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Abstract Numismatics deals with various historical aspects of the phenomenon Money. Fundamental part of a
numismatists work is the identification and classification of
coins according to standard reference books. Prior to any
analysis a coin image has to be segmented into two areas:
the area depicting the coin and the area belonging to the
background. In this paper, we focus on the segmentation
task as a preprocessing step for any automated coin identification system. We present a simple and fast method for coin
segmentation, based on local entropy and gray value range.
Results of the algorithms developed are shown for an image
database of ancient coins.

1 Introduction
Nowadays, ancient coins are becoming subject to a very
large illicit trade. Thus, the interest in reliable automatic
coin recognition systems within cultural heritage and law
enforcement institutions raises rapidly. Traditional methods
to fight the illicit traffic of ancient coins comprise manual,
periodical search in auctions catalogues, field search by authority forces, periodical controls at specialist dealers, and a
cumbersome and unrewarding internet search, followed by
human investigation. However, these methods only prevent
the illicit trade of ancient coins to a minor extent. To date,
no automatic coin recognition system for ancient coins has
been researched and thus applied successfully.
For the image-based recognition of ancient coins, initially a
segmentation of the coin region has to be done in the image. Especially for the identification of stolen coins, a correct segmentation is a crucial step since the shape of the coin
provides a substantial feature for its identification. An automatic segmentation method is also of great benefit for the
indexing of new coins, since up to now numismatists have
to perform this time-consuming task manually.
Major challenges that have to be faced in the segmentation
of coins are caused by an improper image acquisition procedure, as can be seen in the two coin images of Fig. 1. In both
images a hard shadow is cast at the coin border because of
the insufficient illumination setup. Furthermore, the background of Fig. 1(b) was not well chosen because it has no
consistent color.
In this paper a simple and fast method for coin segmentation,

based on local entropy and gray value range, is presented.
The underlying assumption of the proposed method is that
the local entropy (i.e. the information content) and range
of gray values is higher inside the coin and at the coin border, since the background shows a higher homogeneity than
the coin. For that reason the local entropy and range are
summed up and the final segmentation region is obtained by
global thresholding.
The paper is organized as follows: Section 2 gives a short
overview of the COINS project, which represents the framework where the segmentation task belongs to. An image
acquisition system is described in Section 3. The coin segmentation itself is addressed in Section 4, consisting of an
overview of the state of the art and a detailed description of
the proposed method. Experiments on a set of 92 images
are reported in Section 5. A conclusion is finally given in
Section 6.

2

The COINS project

The COINS project focuses on technologies aimed at permanent identification and traceability of ancient coins. Furthermore, it devises strategies to facilitate the prevention and
repression of illicit trade of stolen coins. To achieve these
goals, three main activities have been identified: (1) standardization of numismatic data structures, (2) numismatic
web search tool and (3) image based recognition tool for ancient coins (see Figure 2).
Documentation and inventory methodologies and tools
based on international standards facilitate the interoperability and cross-border traceability. Starting from analysis of
current forms for inventorying coins, a standardized domain
ontology and multilingual thesaurus will be produced.
An automatic, unsupervised web search tool is greatly
needed. Thus, core activity of the project addresses the
development of a web tool that is integrating text search and
image analysis and tailored to numismatic needs.
The goal of the image based coin recognition tool is
twofold. On the one hand, it addresses the classification
of an ancient coin based on its visual representation. On
the other hand – the identification of individual coin based
on peculiar features, as minting signs or use-wear traces.
However, their procedures differ. Classification must
ignore the individual features and emphasize the general
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Figure 2: Core activities within the COINS project

(a)

(b)
Figure 1: Examples of coin images acquired under improper conditions.

ones, to assign an individual coin to a general category,
whereas identification relies on individual unique features,
which make that particular instance different from all other
individuals in the same class.
To achieve these goals, the joined efforts of experts in
different fields – technology, cultural heritage and law
enforcement – are required.

3

Coin Image Acquisition

The performance of image recognition methods is highly related to the image quality. For the segmentation of coins in
images, there are two main issues that lead to a higher degree of robustness in coin segmentation: the avoidance of
shadow casts at the coin border and the use of a constant
background with high contrast to the coin border. Fig. 3
exemplarily shows a proper coin image acquisition system
concerning these goals that is currently used at Kunsthistorisches Museum Vienna. A digital single-lens reflex camera with a 60mm macro lens is mounted on a camera stand
providing a constant distance and parallelism between the
coin and the camera’s image plane. For a constant background with high contrast to the coin a red sheet of paper is
used. A ruler and a label is put next to the coin for a later
determination of the image scale and a unique identification
of the coin. For the avoidance of shadow casts at the coin
border, the coin is laid on raised sheet of glass. The effect
of this approach is shown in Fig. 4: if the coin is directly

Figure 3: Acquisition system used at the Kunsthistorisches Museum Vienna.

placed on the background paper a shadow is cast (Fig. 4(a)),
whereas by a placement on a raised sheet of glass no shadows are visible in the image (Fig. 4(b)).
It is important to state here that this setup describes an easy
way for numismatists to acquire images which allow an accurate segmentation due to the absence of shadows and high
contrast to the background. Nevertheless, for the identification and classification of coins, a further goal has to be an
optimal visualization of details with the avoidance of highlights on the coin. Therefore, more research has to be done
in that area to define optimal illumination conditions and set
of camera parameters.

4

Coin Segmentation

This section addresses the segmentation of the coins in the
images. Coin segmentation deals with the division of the
image into two regions: the region depticting the coin and
the region belonging to the background.
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edge detectors [6]. Apart from that, edge-based segmentation differ in the further methodology. In edge relaxation, a
global relaxation (optimization) process based on edge properties is used to form continuous boundaries of objects [2].
Border tracing methods are used to follow the objects borders from a known start point [1]. In the case of additional
knowledge about the objects to be segmented, globally optimal borders can be found using graph searching [10] or
dynamic programming [3]. For the segmentation of certain
shapes like circles the Hough transform [8] can be applied.
4.1.3 Region-Based Segmentation Region-based segmentation methods try to partition or group regions according to common image properties, like color or texture. Splitand-Merge [7] combines two operations to segment an image: splitting, where the image is divided into a set of regions which are coherent within themselves, and merging,
where adjacent splitted regions are merged together based
on a similarity criterion. In the watershed segmentation [17]
the image is considered as a topographic surface. According to that analogy, the watershed transform finds “catchment basins” and “watershed ridge lines” where the catchment basins theoretically correspond to the homogeneous
gray level regions of this image.

(a)

(b)

4.2
Figure 4: (a) image of a coin directly placed on the background
producing a shadow, (b) the same coin placed on a raised sheet of
glass producing no shadows. In contrast to Fig. 3, a blue background was used here.

4.1

Image Segmentation

Image segmentation refers to the process of dividing the image into regions that correspond to structural units in the
scene or distinguishing objects of interest. For our purpose,
a segmentation method has to detect the coin region, regardless of other objects (e.g. a ruler or label identifying the
coin) contained in the image. In general, image segmentation algorithms may follow three approaches [16]: Thresholding, edge-based segmentation and region-based segmentation.
4.1.1 Thresholding Thresholding methods define a
range of brightness values (the thresholds) in the original
image and select the pixels within this range as belonging
to the foreground, whereas the remaining pixels are rejected
to the background. The basic assumption of thresholding
methods is that the gray levels of the object are significantly
different from the gray values of the background. Thresholding techniques can either work globally, where a single
threshold is applied to the whole image, or locally, where
the image is divided into regions and each region has its
own threshold. Besides that thresholding techniques differ
in the way of finding optimal threshold values for a given
image, e.g. the use of histogram information [4] or entropy
of gray level distribution [15]. A survey is given in [14].
4.1.2 Edge-Based Segmentation This category of segmentation methods partitions an image based on abrupt
changes in the intensity, i.e. edges found in an image by

Proposed Method

For typical images of coins (like the two shown in Fig. 4),
the coin itself possesses more local information content and
details than the rest of the image, i.e. the background. For
that reason, our method is based on two filters providing a
local measurement of information content in the image: the
local entropy and the local range of gray values.
Local entropy of an image: Entropy is the measure of the
information content in a probability distribution. For digital
images the probability distribution is represented by the histogram of gray values [9]. If an image consists of N possible
gray values whose actual frequencies of occurrence (i.e. the
normalized image histogram values) are p1 , p2 , ..., pN the
entropy of the image is defined as
H=−

N
X

pk · log2 (pk )

(1)

k=1

With local entropy the entropy of each pixel is computed
individually by means of the gray values of the local neighborhood.
Local range of gray values: The local range of gray
values is defined as the difference of the maximum and
minimum gray value of a local neighborhood.
The outputs of these two filters are summed-up to build
the final intensity image where the thresholding is applied
on. For both filters a circular neighborhood with a radius of
3 pixels is used and both filter outputs are normalized to the
range 0 to 1. In Fig. 5 the particular results of the entropy
filter, the range filter and their summation, applied to a coin
image, are shown. Note that the output of both filters is
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(b)

(a) Original image.

(b) T1 = 0.3, formfactor = 0.646

(c) T2 = 0.4, formfactor = 0.165

(d) T3 = 0.5, formfactor = 0.004

(e) T4 = 0.6, formfactor = 0.093

(f) T5 = 0.7, formfactor = 0.428

(d)

Figure 5: (a) original image, (b) output of local entropy filter, (c)
output of local range filter, (d) sum of local entropy and local range.

higher for the region of the coin than for the region of the
background, especially at the coin border.
To obtain the final coin segmentation from the intensity
image shown in Fig. 5(d), a simple way would be to apply a global threshold and close all holes in the binary mask
caused by homogeneous regions inside the coin. However,
tests have shown that such a manually defined threshold
does not perform well on the overall given test set. Therefore, a more sophisticated approach is used: we apply seven
thresholds Ti (Ti = 0.3, 0.4, ..., 0.9) to the intensity image
and compute a score for each achieved segmentation that
represents the confidence to the given segmentation. Afterwards the segmentation with highest confidence is chosen.
Since the shape of a coin is close to a circle, we use the formfactor [12] of the binary segmentation mask as confidence
measure. The formfactor of a binary mask is computed as
follows:
4πA
(2)
P2
where A is the area and P the perimeter of the the binary
mask. The form factor is sensitive to both the elongation of
a region and the jaggedness of its border. The higher the
jaggedness of the border, the less the formfactor. The formfactor is equal to 1 for a circle and is less for any other shape.
Since the final shape of the segmentation should be close to
circle with a regular border, the formfactor provides a convenient measure for the confidence of the segmentation.
Since low thresholds can produce a coin segmentation that
is near the rectangular shape of the whole image (providing
a comparatively high formfactor), a segmentation is furthermore only accepted if the area of the segmented region is
lower than 90 % of the image area. An example for the seven
segmentations obtained with different thresholds is shown in
Fig. 6. The segmentation obtained with T7 = 0.9 shows the
highest formfactor and is therefore chosen as the final segmentation (note that the segmentations with T1 = 0.3 and
f ormf actor =

(g) T6 = 0.8, formfactor = 0.562 (h) T7 = 0.9, formfactor = 0.691

Figure 6: Seven segmentation masks according to different thresholds Ti applied to to the intensity image.

T2 = 0.4 are rejected since their area is more than 90 % of
the overall image area).
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For our method, the discretization of Ti = 0.3, 0.4, ..., 0.9
was chosen empirically. Tests have shown that a finer discretization does not improve the accuracy of the method.

5

Experiments

The proposed method was tested on a set of 92 images
acquired at the Kunsthistorisches Museum Vienna, the
Fitzwilliam Museum and the Muzeul National de Istorie a
României, representing a wide range of different coin images. Six of the images used for evaluation are exemplarily
shown in Fig. 7. The images of the evaluation set differ in
various ways:

a problem to the method since they produce a strong edge
not belonging to the actual coin border. However, on the
image of Figure 8(f) the method correctly excludes the
shadow from the segmentation, producing a border error
of 1.93%. On ten images acquired with the proposed
acquisition system, the algorithm shows an average border
error of 0.67%. Although there are 11 particular images
with border errors of above 10%, no image was segmented
with a border of above 25%, a indication for high robustness under several types of coin images. In fact, the
highest border error lies at 21.03% and 60 out of the 92 images could be segmented with a border error of less than 5%.

• Resolution: from 178 × 184 up to 1154 × 866.
5.3
• Color: color images (e.g. Fig. 7(a)) or gray-level images
(Fig. 7(b)).
• Background: images with uniform white background
(Fig. 7(b)), images with less uniform white background
(Fig. 7(c) or colored background (Fig. 7(a)).
• Coin size relative to image size: images where the coin
perfectly fits into the image frame (Fig. 7(b)) or images
where the coin region makes only ∼ 15% of the image
(Fig. 7(c)).
• Illumination conditions: images with (Fig. 7(c)) and
without shadow casts (Fig. 7(a)).
Image Fig. 7(a) represents a coin acquired with the acquisition system described in Section 3. In total 10 of such
images are contained in the test set to reveal the acquisition system’s suitability for coin segmentation. For the experiments presented here, all color images were converted
to gray-level images. The segmentation of color images is
topic for future research.

Comparison

In [19] segmentation of ancient coins was achieved by
a adaptive thresholding method originally suggested by
Yanowitz and Bruckstein [18]. The proposed method derives a threshold surface which is interpolated using tie
points placed at positions obtained from thinned and thresholded gradient values. Applied to the same test set, this
method achieves an average border of 65.54% and a median value of 77.71%. Fig. 9 shows the plot of border errors for all 92 images, achieved with the proposed algorithm
based on local entropy and gray value range (solid line) and
the algorithm proposed in [19] (dotted line). It can be seen
that there are cases where the algorithm has a similar border error than our method (e.g. for image 9 and 11). However, the high number of images with border error greater
or equal than 100% (38 in total) indicate its low robustness.
Although the parameters of the method can be adjusted to
perform well on a given type of coin image it is not able
to handle the wide range of different images contained in
the test set. Furthermore, the method is approximately four
times slower than the proposed method.

5.1 Setup
For each image a ground truth segmentation was manually
obtained by means of a commercial image editing program.
For the evaluation of the segmentation error a metric called
border error is measured [5]:

border error =

number of misclassified pixels
area of coin

(3)

A pixel is called misclassified if it is contained in the
ground truth segmentation but not in the automatic or vice
versa. Note that this error is independent of both the size of
the coin and the size of the image.
5.2 Results
On the overall set of test images an average border error
of 4.54 % is achieved, and the median of the results lies at
2.65%. Fig 8 shows results on images where the obtained
coin border is outlined by a black or white line. Figure
8(a)-(c) belong to the best segmentation results with border
errors of 0.29%, 0.37% and 0.50%, respectively. Figure
8(d)-(e) belong to the worst results with border errors of
15.81%, 11.71%, respectively. You see that shadows pose

Figure 9: Border error plot of 92 segmentations.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 7: 6 of the 92 coin images used for evaluation.

6 Conclusion
The paper proposes a method for a robust segmentation of
ancient coins. It uses range and entropy filter under the assumption that the coin in the image provides more information and details than the background. The final segmentation
mask is obtained by thresholding operation where the optimal threshold is found by means of the formfactor of the
resultant binary mask.
The method shows promising results with a border error median of 2.65% and proves that local entropy and gray value
range give a convenient estimate of the actual coin region.
However, although the method’s robustness is indicated by
a maximum border error of 21.03% on a set of 92 test images, shadows still pose a problem. For a maximal segmentation performance a controlled acquisition system like the
one presented in Section 3 is highly desired. This is also
proofed by a comparison of the method’s performance on
the 10 “optimal” images acquired under the proposed system with the performance on the remaining images: on the
optimally acquired images the average border error lies at
0.67% where on the remaining set it lies at 5.01%.
For the identification of stolen coins, where the coin shape
serves as a highly discriminative feature, an exact segmentation is essential. Therefore, future research has the goal to
improve the accuracy to satisfy the needs of automatic coin
identification, especially in the occurrence of shadows.
Extensions of the presented method that has to be investigated for future research include:
• Use of color: the colors of metal limits the range of possible coin colors.

• Shadow detection: Shadows can be excluded from segmentation by shadow detection algorithms [13]. Shadow
detection is thereby based on a analysis of edges with
respect to the possibility that they are due to a material
change as opposed to a shadow or other illumination effects.
• Border tracing: Border tracing methods [16] can be
used to determine the exact border of the coin. Start
points of border tracing could be found by a circle detection algorithm [11] followed by a maximum gradient
search along the roughly estimated radius.
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Figure 8: Results of the proposed segmentation method.
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