partic-
ular, the image deformation model (IDM) performs a pixel-
by-pixel value comparison of the query and reference im-
ages determining, for each pixel in the query image, the best
matching pixel within a region around the corresponding po-
sition in the reference image.

The IDM has two parameters: warp range (w) and context
window size (c). Fig. 4 illustrates how the IDM works and
the contribution of both parameters, where the warp range w
constrains the set of possible mappings and the c×c context
window computes the difference between the horizontal and
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corresponding pixel 

Query image Reference image 

Warping area 

Figure 4: Example of areas affected by the comparison
of pixels with IDM, where w = 3 and c = 2. The query
pixel context (indicated by the orange area in the query im-
age) is compared with each equal-sized rectangle within the
warping area (dark-green rectangle of the reference image).
The warping area is calculated by building a m×m, with
m = (w+ c)∗2+1, square around the corresponding refer-
ence pixel (dark-green pixel).

vertical gradient for each mapping. It should be noted that
these parameters need to be tuned.

The algorithm requires each pixel in the test image to be
mapped to a pixel within the reference image not more than
w pixels from the place it would take in a linear matching.
Over all these possible mappings, the best matching pixel
is determined using the c× c local gradient context window
by minimizing the difference with the test image pixel. In
particular, the IDM distance D between two symbols S1 (the
query input) and S2 (the template) is defined as:

D2 = ∑
x,y

min
dx,dy
||S1(x+dx,y+dy)−S2(x,y)||2

where dx and dy represent pixel shifts and Si(x,y) represents
the feature values in Si from the patch centered at x, y.

3.4. Performance Optimization

One of the limitations of IDM algorithm is the high com-
putational complexity, which is even further increased when
the warp range and local context are enlarged. Thus, since
applying IDM to all the reference images is too slow, we
introduce two optimization strategies to speed up the IDM
algorithm.

The first optimization is to prune the set of candidates be-
fore applying IDM. We use the simple Euclidean L2 distance
as the pruning metric, and the first N nearest neighbors found
are given in input to the IDM. In particular, we use the dis-
tance:

D2 =
K

∑
k=1

(v1(k)− v2(k))
2

where vi(k) corresponds to the horizontal and vertical gradi-
ents of the i-th image.

The second optimization is the early termination strategy
proposed in [SDS08], which relies on the consideration that
in kNN classifiers only the k nearest neighbors are used in
the classification step. Therefore the exact distance of any
image with rank greater than k is not used by the classifier.
This means that we can abort the computation of the distance
between two reliefs as soon as it exceeds the exact distance
of the image with rank r. Since the latter can only be known
after all images in the collection have been compared to the
query, we approximate it with the distance of the k nearest
neighbor identified so far.

4. Experiments

To demonstrate the validity of the proposed approach an ex-
periment focused on measuring the effectiveness of the IDM
algorithm on a real dataset has been performed. The consid-
ered dataset was extracted from the image reliefs presented
in [dLE09] and it is a representative sample of the Mount
Bego petroglyphs. Basically, it contains a number of petro-
glyph reliefs falling into 10 main classes (anthropomorphic,
ax, bull, bullgod, dagger, goddess, oxcart, personage, retic-
ulate, stream). These classes were successively refined, with
the help of several archaeologists participating to the project,
into 17 classes based on the shape of the petroglyphs and
additional information, such as the estimated date of the en-
gravings. The obtained dataset is depicted in Table 3. For
each class, we considered three drawings having the specific
characteristics of the class. In this way, the overall test set
involved into the experiment is composed of 51 drawings.

The 3-fold cross validation test has been successively ap-
plied to analyze the performance of the IDM algorithm on
the test set. The difficulty to collect data makes particularly
suitable this choice. Generally, in k-fold cross-validation, the
original sample is randomly partitioned into k subsamples.
Of the k subsamples, a single subsample is retained as the
validation data for testing the model, and the remaining k−1
subsamples are used as dataset. The cross-validation process
is then repeated k times (the folds), with each of the k sub-
samples used exactly once as the validation data. The k re-
sults from the folds then are averaged to produce a single
estimation. In this way all petroglyph reliefs are considered
for both dataset and validation, and each relief is used for
validation exactly once.

4.1. Settings

The best performance of the algorithm was achieved using
the following configuration settings:

1. Image size, this value was set to 16 pixels. It indicates
the size of the reduced image fed to the IDM. We tried
also 24 and 32 pixels but no substantial differences have
been found. So, we preferred to use the minor size for
improving time performance.
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2. Warp range, together with the local context is one of
the parameters of the IDM algorithm. The algorithm ob-
tained the best performance using the value of 3 pixels.

3. Local context, this value was set to 2 pixels.

4.2. Results

To evaluate the achieved results we used the k-nearest-
neighbor (kNN) classification method [CH67], which con-
sists in the examination of the first k results produced by the
algorithm.

The overall results of the experiment are listed in Table 1.
Data are presented in a 20x9 table where the first row rep-
resents the classification method, namely 1-NN for the best
matching class, 3-NN and 5-NN for the nearest neighbors
methods with 3 and 5 considered hits, respectively. The first
column lists the 17 classes considered in the experiment. Ba-
sically, each data cell indicates the percentage of times a pet-
roglyph relief is correctly classified by considering the first i
hits of the IDM algorithm result and by applying the classi-
fication method (1-NN, 3-NN or 5-NN). As an example, let
us consider the AxB row. As for the 1-NN method, during
the experiment the AxB images were correctly associated to
the class, namely another AxB image appeared as first hit of
the IDM algorithm, only in the 33%. In the 67%, it appears
either as first or second hit, and finally, it appears in 100%
either as first, second, or third hit. If we consider the 3-NN
method, the images of the same classes falling into the first
three hits are aggregated using the inverse distance weight-
ing. In this way, the class having the highest distance in the
new ordered list is suggested to be the class that the query
drawing image belongs to. In case of AxB, its images are
correctly classified in the 33% considering only the first hit
of the result list and in the 100% considering the two best
hits. The same analysis has been performed for the 5-NN
classification method.

The last row in Table 1 indicates the average values of the
columns. Basically, they erase the differences among classes
in terms of correct response percentages and report the aver-
age behavior of the IDM associated with the different clas-
sification methods.

4.3. Discussion

By analyzing the results shown in Table 1 it is possible to
notice that the IDM associated to the 1-NN classification
method has a precision of 68%, slightly worst in case of 3-
NN (61%), and even more worst for 5-NN (54%). Probably,
this is due because even though the most similar relief falls
into the same class of the query, allowing the 1-NN classi-
fier to correctly recognize, the other hits are not so different
from the query but belong to different classes (two symbols
for class are in the dataset).In this way, aggregation of the
3-NN and 5-NN makes the choice of the class more difficult

and address it towards wrong classes rather than the class the
query belongs to.

Another consideration concerns with the ability of the ap-
proach to suggest a number of possible solutions among
which to choose the correct class. It is possible to notice that,
even if the best classification approach is 1-NN, this is not
always true when the algorithm try to suggest a range of pos-
sible solutions. Indeed, when considering the most scored
two, 3-NN and 5-NN work slightly better than 1-NN (86%
and 84% versus 82%). Unfortunately, due to the low number
of symbols for class, we cannot extend this consideration for
the three or four most scored hits. Anyway, for these cases,
the 1-NN allows to correctly classify in the 88% and 92% of
cases.

By analyzing the classification rates achieved for each
symbol class it is possible to notice some interesting evi-
dences. Among the 51 queries only in four cases the IDM
algorithm is not able to retrieve a relief of the same class
within the first four hits. As an example, the worst re-
sults were achieved for the query GoddessA-1 whose clas-
sification list was Personage-2, StreamB-3, GoddessD-2,
GoddessB-3, and Personage-3. Although the classes are dif-
ferent, overlapping the query to each of these drawings it can
be observed that many pixels in the query image match the
pixels of the reference images. On the contrary, GoddessA-2
and GoddessA-3 have a similar structure but the shapes are
strongly deformed. This issue could be alleviated by enlarg-
ing the warp range and the local context parameters of the
algorithm.

Another interesting example may be found by observ-
ing the query DaggerB-2. In this case the first four hits are:
DaggerA-3, DaggerB-1, DaggerB-3, and DaggerA-1. Also in
this case, the algorithm does not match the correct class in
the first hits but allows to identify the classes with images
having very similar shapes.

These results highlight the quality of the IDM algorithm
in the handling of image deformation but also the natural
complexity of the problem faced in this paper. Indeed, in
most cases different classes contain similar reliefs and only
reasoned-contextual information may help to correctly clas-
sify them.

To compare our method to a previously proposed classifier
for petroglyph recognition, we apply the Generalized Hough
Transform (GHT) algorithm proposed in [ZWKL11] to the
considered dataset. This method uses the principle of tem-
plate matching, which relies on detecting smaller elements
matching a template image. In particular, the problem of
finding the model’s position is transformed to a problem of
finding the transformation’s parameter that maps the model
into the image. GHT uses edge information to define a map-
ping from orientation of an edge point to a reference point
of the shape and computes a measure which rates how well
points in the image are likely to be origins of the specified
shape.
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1-NN 3-NN 5-NN
Symbol 1st 2st 3st 4st 1st 2st 1st 2st

Antropomorphe 67 100 100 100 67 100 33 67
AxA 33 67 67 100 33 67 0 100
AxB 33 67 100 100 33 100 33 100
BullA 100 100 100 100 67 100 100 100
BullB 100 100 100 100 100 100 100 100
Bullgod 67 100 100 100 67 100 67 100
DaggerA 100 100 100 100 100 100 100 100
DaggerB 33 67 67 100 67 67 33 67
GoddessA 67 67 67 67 33 67 33 67
GoddessB 67 67 67 67 67 67 67 67
GoddessC 67 67 100 100 67 67 67 67
GoddessD 67 67 67 67 33 67 0 67
Oxcart 100 100 100 100 67 100 67 100
Personage 33 67 67 67 33 67 0 67
Reticulate 67 100 100 100 67 100 67 100
StreamA 100 100 100 100 100 100 100 100
StreamB 67 67 100 100 33 100 67 67
total 68 82 88 92 61 86 54 84

Table 1: Classification rates of the proposed IDM algorithm.

1-NN 3-NN 5-NN
IDM GHT IDM GHT IDM GHT

1st 68% 35% 61% 31% 54% 27%
2st 82% 43% 86% 47% 84% 49%
3st 88% 47% - - - -
4st 92% 53% - - - -

Table 2: Comparison of the classification rates achieved
with IDM (images normalized at 16 pixels) and GHT (im-
ages normalized at 32 pixels).

The same evaluation procedure as for the IDM algorithm
has been applied. The results shown in Table 2 demonstrate
that our approach outperforms the method in [ZWKL11]. In
particular, the GHT algorithm with a symbol normalization
at 32 pixels achieves, in a time comparable to IDM algo-
rithm, classification rates which are almost halved with re-
spect to IDM. The performance of the GHT algorithm is
highly dependent on the results from the edge detector, so
the input image must be carefully chosen for greater edge
detection. In fact, the application of GHT on noisy images
reduces the efficiency of the algorithm due to some edge
points being missed because they were not defines as edges.
Therefore, the proposed IDM algorithm provides a more ro-
bust similarity measure for petroglyph reliefs.

5. Conclusions and Future Work

In this paper we presented a classifier for petroglyph sym-
bol reliefs robust to distortions and local shifts. The method
is based on IDM algorithm [KDGN07] to measure the dis-
tances between the queries and the reference images, which
is an effective means of compensating for small local im-

age. The experimental results show the potential of the pro-
posed method for petroglyph classification with a classifi-
cation rate of 68%, which considerably improves a previ-
ous distance proposed for petroglyph recognition of about
33% [ZWKL11]. These results are achieved on a represen-
tative dataset of Mount Bego petroglyphs, which includes all
the main petroglyph classification challenges.

With respect to previous works where the application of
the IDM algorithm showed very good performances (gen-
erally the correct rate was higher than 97%) [KGN04,
DWK∗05], with petroglyph symbols the IDM performance
dramatically decreases (68% for 1-NN, 61% for 3-NN, 54%
for 5-NN) highlighting the main difficulties to manage this
kind of datasets. Results improve when the approach is used
for suggesting a set of possible classes. In this cases, when
we classify using 1-NN, the rate of correct responses is
higher than 80% by considering the first two petroglyph
classes, close to 90% for the first three, and higher 90%
for the first four. By using 3-NN and 5-NN the classifica-
tion slightly enhances considering the first two classes, i.e.,
86% and 84%. By analyzing the wrong classifications it is
possible to notice that the errors are mainly due to the high
intra-class variability and low inter-class variability of the
dataset, and well-reasoned contextual information may help
to correctly classify the ambiguous engravings. These chal-
lenges make the 3-NN and 5-NN classifier more error-prone.
Indeed, in some cases, even though the best scored image
belongs to the same class of the query, it might happen that
similar images of other classes obtain better scores of the
images of the query class. When this occurs, the aggregation
of the results can change the order of the classes introducing
errors.

c© The Eurographics Association 2012.

6



V. Deufemia & L. Paolino & H. de Lumley / Petroglyph Classification using the Image Distortion Model

The main research challenges for the future will be the
investigation of other optimization strategies for IDM and
the validation of the results on a larger dataset. In particular,
in order to improve the efficiency of the approach we are
going to explore the possibility to reduce the number of IDM
comparisons by means of a clustering algorithm. Moreover,
we intend to investigate the use of a distance with a behavior
orthogonal to IDM, i.e., able to achieve good performances
for IDM misclassified images. In this way, by applying a
suitable weighting scheme it would be possible to exploit
the advantages of both techniques.

We are also interested in the application of petroglyph
recognition algorithms for integrating the image reliefs made
by Bicknell with those of de Lumley. Indeed, even if
the Bicknell legacy is relatively small, a manual integra-
tion would be time-consuming and error-prone [PQM∗11].
Therefore, the proposed algorithm can help archaeologists
integrate the data in a semi-automatic way.

Finally, we intend to investigate the use of query by sketch
as a technique to ease user interaction and improve retrieval
effectiveness in the repository [CDM∗08].
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Class Relief Images Class Relief Images

Antropomorphe GoddessB1 2 3 1 2 3

AxA GoddessC1 2 3 1 2 3

AxB GoddessD1 2 3 1 2 3

BullA Oxcart
1 2 3 1 2 3

BullB Personage
1 2 3 1 2 3

Bullgod Reticulate
1 2 3 1 2 3

DaggerA StreamA1 2 3 1 2 3

DaggerB StreamB1 2 3 1 2 3

GoddessA 1 2 3

Table 3: The dataset of petroglyph reliefs used for evaluation.
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