The International Journal of Computer Science and Communication Security (IJCSCS), Vol. 2, January, 2012

Automatic Detection of Pigmented Network in
Melanoma Dermoscopic Images
Ahmed Ayoub1, András Hajdu2 and Arpád Nagy2
1

Benha University, Faculty of Engineering at Benha
Benha 13512, Egypt
and
Shaqra University, Faculty of Science and Arts,
Shaqra 11961, Saudi Arabia
asayub@su.edu.sa
2

University of Debrecen, Faculty of Informatics,
4010 Debrecen, PO. Box. 12., Hungary
hajdu.andras@inf.unideb.hu, apri0912@freemail.hu

Abstract: We present a method to automatically detect and
classify the dermoscopic structure pigment network which may
indicate early melanoma in skin lesions. The network is located as
darker areas constituting a mesh, as well as lighter areas
representing the ‘holes’ which the mesh surrounds. After comparing
5 methods of segmentations with the manual one, we apply a LoG
filter followed by a classification algorithm to discriminate between
holes belong to pigmented network from others. Then, we define an
adaptive maximum distance threshold to visualize the network. The
pigmented network in a lesion is classified as present or absent. We
validate our method over a real-world dataset consisting of 100
images and achieve an accuracy of 70.8%.
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site-specific features (e.g. parallel pattern on palms and
soles, follicular openings on facial skin).
Referring to Maglogiannis et. al. [4], only 9% of the
literature addresses feature distribution. A typical pigment
network (PN) is one of these crucial features. The PN seen in
melanocytic lesions stems from increased melanin content in
keratinocytes or melanocytes outlining the rete ridges pattern
of the epidermis. The holes in the network correspond with
the epidermal suprapapillary plates [5, 6].
A typical PN, Figure 1b, is defined as “a light-to-darkbrown network with small, uniformly spaced network holes
and thin network lines distributed more or less regularly
throughout the lesion and usually thinning out at the
periphery” [7].

1. Introduction
In a recent review of the literature data [1], the sensitivity of
computer-based devices for melanoma diagnosis varied
between 80% and 100% and specificity between 47% and
92%. These figures suggested that the accuracy of computerbased diagnosis does not differ significantly from that of the
clinical diagnosis. Moreover, it is unrelated to the optical
method of acquisition in operation.
The clinical diagnosis of melanoma is commonly based on
the ABCD rule, which is a checklist of important parameters
[2]. This technique focuses on asymmetry, irregular border,
number of colors (associated also to slate blue veil and
whitish veil), and the presence of differential structures
(streaks, globular elements, etc.). This guideline requires
computing a weighted score of these features. The parameter
evolution is usually considered, becoming the “ABCDE
rule”.
Another method was proposed by Menzies and co-workers
in 1996 [3] It is based on features such as the presence of
irregular border, irregular pigmented network, abrupt cut-off
of the network, streaks, globular elements and colors.
Therefore, according to the mentioned methods, melanomas
usually have features indicating their melanocytic origin:
pigment network; aggregated brown, or black globules; and
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Figure 1: a) Present: A lesion containing a pigment
network. b) An enlarged pigment network . c) Absent: An
image of a lesion without pigment network. (d) a
magnification of (c).
Automatic detection of pigment network has been
investigated recently. Anantha et al. [8] propose two
algorithms: one involves statistics over neighboring graylevel dependence matrices; the other involves filtering with
Laws energy masks. Various Laws masks are applied and the
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responses are squared. Improved results are obtained by a
weighted average of two Laws masks whose weights are
determined empirically. Classification of these tiles shows
approximately 80% accuracy.
Betta et al. [9] begin with taking the difference of an
image and its response to a median filter. Followed by a
threshold of such difference image to create a binary mask
which undergoes a morphological closing operation to
remove any local discontinuities. Then, this mask is
combined with another created from a high-pass filter
applied in the Fourier domain to exclude any slowly
modulating frequencies. Results are reported graphically,
appear to achieve a sensitivity of 50% with a specificity of
100%.
In 2006, Grana et al. [10] proposed a modified approach to
detect and localize network patterns. Such texture is
automatically detected with Gaussian derivative kernels and
Fisher linear discriminant analysis; line closure and thinning
is provided by morphological masking and line luminance
profile fitting provides width estimation. An overall 88.3%
network detection performance is reported. Even though high
contrast images are used to visualize results of the method,
there are false positives which are hair lines or noise. They
could consider spatial arrangements of network holes to
remove false positives.
Serrano et. al. [11] presented a new methodology to
classify the lesions by performing a pattern recognition step.
The lesion is classified into five different types of patterns
which are: reticular or network, globular, cobblestone,
homogeneous, and parallel pattern. For analyzing the color
textured pattern, they expressed the image as a finite
symmetric conditional Markov (FSCM) model. They
calculated a feature vector with the model parameters. They
employed different color spaces and showed that the L*a*b*
color space outperforms the others. To obtain the label
assigning the type of the pattern, the maximum likelihood
(ML) criterion was applied to maximize the conditional
probability distribution. The inputs to the algorithm were
40×40 pixel images corresponding to a particular type of
pattern, and the output was the class of such pattern. It is a
supervised method due to the availability of a training set.
The correct classification rate achieved was of 90% for the
reticular pattern (pigment network) and 86% on average.
In a recent work [12], Sadeghi et. al. proposed a graphbased method to classify and visualize pigment networks.
They validated the method by evaluating its ability to
classify and visualize the real dermoscopic images. The
accuracy of the system was 92.6% in classifying images to
two classes of absent and present.

2. Present Proposed Approach
The aim of our recent approach is to decide the presence or
absence of pigmented network in a lesion image. The
specific location of the PN structure within the image is to be
found and visualized. Then, the image is classified according
to the ratio of the PN presence. This work explores a novel
modified Laplacian of Gaussian (LoG) approach which
includes the following steps:
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1. Automatic segmentation of the lesion is performed to
focus the computation cost only on those necessary
pixels belong to the lesion.
2. Lesion image enhancement is performed to highlight
the texture features.
3. The luminance channel (Y-channel) is then extracted
from the enhanced image.
4. Sharp change of intensity is detected using the
Laplacian of Gaussian (LOG) filter. The result of this
edge detection step is a binary image which is
subsequently converted into a graph to find meshes or
cyclic structures of the lesion. After finding loops or
cyclic subgraphs of the graph, noise or undesired
cycles are removed.
5. Another graph of the pigment network is created
using the extracted cyclic structures.
6. Pigmented network holes are detected in this step
based on their features.
7. According to the density of the PN graph, the given
image is classified into absent or present.
In the following sections, each step of the present procedure
is detailed.

3. Automatic Lesion Segmentation
Prior information about the common dermoscopic images
during acquisition is very useful to simplify the automatic
segmentation algorithm. We summarize them here:

(a)

(b)

(c)

(d)

(e)

(f)

Figure 2: Five segmentation methods applied to the original
dermoscopic image (a): Otsu (b); modified region growing
(c); Zack's triangle (d); Quad-tree decomposition (e); and
gradient field snake (f) methods.
1. There is only one region in the image to be segmented.
2. The region (or a part of it) is located around the center
of the image.
3. The background is located at the image corners and
edges.
4. The normal skin color, the background, is well-defined.
5. The illumination conditions during image acquisition
are homogeneous with white light.
6. The lesion is always darker than the surrounding areas.
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Considering the above information, we developed, applied,
tested and compared five automatic segmentation algorithms,
Figure 2: Otsu [13]; modified region growing [14]; Zack's
triangle [15]; Quad-tree decomposition [16]; and gradient
field snake [17] methods. Based on the results, these
algorithms are manually compared to choose the closest one
to the sixths manual segmentation.
For the color image we use the lossless compressed JPG
image format. While for the black and white segmentation
mask we prefer the BMP format. The reason is that BMP
format presents only a true color of black and white without
any deformation for the mask borders. Hence, an increase of
the overall quality of our algorithm is obtained.

4. Lesion
Sharpening
Extraction

and

Y-Channel

The segmented lesion is further sharpened to highlight the
texture features, Figure 3. A 3x3 contrast enhancement filter
created from the negative of the Laplacian filter is applied.
The filter parameter α in the range of 0.0 to 1.0 controls the
shape of the Laplacian. The default value for alpha is 0.2.

periphery”. These structures show prominent lines,
homogeneous or inhomogeneous meshes.
From an image processing point of view, these structures
can be detected firstly by searching for the occurrence of the
texture and consequently by evaluating its possible
chromatic and spatial evolution. To extract these key features
we search for round structures which represent the presence
of the pigment network. To find the meshes' structures in the
luminance image, it is necessary to detect sharp changes of
the intensity.
Because of the inherent properties of Laplacian of
Gaussian (LoG) filter, it can detect the “light-dark-light”
changes of the intensity well.

The detection criterion is the presence of a zero crossing in
the second derivative with the corresponding large peak in
the first derivative.

Setting the threshold to zero, we obtain an edge image
with closed contours of zero-crossings in the input image.
The next step is to detect the meshes or round structures in
the edge image.

(a)

(b)

Figure 3: (a) the original segmented lesion before
sharpening. (b) the segmented lesion after applying the 3x3
contrast enhancement filter.
In a further step, the algorithm classifies only light and
dark areas regardless of the color. Hence, only the luminance
channel (Y) is considered and extracted from the color
segmented image using the following equation:
Y = 0.299 R + 0.587 G + 0.114 B
Where Y is the luminance and R, G and B are the red,
green, and blue color components, respectively.
Color space conversion is not necessary in this step. So, to
optimize the computational cost, we only use the luminance
regardless the contents of other channels.

5. Feature Extraction
This step of the algorithm finds the holes in the lesion. It
finds the holes belong to pigmented network and other
structures as well. The presence of atypical PN is indicated
by “black, brown, or gray network with irregular meshes and
thick lines” and a typical PN is defined as a ”light- to darkbrown network with small, uniformly spaced network holes
and thin network lines distributed more or less regularly
throughout the lesion and usually thinning out at the
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(a)

(b)

Figure 4: (a) the original segmented lesion before Laplacian
of Gaussian (LoG) filtering. (b) the detected holes based on
connected components technique.
In previous work [8, 9], these structures are usually found
by morphologic techniques and a sequence of closing and
opening functions were applied to the black and white image.
These methods are error-prone in detecting the round shape
structures. So, the LoG filter detects the 8-connected
neighbors,
Figure 4. Each pixel in the connected component is a
node. Each node has a unique label according to its
coordinates.
The network structure from the detected compound
structure, holes belong to the meshes of PN, is then
separated. The other detected structures (globules and dots)
are removed according to the prior knowledge about the PN.
For every detected hole, the present algorithm performs
this task as follows:
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AMDT  10

A



Where A is the average area of the holes, we approximate
it as a full circle. A hole is considered belonging to a local
PN area if it is connected with a distance of at most 10 times
more of its radius to the neighboring holes.
(a)

(b)

(c)

(d)

Figure 5 : (a) The generated mask to extract the border
around each hole in the lesion (partially magnified). It is used
to calculate the border average luminance value (B) around
the hole. (b) the generated mask to extract the inner area of
each hole. It is used to calculate the inner area average
luminance value (N). (c) Original dermoscopic image with
pigmented network classified with the green mask (Gmask).
The red mask (Rmask) shows those holes belong to other
structures of the lesion. (d) Original dermoscopic image with
graph whose nodes are centers of the meshes belonging to the
pigment network (centers of holes in the Gmask).

1. Thicken the 1-pixel wide border with 2 pixels. This
provides higher pixel count to calculate the luminance
of the surrounding area around the hole, Figure 5(a).
2. Calculate the average of the thickened border intensity
(B) values.
3. Separate each hole as a mask to extract the luminance
of its inner area, Figure 5(b).
4. Calculate the average intensity of the inner area (N).
5. If N is greater than B; the decision is taken that this
single hole belongs to the pigmented network.
After classifying all of the detected holes, the algorithm
generates two masks. The first mask we call green-mask
(Gmask) that contains all the candidate holes belong to PN.
The second mask we call red-mask (Rmask) that contains the
rest of the holes belong to other structures. Figure 5(c)
illustrates the two masks.
In order to visualize the graph of a PN, a new graph is
created whose nodes are centers of the meshes belonging to
it, Figure 5(d).

6. Localizing the Pigmented Network
Considering spatial arrangement of holes of the PN, their
Euclidean distance is set to a threshold. Nodes within a an
adaptive maximum distance threshold (AMDT) are
connected together, instead of a constant maximum. We
relate the AMDT to the average size of the holes in the
pigmented network mesh (Gmask) as follows:
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Figure 6: Original dermoscopic image with the complete
graph whose nodes are centers of the detected meshes
belonging to the pigment network. The edges represent the
connections between the nodes within an adaptive maximum
distance threshold AMDT.
Figure 6 illustrates both the nodes and the connections of
the PN area. Each center of the meshes is considered vertex,
or node. While each green line is considered an edge.
The total number of vertices (V) and the total number of
connecting edges (E) both with the segmented lesion area
size (S) indicate the presence or absence of the pigmented
network in the lesion. Define the density (D) to be:

D

E
V log S

Images containing a D ratio higher than a threshold (set to
1.2 in our study) are classified as present and the rest as
absent. The dermoscopic image in Figure 6 is considered as
present.

7. Discussion and Conclusion
We applied our method to a set of a 100 dermoscopic images
adapted from Atlas of Dermoscopy of Pigmented Skin
Tumors [18]. All of the dermoscopic images of this training
set were labeled by the experts of the atlas to have malignant
melanoma with pigmented network present. We tuned the
parameters and thresholds of our proposed method according
to this set.
Figure 7, shows a sample image matrix of our
experimental results. It consists of three rows (a, b and c) and
four columns (1 to 4). The first and third rows show a
present pigmented network in the dermoscopic image. The
second row represents the absent case. All of the three are
classified correctly. Each column is arranged as follows:
1. The original dermoscopic image of the lesion under
diagnosis
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4.
(a1) Original

(a2) LoG Filter

(a3) PN Candidates (a4) PN Present

5.

(b1) Original

(b2) LoG Filter

(b3) PN Candidates (b4) PN Absent

enclosing ellipse around a mesh. The closer this ratio
to "one", the more probable the mesh would belong to
our targeted structure.
To identify PN holes, we propose to use a border
segmentation similar to that used in our B-Scoring
algorithm (published as internal report). This would
be computationally very expensive but still more
accurate.
The Rmask, classified meshes not belonging to PN,
can be further investigated to as being globules.

The present model is a part of a complete system based on
the ABCD rule that targets for a reliable intelligent
dermatoscope for melanoma diagnosis.

Acknowledgment: This work was supported in part by
the Hungarian Scholarship Board.
(c1) Original

(c2) LoG Filter

(c3) PN Candidates (c4) PN Present

Figure 7: Sample experimental results from applying the
present algorithm. The three rows and four columns in this
figure are arranged as follows: Rows a, b, and c illustrates 3
different malignant cases. Column 1: the original
dermoscopic image; Column 2, the binary edge-detected
image after applying the LoG filter; Column 3: the candidate
holes belong to pigmented network (PN), shown as a green
mask; Column 4: the visualization of the pigment network
with the connections. Rows a and c illustrate present
pigmented network (PN). Row b illustrates absent PN.

2. The binary edge-detected image after applying the LoG
filter.
3. The candidate holes belong to PN, shown as a green
mask. The rest of the holes (not belonging to PN) are
shown in red.
4. The visualization of the pigment network with the
connections based on the AMDT threshold.
The accuracy of our pigment network detector is 70.8%
for 100 images in the training set for the 2-class
classification (present or absent).
We consider such accuracy as low compared to a relative
work [12]. However, our definition of the maximum distance
threshold (MDT) is more adaptive to take the biological
structure of the lesion into account. Furthermore, extensive
fine-tuning of the system parameters leads to high accuracy
for a specific set of dermoscopic images. Therefore, the
present approach is more flexible with an acceptable
performance.
As a future work, we would like to consider five more
aspects:
1.
2.

3.
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Define a method to combine the presented five
segmentation algorithms into one optimum algorithm.
After the LoG filtering we would like to define and
apply a selection rule for the size and shape of the PN
meshes. We propose to ignore the 25% of both the
highest and lowest size of the mesh areas.
We also recommend a shape classification based on a
ratio between the major and minor axis of the
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