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Background and Objective: One of the most relevant dermoscopic patterns is the pigment network. An 

innovative method of pattern recognition is presented for its detection in dermoscopy images. 

Methods: It consists of two steps. In the first one, by means of a supervised machine learning process 

and after performing the extraction of different colour and texture features, a fuzzy classification of pixels 

into the three categories present in the pattern’s definition (“net”, “hole” and “other”) is carried out. This 

enables the three corresponding fuzzy sets to be created and, as a result, the three probability images 

that map them out are generated. In the second step, the pigment network pattern is characterised from 

a parameterisation process –derived from the system specification– and the subsequent extraction of dif- 

ferent features calculated from the combinations of image masks extracted from the probability images, 

corresponding to the alpha-cuts obtained from the fuzzy sets. 

Results: The method was tested on a database of 875 images –by far the largest used in the state of the 

art to detect pigment network– extracted from a public Atlas of Dermoscopy, obtaining AUC results of 

0.912 and 88%% accuracy, with 90.71%% sensitivity and 83.44%% specificity. 

Conclusion: The main contribution of this method is the very design of the algorithm, highly innovative, 

which could also be used to deal with other pattern recognition problems of a similar nature. Other 

contributions are: 1. The good performance in discriminating between the pattern and the disturbing 

artefacts –which means that no prior preprocessing is required in this method– and between the pattern 

and other dermoscopic patterns; 2. It puts forward a new methodological approach for work of this kind, 

introducing the system specification as a required step prior to algorithm design and development, being 

this specification the basis for a required parameterisation –in the form of configurable parameters (with 

their value ranges) and set threshold values– of the algorithm and the subsequent conducting of the 

experiments. 

© 2017 The Authors. Published by Elsevier Ireland Ltd. 

This is an open access article under the CC BY-NC-ND license. 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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. Introduction 

Dermoscopy is a widely-used technique in the early detection

f melanoma. It enables the in-depth visualisation of structures,

orms and colours that are not accessible through simple visual in-

pection, and also allows reproducibility in the diagnosis and the

se of digital image processing techniques [1] . The most relevant

ndicators are dermoscopic patterns or structures [1] , whereby a

omputer Aided Diagnosis (CAD) system should deal with their

ecognition [2–4] . It is a complex issue as, on the one hand, from

he point of view of image processing, it is a difficult problem to
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eal with and, on the other, its objectivation is difficult since, on

any occasions, assessment by human experts is rather subjective

5] . Nonetheless, given its importance, some good methods have

lready been developed for many of the patterns [6–9] . 

One of the most relevant dermoscopic patterns is the pigment

etwork [1] , also known as the reticular pattern, whose presence

s an indicator of the existence of melanin deep inside the layers of

he skin. It is an important criterion for the purpose of discerning

hether a lesion is melanocytic or not and an important indica-

or in the diagnosis of melanoma [1] . The name derives from the

orm of this structure, which resembles a net, darker in colour than

he “holes” it forms, corresponding to the lesion’s background [1] .

here are two types of pigment network: typical (relatively uni-

orm, regularly meshed, homogeneous in colour and usually thin-

ing out at the periphery [10] ) and atypical (non-uniform, with
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s  

i  

c  

d  
darker and/or broadened lines and “holes” that are heterogeneous

in diameter and shape, these being the lines are often hyperpig-

mented and may end abruptly at the periphery [10] ), the latter

often being an indicator of malignancy [1] . Examples of pigment

network can be seen in Figs. 3 , 4 , 7 and 8 . 

Recognition of pigment network pattern is a complex issue. On

the one hand, what sometimes occurs is that there is little con-

trast between the network and the background. On the other, er-

rors are common insofar as the pigment network may be confused

with other dermoscopic structures such as globules or streaks, or

with artefacts such as hair, ruler markings or even bubbles. Thus,

and although several good methods have been described in recent

years, this remains a challenging problem. 

This work presents an innovative method for recognition of pig-

ment network pattern in dermoscopy images. This method can also

be used to help deal with other problems involving pattern recog-

nition of a similar nature. 

1.1. State of the art 

A thorough revision of the state of the art has been conducted

by the authors, which is shown in detail in [11] , to which 3 recent

works are added here. Numerous are the imaging techniques that

have been used, as will be seen. After analyzing the most relevant

works of reticular pattern recognition we can consider that the al-

gorithms consist, roughly, of two steps. 

Firstly, a mask candidate to be the reticular structure is ob-

tained. For this, usually a transformation of the image is made

to the grayscale followed by different techniques: line detection

[12–16] , thresholding [12,17–19] , spectral features –mostly high-

pass filters– [15,18–25] , gray level co-occurence matrix (GLCM)

[21,24,26,27] , local binary pattern (LBP) [16,28] , snakes [13] , Laws’

energy masks [27,29] , neighborhood gray level dependence matrix

(NGLDM) [29] , Markov random fields (MRF) [7,30] , discrete wavelet

frame(DWF) [28] , steerable pyramids transformation (SPT) [8] and

curvelet transformation [31] . Sometimes combined with color fea-

tures [8,16,19,20,22,24,28] . In most of works, from the generated

mask a post-processing process is performed using morphological

techniques. 

Secondly, as the main objective of most of the studies is

also determining whether or not it has a reticular pattern, then

most of them include morphological/structural/geometric char-

acterisations of the pigment network [14,15,17,19–27,29,31] and,

in some cases, mapping of the network structure to a graph-

based estructure [20,21,25] . Sometimes chromatic features are used

[8,16,19,20,22,24,28,30] . Finally, this is fed into a supervised ma-

chine learning process by performing either an empirical selection

of threshold values or using a statistical function or a classifier. 

Below are described the studies deemed most relevant by the

authors in pigment network recognition, with a high number of

images available for testing and the highest rates of reliability: 1.

Sadeghi et al. [20] , in which, following use of the Laplacian of

Gaussian (LoG) filter and a subsequent processing, a graph struc-

ture is obtained from which a feature known as “density ratio”

is calculated, which indicates the presence/absence of the pattern;

2. Barata et al. [23] , in which, following use of a bank of direc-

tional filters and subsequent processing, five different morphologi-

cal features are calculated, characterising the pigment network for

its recognition; 3. Garcia-Arroyo et al. [24] , in which a supervised

machine learning process on a pixel level is carried out in order to

obtain a mask with the candidate pixels to be part of the pigment

network, which is subsequently processed using structural analy-

sis, and finally making the pigment network recognition. In 4 are

shown the results obtained in each of these three works and are

also compared to the proposed method. 
.1.1. Contribution 

Despite the importance of previous works, pigment network

ecognition remains a challenging problem and the proposed work

ttempts to address some of the shortcomings identified by the au-

hors in the state of the art. The main contribution made by our

ork is the innovative design of the pattern recognition method,

ased on fuzzy classification of image pixels, which could also be

sed to deal with other pattern recognition problems of a similar

ature. Moreover, it provides other improvements over other pre-

ious works, as will be commented in Section 4.1 . 

. Materials and methods 

.1. Image database 

The image database contains 875 images randomly extracted

rom the Interactive Atlas of Dermoscopy [32] , used in the vast

ajority of important studies on dermoscopic pattern recognition.

he image size is 768 × 512 pixels, with 10x increase and 72 ppi

esolution, and is high-quality compressed in JPG format. All the

mages are labelled in relation to the pigment network pattern as

elonging to “absent” or “present” categories, taken according to

he diagnosis presented in the Atlas, carried out by expert derma-

ologists. 

.2. Specification of the system 

In most works relating to pattern recognition from dermoscopy

mages, the description in medical language is provided as a spec-

fication of the system, and this is written in a language that is

ot deemed to be too formal. Hence, it is quite common in es-

ablishing what the method actually attempts to do to analyse the

ystem Design section and, on many occasions, even the Results

ection too. To improve on this, the proposed work puts forward a

ew methodological approach for methods of this kind, introduc-

ng the system specification as a required step prior to algorithm

esign and development, being this specification the basis for a re-

uired parameterisation process which supports the design and de-

elopment of the algorithm and the realisation of the experiments.

his specification is carried out using the pattern’ s definition itself,

he exhaustive study of the dermoscopy images obtained from the

atabase, the information provided by expert dermatologists and

he labelling carried out by the latter. This new approach consti-

utes an attempt to formalise the design of dermoscopic pattern

ecognition methods in a more optimal way. 

This specification can be carried out in different ways. In this

ork was made in the form of a set of requirements in structured

atural language: 1. For an image to have a pigment network pat-

ern, it must contain a structure of this type in some part of the

esion. This structure is a net shape, which is light brown, dark

rown, grey or black in colour, the “holes” being a lighter colour

han the “net”. In some cases, there may be little contrast or the

et is faint; 2. The texture is highly characteristic, both in “net”

nd “hole” type pixels; 3. This net shape comprises one or more

tructures in the shape of a net (subnets), with one or more cells

ogether in each one, making a total of cells greater or equal than

wo; 4. Even though the mesh width of the net differs within the

ame lesion (particularly in atypical cases), the width is normally

imilar on a local scale. Likewise, even though the cells may be dif-

erent sizes within the same lesion (particularly in atypical cases),

hey are normally consistent in size with others on a local scale;

. On a global level for the set of images used, there is a range for

uch sizes corresponding to the characteristics of the images be-

ng studied (in the event of these changing, the ranges would also

hange); 6. There are some images in which it is very difficult to

iscern the pattern, even for a human expert. In addition, due to



J.L. Garcia-Arroyo, B. Garcia-Zapirain / Computer Methods and Programs in Biomedicine 153 (2018) 61–69 63 

Fig. 1. High level view of the System Design. 
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he subjectivity of assessment by experts, there are some “border-

ine images” where, despite the system operating properly, there

ay be an incorrect diagnosis in relation to prior labelling. 

These requirements, as well as making up the system speci-

cation, also form the basis for conducting the parameterisation

rocess –in the form of configurable parameters (with their value

anges) and set threshold values–, which will be explained in

ections 2.6.1 and 2.6.2 . 

.3. Motivation behind the fuzzy classification of pixels 

The algorithm is designed from the specification, and this de-

ign, broadly speaking, consists of a pixel classification in the three

ategories present in the pattern’s definition (“net”, “hole” and

other”), followed by processing of the regions corresponding to

he aforementioned categories based on the pattern’ s description,

n order to perform its recognition. 

If the different cases of images are examined (e.g. in Figs. 3,

, 7 and 8 ), it can be ascertained that the pixel features of colour

nd texture vary hugely in the different images and in the different

igment network structures, meaning that a pixel with certain fea-

ures corresponds to a category in one place and that another pixel

ith the same features corresponds to another category in another

lace. Thus, a hard classification of pixels does not adapt well to

he problem, so the most suitable approach is to carry out a soft

r fuzzy classification, undertaken here. Consequently, the three re-

ions obtained will be of fuzzy type, and this is implemented here

enerating three probability images that will later be processed. 

.4. High level view of the system design 

Here is shown the High level view of the system design, a de-

ailed explanation of which is provided in Sections 2.5 and 2.6 .

s shown in Fig. 1 , firstly, Segmentation of lesion is performed,

ith the original and segmented images therefore being the sys-

em’ s inputs, comprising two modules: 1. Fuzzy detection of pix-

ls of type “net”, “hole” and “other” and generating probabil-

ty images , where three probability images I net , I holes and I other are

enerated from the original image I , corresponding the value of

very pixel ( x, y ) in each image to the probability of its belong-

ng to “net”, “hole” and “other” respectively in I . 2. Processing

nd characterisation of probability images and diagnosis , where

ollowing processing of the probability images and their subse-

uent characterisation the diagnosis is conducted, differentiating

etween “absent” and “present”, which is the system output. 

.4.1. Image preprocessing not performed 

Prior preprocessing of the image in most dermoscopic pattern

ecognition methods is carried out in order to detect and eliminate

ny disturbing artefacts, such as hair, flashes, ruler markings or air
ubbles. This is on occasions a source of errors as groups of pixels

hat form part of the pattern may be incorrectly recognised as part

f the artefacts. To avoid this, no prior preprocessing is undertaken

n this method and, therefore, the possible presence of disturbing

rtefacts is taken into account in the pattern recognition algorithm

tself. 

.4.2. Segmentation of lesion 

As can be seen in Fig. 1 , the image is initially segmented.

he authors of this work have developed a segmentation algo-

ithm that provides very good results [33] . Nonetheless, the lesions

ere manually segmented –by the first author with the guidelines

nd validation of the collaborating dermatologists– in order to iso-

ate development and testing of the proposed pattern recognition

ethod with regard to how this algorithm works –and also tak-

ng into account that this algorithm has been created in order to

e integrated into a CAD for the automated detection of melanoma

hat includes the task of segmentation–. In any event, it should be

ointed out that the pattern recognition method itself may obtain

he structure detected without the need for such prior knowledge,

hich is only deemed necessary to prevent the effect that may

ive rise to the possible presence, normally very fine and faint, of

igmented net structures on the skin outside the lesion –which

ill only give problems to the recognition method in very rare

ases, in lesions that are also labeled as “absent”–. 

.5. Module 1: fuzzy detection of pixels of type “net”, “hole” and 

other” and generating probability images 

.5.1. Outline of Module 1 

In this module, the dermoscopy image pixels are fuzzy classi-

ed into “net”, “hole” and “other” categories by means of a super-

ised machine learning process, which enables the corresponding

hree probability images to be generated. As can be seen in Fig. 2 ,

his module comprises 4 phases. Firstly, pixel samples are taken

nd labelled into the three different categories. Secondly, a set of

eatures that are suitable for discrimination is extracted. Thirdly,

his enables a fuzzy classifier to be used in order to generate a

uzzy classification model, assigning to every pixel ( x, y ) a proba-

ility value belonging to each category. This in turn enables three

uzzy sets μnet , μholes and μother to be created on the set of pix-

ls. Lastly, the three probability images I net , I holes and I other are con-

tructed from these fuzzy sets. 

.5.2. Setting the training data (Module 1.1) 

Samples of pixels from 50 images of different types (“absent”

nd “present”) were selected, which were labelled in “net”, “‘hole”

nd “other” categories corresponding to the pixels that are in the

et, those in the holes and others. Attempts were made to ensure
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Fig. 2. Phases of the fuzzy detection of “net”, “hole” and “other” pixel types and generating probability images module. 

Fig. 3. Example of processing in the fuzzy detection of pixels of type “net”, “hole” and “other” and generating probability images. The first image is the original I . The 

following three are the grey probability images I net , I holes and I other . The fifth is the colour image I net _ holes _ other . 

Fig. 4. Example of the motivation behind the combinations of image masks obtained from probability images corresponding to the α − cuts obtained from the fuzzy sets 

in an image with pigment network: 1: Original image; 2: I net _ holes _ other ; 3: BW 

0 . 3 
net ; 4: BW 

0 . 3 
holes 

; The others are images of pigment network detection, corresponding to different 

values of ( αnet , αholes , prop ). 5 and 6: I (0 . 3 , 0 . 3) 
PN 

[0 . 7] and I (0 . 3 , 0 . 3) 
PN 

[0 . 8] respectively, note that prop = 0 . 7 in the first and prop = 0 . 8 in the second; 7, 8, 9 and 10: I (0 . 1 , 0 . 1) 
PN 

[0 . 9] , 

I (0 . 2 , 0 . 5) 
PN 

[0 . 8] , I (0 . 4 , 0 . 3) 
PN 

[0 . 7] and I (0 . 5 , 0 . 3) 
PN 

[0 . 6] . 
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that the number of sampled pixels was reasonably balanced in re-

lation to sample size in the three categories and also, as far as

possible, in relation to the different case studies existing in each

category, with regard to the types and sizes of nets and holes in

the case of “net” and “hole”, and by selecting examples of pix-

els belonging to the skin, other dermoscopic structures and arte-

facts (noise) such as hair, rulers, flashes and air bubbles in the

case of “other”. In any event, as shall be seen, the method has a

self-correcting mechanism in its actual design in order to address

different ways of carrying out this sampling process. 

2.5.3. Extraction of colour and texture features (Module 1.2) 

A set of color and texture features is extracted in order to char-

acterize the pixels, with a view to discriminating between cate-

gories as far as possible [34,35] . 159 features are extracted in total,

of the following two types: 

Colour features. 16 color features are extracted corresponding to

the gray value and to the values of the different channels RGB,

rgb (normalized RGB), HSV, CIEXYZ, CIELab and CIELuv color spaces

[34] . 

Texture features. 143 texture features are extracted

from the image converted to gray using the formula

I G (x, y ) = 

1 
3 I red (x, y ) + 

1 
3 I green (x, y ) + 

1 
3 I blue (x, y ) . Values are ex-

tracted both from the gray image and from the blurred images

resulting from application of a Gaussian filter bank, using the

formula [34] : G σ (x, y ) = 

1 
2 πσ 2 e 

− x 2 + y 2 
2 σ2 , with σ values of the form

σ = 2 m , with m = 0 , 1 , 2 , . . . , m max and m max = 4 . 

– Pixel values: 5 features are extracted corresponding to the value

of each pixel: 1 for each σ (the one corresponding to the gray

image is considered to be a color feature). 

– Sobel filter: 6 features are extracted, corresponding to the gradi-

ent at each pixel [34] : 1 ++ 1 for each σ . 
– Difference of Gaussian (“DoG”): 10 features are extracted

for the different pairs of values ( σ i , σ j ), such as i > j

and σm 

= 2 m , with m = 0 , 1 , . . . , m max , and the different

[35] DoG σi σ j 
(x, y ) = G σi 

(x, y ) − G σ j 
(x, y ) are applied: corre-

sponding to the different combinations of ( σ i , σ j ). 

– Laplacian filter: 5 features are extracted, calculating the Lapla-

cian [35] at each pixel: 1 for each σ . 

– Hessian matrix: 48 features are extracted, firstly obtaining the

Hessian matrix at each pixel and then calculating 8 different

features from it [35] : 8 ++ 8 for each σ . 

– Texture statistics: 25 features are extracted, with different statis-

tics within a radius of σ from each pixel (mean, variance, me-

dian, minimum and maximum) being calculated [35] : 5 for

each σ . 

– Gabor filters: 44 features are extracted, with different Gabor fil-

ters [35] being calculated at each pixel in the gray image cor-

responding to different values of the parameters λ, θ , ψ , σ and

γ . 

.5.4. Obtaining the fuzzy model for classification of pixels and 

reating fuzzy sets (Module 1.3) 

A fuzzy classifier is used to generate a fuzzy classification

odel from the values of labelled pixels in the different categories

btained from the extraction of colour and texture features. This

odel enables the probabilities of belonging to the “net”, “hole”

nd “other” categories to be ascertained for each pixel of the im-

ge I . The classifier used and the results obtained are explained in

ection 3.1 . 

If we consider the image I to be of w × h in size and we de-

ne the set of pixels X = [0 , w − 1] × [0 , h − 1] , we can then define

hree fuzzy sets of X as follows. μnet : X −→ [0 , 1] , μholes : X −→ [0 , 1]

nd μother : X −→ [0 , 1] , such that for each pixel ( x, y ) ∈ X the values

net ( x, y ), μholes ( x, y ) and μother ( x, y ) are the probabilities given by

he fuzzy classification. These fuzzy sets meet two criteria: firstly,

hey are not null, i.e. that 	( x, y ) ∈ X μnet ( x, y ) > 0 , 	( x, y ) ∈ X μholes ( x,
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 ) > 0 and 	( x, y ) ∈ X μother ( x, y ) > 0 are met and, secondly, that ∀ ( x,

 ) ∈ X , μnet (x, y ) + μholes (x, y ) + μother (x, y ) = 1 is met. Thus, we

an consider the family of fuzzy sets { μnet , μholes , μother } to be a

uzzy partition of X . 

.5.5. Generating probability images (Module 1.4) 

From the fuzzy sets μnet , μholes and μother three grey proba-

ility images are generated I net , I holes and I other of w × h in size

nd a greyscale in [0, 255]. These are defined as follows: ∀ ( x,

 ) ∈ X , I net (x, y ) = 255 .μnet (x, y ) , I holes (x, y ) = 255 .μholes (x, y )

nd I other (x, y ) = 255 .μother (x, y ) . Evidently, ∀ ( x, y ) ∈ X ,

 net (x, y ) + I holes (x, y ) + I other (x, y ) = 255 . 

These probability images show the pixel probabilities in graphic

orm. Moreover, taking advantage of the fact that there are three

mages, a colour image I net _ holes _ other can be built by assigning the

 net to the red channel, I holes to the green channel and I other to the

lue channel. This new image is equivalent to the three probability

mages and enables the result of the fuzzy classification of pixels to

e seen much more clearly in graphic form, all of which is shown

n Fig. 3 . 

.6. Module 2: processing and characterisation of probability images 

nd diagnosis 

.6.1. Motivation behind the combinations of image masks obtained 

rom probability images corresponding to the α − cuts obtained from 

he fuzzy sets. Parameters αnet , αholes and prop 

The initial idea of the algorithm was, broadly speaking, to ob-

ain the masks BW net , BW holes and BW other corresponding to the

ixels which are hard-classified into the “net”, “hole” and “other”

ategories and then look for the pigment network holes in the

oles of BW net that coincide “approximately” with their intersec-

ion with BW holes . This meant that, firstly, the mask BW holesofnet 

s obtained from BW net , corresponding to the union of the

oles of BW net (i.e. the union of the 8-connected components

 holesofnet ⊂ �( BW net ) that do not touch the edge of the image) and,

econdly, the “approximately” corresponds to a threshold value of

roportion thr _ prop set beforehand, which determines that those

 holesofnet such as 
| C holesof net ∩ BW holes | 

| C holesof net | > thr_prop are selected as holes 

orresponding to the pigment network. It is an innovative idea, but

ith the problem that, as has been explained in Section 2.3 , the

ard classification does not adapt well to recognition of this pat-

ern, which is fuzzy in nature, the same as setting a single value

hr _ prop for the hole selection. 

Therefore, a variation on the initial idea was made using a fuzzy

pproach. On the one hand, thr _ prop can be parameterised so as to

ake different values prop . On the other, from the probability im-

ges I net and I holes corresponding to the fuzzy sets μnet and μholes ,

btained in module 1, image masks can be extracted, correspond-

ng to α − cuts obtained from the fuzzy sets for different probabil-

ty values αnet and αholes , and subsequently combined, as follows. 

Defining a α − cut [ μ] α ⊂ X , given a fuzzy set μ of a set X and

 value 0 ≤α ≤ 1, as [ μ] α = { (x, y ) ∈ X : μ(x, y ) ≤ α} , we have the

asks: BW 

αnet 
net = { (x, y ) ∈ X : I net (x, y ) ≤ 255 .αnet } , extracted from 

 net and corresponding to [ μnet ] αnet , and BW 

αholes 

holes 
= { (x, y ) ∈ X :

 holes ( x, y ) ≤ 255. αholes }, extracted from I holes and corresponding to

 μholes ] αholes 
. These masks can be combined in such a way that the

nitial idea can be applied for each combination of ( αnet , αholes ,

rop ), obtaining a set of selected holes as a result. The result of

ach combination can be seen graphically by building a colour im-

ge of pigment network detection I 
(αnet ,αholes ) 

PN 
[ prop] with BW 

αnet 
net in

ed and the 8-connected components C 
αnet 

holesof net 
⊂ BW 

αnet 

holesof net 
(holes

f BW 

αnet 
net ) in blue or green, according to whether 

| C αnet 
holesof net 

∩ BW 

αholes 
holes 

| 
| C αnet 

holesof net 
| 
s ≤ prop (unselected holes) or > prop (selected). Fig. 4 shows a

raphic example of this. 

In order to include the relevant case studies of the pa-

ameters αnet , αholes and prop (renamed here as αi 
net , α j 

holes 

nd prop k respectively), the following possible values are cho-

en: 1. ( 0 . 1 ≤ αi 
net ≤ 0 . 9 ) with i = 0 , 1 , . . . , 8 and satisfying 

i +1 
net − αi 

net = 0 . 1 ∀ i ; 2. ( 0 . 1 ≤ α j 

holes 
≤ 0 . 9 ) with j = 0 , 1 , . . . , 8

nd satisfying α j+1 

holes 
− α j 

holes 
= 0 . 1 ∀ j ; 3. (0.5 ≤ prop k ≤ 0.9) with

 = 0 , 1 , . . . , 4 and satisfying prop k +1 − prop k = 0 . 1 ∀ k . 

It can be observed intuitively that for each part of a pigment

etwork (net and holes) of an image, there are different values

f ( αnet , αholes , prop ) such that this part may be detected, in the

ense that there are selected holes –the holes in green present in

 

(αnet ,αholes ) 

PN 
[ prop] , as shown in Fig. 4 (5–10)– connected to a se-

ected net mesh. It can also be seen that in the images that have no

igment network, selected holes tend not to be obtained as soon as

he values of probability rise slightly. It is important to point out

hat this algorithm entails a self-correcting effect against the re-

ult of the supervised machine learning process performed in the

rst module since, even though the pixel probability distribution

f being in the net, holes or other varies, the method continues to

ork properly, which makes this method very robust in terms of

he pixel sampling process. 

As shall be seen, discrimination between “absent” and “present”

ade in the module 2 is based on the basic idea for the detection

f pigment network presented here, adding the parameterisation

btained from the system specification, shown in Section 2.6.2 . 

.6.2. Motivation behind parameterisation obtained from the system 

pecification. Parameters numMinHoles, distMaxHoles and 

angMaxSizeHole . Threshold values thr _ minHoleSize , 

hr _ maxHoleSize and thr _ numMinT otal Hol es 

The parameterisation process is carried out based on the system

pecification shown in Section 2.2 . The parameters αnet , αholes and

rop , described in Section 2.6.1 arise from requirements 1 and 2

egarding the definition and characterisation of net and holes. The

hreshold value thr _ numMinT otal Hol es = 2 is set from requirement

. The subnet concept arises from requirement 3 and the character-

sation of a subnet from three parameters is obtained from require-

ents 3 and 4: numMinHoles corresponding to the minimum num-

er of holes that each subnet must have, distMaxHoles correspond-

ng to the maximum distance there must be between the subnet

ole centroids and rangMaxSizeHole corresponding to the unifor-

ity of subnet hole sizes. This is understood as meaning that if

eanSizeHoles is the mean subnet hole size, then the sizes of all

he holes must be between (1 − rangMaxSizeHole ) .meanSizeHoles

nd (1 + rangMaxSizeHole ) .me anSizeHoles , which in turn means 

hat the ratio of sizes size 1 and size 2 between any two sub-

et holes must satisfy size 1 
size 2 

≤ (1+ rangMaxSizeHole ) 
(1 −rangMaxSizeHole ) 

. The following val-

es are considered for these parameters in this work: for num-

inHoles : 1, 2 and 3, for distMaxHoles : 10, 15, 20 and 25 and

or rangMaxSizeHole : 0.5, 0.65 and 0.8. The threshold values

hr _ minHoleSize = 10 and thr _ maxHoleSize = 200 are experimen- 

ally set from requirement 5 in order to establish a wide range,

eaning only the holes whose size is within this range are taken

nto consideration. Requirement 6 is taken into account in the de-

ign of the whole system. 

.6.3. Outline of Module 2 

In this module, a supervised machine learning process is per-

ormed in order to carry out the diagnosis using the labelling

rom the database conducted by experts in relation to the pig-

ent network pattern between “absent” and “present”, described

n Section 2.1 . As can be seen in Fig. 5 , this module comprises 3

hases. Firstly, different hard classification models corresponding
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Fig. 5. Phases of processing and characterisation of probability images and diagnosis. 

Fig. 6. Tasks performed in order to generate each classification model in the phase of generating hard classification models. 

Fig. 7. Several examples of processing on two images in tasks 1–4. First image: an image with pigment network: 1: Original image; 2: I net _ holes _ other af- 

ter module 1; 3, 4, 5, 6, 7 and 8: BW 

0 . 3 
net , BW 

0 . 4 
net , BW 

0 . 5 
net , BW 

0 . 3 
holes 

, BW 

0 . 4 
holes 

and BW 

0 . 5 
holes 

obtained in task 1 of phase 1; Before starting the task 3 is set: 

(prop, numMinHoles, distMaxHoles, rangMaxSizeHole ) = (0 . 5 , 2 , 20 , 0 . 8) . 9, 10 and 11: modification of the BW 

αnet 

holesof net 
corresponding to the previous BW 

αnet 

net , for parameters 

(numM inHoles, distM axHoles, rangM axSizeHole ) = (2 , 20 , 0 . 8) , after task 3, showing the results in the images of sets of subnets: I 0 . 3 
setof subnets 

, I 0 . 4 
setof subnets 

and I 0 . 5 
setof subnets 

; 12, 

13, 14, 15, 16, 17 and 18: images of pigment network detection generated in the task 4, corresponding to the previous BW 

αnet 

holesof net 
and BW 

αholes 

holes 
and to prop = 0 . 5 , i.e. 

(prop, numMinHoles, distMaxHoles, rangMaxSizeHole ) = (0 . 5 , 2 , 20 , 0 . 8 ) set before starting the task 3, as commented: I (0 . 3 , 0 . 3) 
PN 

, I (0 . 4 , 0 . 3) 
PN 

, I (0 . 5 , 0 . 3) 
PN 

, I (0 . 3 , 0 . 4) 
PN 

, I (0 . 4 , 0 . 4) 
PN 

, I (0 . 5 , 0 . 4) 
PN 

and 

I (0 . 4 , 0 . 5) 
PN 

. Second image: an image with faint pigment network: 19–36: The same values as for the above. 
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to different combinations of values of ( prop, numMinHoles, distMax-

Holes, rangMaxSizeHole ) are generated, as will be shown. Secondly,

the best classification model is then selected. Thirdly, this enables

the diagnosis to be made, so that the images may be discriminated

between “absent” and “present”. 

2.6.4. Generating hard classification models in order to discriminate 

between “absent” and “present” (Module 2.1) 

In this phase, different hard classification models to discrim-

inate between “absent” and “present” corresponding to different

combinations of values of ( prop, numMinHoles, distMaxHoles, rang-

MaxSizeHole ) are generated from the set of images. According to

the possible numerical values set for the parameters, the number

of classification models generated is: 180 = 5 ∗ 3 ∗ 4 ∗ 3 . As shown

in Fig. 6 , 6 tasks are involved in generating each one, which will

be explained below. The first 2 tasks only need to be done 1 time,

whereas the 4 following tasks are done 180 times, once for each

combination of parameters. 
enerating the masks corresponding to the α − cuts for each αnet and

or each αholes and intersection with the segmentation mask (Mod-

le 2.1.1). The different BW 

αnet 
net and BW 

αnet 

holesof net 
corresponding to

he α − cuts for each value αnet are generated from the image

 net , as described in Section 2.6.1 . Similarly, from I holes , the differ-

nt BW 

αholes 

holes 
corresponding to the α − cuts for each value αholes are

enerated. Finally, all the generated masks are intersected with the

egmentation mask. As a result of this task, and given the possible

umerical values established, 9 masks of each type are created. 

election of suitably-sized holes for each αnet (Module 2.1.2).

erformed for each of the masks BW 

αnet 

holesof net 
. Suitably-sized

oles C 
αnet 

holesof net 
are selected, i.e. those meeting the condition

hr _ minHoleSize ≤ | C αnet 

holesof net 
| thr_maxHoleSize , as commented in

ection 2.6.2 . As a result of this task, there is a modification of

he BW 

αnet 

holesof net 
. 



J.L. Garcia-Arroyo, B. Garcia-Zapirain / Computer Methods and Programs in Biomedicine 153 (2018) 61–69 67 

Fig. 8. Some examples of the diagnosis made by the proposed system, with difficult images. 1–7 are TP (True Positive): 1: hairy image; 2 and 3: oily images; 4, 5, 6 and 

7: low contrast and the net is very faint, and in addition in 7 there are few holes (this image is also commented on in Fig. 7 ). 8 is FN (False Negative): contrast too low, 

the pattern is barely discernible, example of “borderline image”. 9 is FP (False Positive): it has also a barely discernible pigment network, although in this case it has been 

labelled as “absent” by experts, another example of “borderline image”. 10–12 are TN (True Negative): all the three images have similar textures to pigment network, 10 is 

a hairy image, 11 and 12 are oily images. 
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election of the holes grouped in any subnet for each αnet (Mod-

le 2.1.3). Performed for each of the masks BW 

αnet 

holesof net 
. Selecting

oles involves the creation of a set SetO f Subnets αnet according to

he parameters ( numMinHoles, distMaxHoles, rangMaxSizeHole ) de-

cribed in Section 2.6.2 , which would contain the different subnets

ubnet αnet . 

Firstly, the different holes C 
αnet 

holesof net 
⊂ BW 

αnet 

holesof net 
are examined 

nd the centroid of each one is calculated. A set SetO f Subnets αnet 

s created, consisting of different subnets Subnet αnet , each of which

s a group of “close” holes, i.e. whose centroids are at a shorter or

he same distance as distMaxHoles . 

Secondly, to each subnet Subnet αnet of SetO f Subnets αnet is ap-

lied the criterion that there is uniformity of size on a lo-

al level. In order to do so, the mean size of the sub-

et meanSizeHoles is calculated and holes C 
αnet 

holesof net 
whose

ize is not between (1 − rangMaxSizeHole ) .meanSizeHoles and 

(1+ rangMaxSizeHole ). meanSizeHoles are eliminated. 

Thirdly, the subnets whose number of holes is < numMinHoles

re eliminated from SetO f Subnets αnet . 

As a result of this task, the SetO f Subnets αnet are created, which

eads to subsequent modification of the BW 

αnet 

holesof net 
(the holes be-

onging to no subnet are eliminated). Each set of subnets corre-

ponding to each value of αnet can be seen graphically by building

 colour image of set of subnets I 
αnet 

setof subnets 
, colouring each of the

ubnets where the holes group, as shown in Fig. 7 . 

election of the holes belonging to the pigment network for each ( αnet ,

holes ) (Module 2.1.4). After selecting the grouped holes, this task

s where the ideas put forward in the motivation Section 2.6.1 are

pplied. The combination of image masks obtained from probabil-

ty images corresponding to the α − cuts obtained from the fuzzy

ets is performed for each of the different combinations of values

 αnet , αholes ), in the following order: 

f or(αnet = 0 . 1 ;αnet ≤ 0 . 9 ;αnet = αnet + 1) { 
f or(αholes = 0 . 1 ;αholes ≤ 0 . 9 ;αholes = αholes + 1) { 

. . . }} 
Firstly, the holes C 

αnet 

holesof net 
⊂ BW 

αnet 

holesof net 
are examined and 

hose which satisfy 
| C αnet 

holesof net 
∩ BW 

αholes 
holes 

| 
| C αnet 

holesof net 
| > prop are selected. 

W 

(αnet ,αholes ) 

sel ectedhol es 
⊂ B W 

αnet 

holesof net 
is created, as the union of all the se- 

ected holes. Secondly, the selected holes C 
αnet 

holesof net 
⊂ BW 

(αnet ,αholes ) 

sel ectedhol es 

elonging to subnets Subnet αnet of SetOfSubne ts αnet are examined

o that the number of selected holes of the subnet Subnet αnet is

 numMinHoles are eliminated. Thirdly, there are selected holes if

nd only if their sum is ≥ thr _ numMin T otal Hol es . 

As a result of this task, the selected holes are ob-

ained in BW 

(αnet ,αholes ) 

sel ectedhol es 
in each iteration corresponding to each

 αnet , α ). The content can be seen graphically in the
holes 
mage of pigment network detection I 
(αnet ,αholes ) 

PN 
[ prop] defined

n Section 2.6.1 , by scaling the definition, taking into ac-

ount all the parameters involved in the parameterisation, to

 

(αnet ,αholes ) 

PN 
[ prop, numMinHoles, distMa xHoles, rangMaxSizeHole ]. As 

ll the other definitions of variables made in tasks 3–6, this

ariable is dependent of the values of ( prop, numMinHoles, dist-

axHoles, rangMaxSizeHolee ), so this notation can be relaxed to

 

(αnet ,αholes ) 

PN 
as shown in Fig. 7 . The processing performed in this

ask is directly related to the following task involving feature ex-

raction, as shall be seen. 

xtraction of features (Module 2.1.5). The features that discriminate

ell in the pattern recognition issue are extracted in this task. To

elect features, a study was carried out that takes into considera-

ion the different types of images, with and without pigment net-

ork, and how the selection of holes belonging to the pigment

etwork works in iterations corresponding to different values of

 αnet , αholes ). 

It was noted that in the images that contain pigment network,

oth in cases in which this is very clear and in those in which it is

ifficult to make out, even in those in which there are few holes, it

s ascertained that the existing holes of the structure are selected

n many iterations, even with high probability ( αnet , αholes ) values.

t was also noted that in the images that do not contain pigment

etwork nothing is selected in very clear cases and, in those in

hich it is less clear for different reasons –such as the presence

f disturbing artefacts (e.g. hair, flashes, ruler markings or air bub-

les), the presence of other dermoscopic structures (such as glob-

les, dots, streaks, etc.) or the presence of regions of pixels with

imilar textures to pigment network– it is quite usual for “sup-

osed holes” to be selected with low probability ( αnet , αholes ) val-

es but, when the probabilities increase, these “supposed holes”

re no longer obtained. 

This means that the model works well in discerning the pat-

ern, even when dealing with disturbing artefacts –which means

hat no prior preprocessing is required in this method– and in

ealing with other dermoscopic structures. 

Five features are extracted taking into consideration the above

bservations: 1. probNetMax : from iterations ( αnet , αholes ), the max-

mum αnet where there are selected holes; 2. probHolesMax : from

he iterations ( αnet , αholes ), with αnet = probNetMax , the maximum

holes where there are selected holes (evidently, this feature only

akes sense when combined with probNetMax ); 3. numProbabil-

ties : number of iterations ( αnet , αholes ) where there are selected

oles; 4. numHoles : sum of all the selected holes for each of the

ifferent iterations ( αnet , αholes ); 5. numSubnets : sum of all the

roups where there are selected holes for each of the different it-

rations ( αnet , αholes ). 

btaining the hard classification model in order to discriminate be-

ween “absent” and “present” (Module 2.1.6). For the combination
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Table 1 

Results of the most relevant works in recognition of pigment network (AUC: Area 

Under Curve, ACC: Accuracy, SE: Sensitivity, SP: Specificity). 

Methods Images Results 

Sadeghi et al. [20] 500 94.30%% ACC 

Barata et al. [23] 200 91.1%% SE, 82.1%% SP 

Garcia-Arroyo et al. [24] 220 83.64%% ACC, 86%% SE, 81.67%% SP 

Proposed Work 875 0.912 AUC, 88%% ACC, 90.71%% SE, 83.44%% SP 
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of parameters ( prop, numMinHoles, distMaxHoles, rangMaxSizeHole ),

a hard classifier is used to generate a hard classification model

in order to discriminate between “absent” and “present” from the

values of the features for the labelled images in the “absent” and

“present” categories. The classifier used and the results obtained

are explained in Section 3.2 . 

2.6.5. Selection of the best classification model (Module 2.2) 

The different classification models corresponding to the dif-

ferent combinations of parameters ( prop, numMinHoles, distMax-

Holes, rangMaxSizeHole ) are analysed and the best one is selected.

Section 3.2 explains this in detail. 

2.6.6. Diagnosis between “absent” and “present” (Module 2.3) 

Having chosen the best classification model, the decision rules

for the purpose of carrying out the diagnosis are obtained. The re-

sults obtained are shown in Section 3.2 . 

3. Results 

3.1. Fuzzy detection of pixels of type “net”, “hole” and “other”

As mentioned in Section 2.5.4 , the purpose of the fuzzy detec-

tion of pixels is to obtain fuzzy membership rules for each of the

pixels. The Weka implementation of Random Forest is used [36] ,

which is a classifier that provides such functionality (a fuzzy clas-

sifier) and, as shall be seen, obtains very good results in terms of

reliability, as well as being very fast with low computational cost.

This is essential in order to make the algorithm efficient, since each

of the 768 × 512 pixels of the different images must be computed.

From a set of 9196 samples taken, 94.1%% accuracy and AUC of 0.99

were obtained using 10-fold cross-validation. 

3.2. Hard classification models to discriminate between “absent” and 

“present” and selection of the best one. The results of the method 

Different hard classification models are generated that corre-

spond to 180 different combinations of parameters ( prop, numMin-

Holes, distMaxHoles, rangMaxSizeHole ) ∈ {0.5, 0.6, 0.7, 0.8, 0.9} × {1,

2, 3} × {10, 15, 20, 15} × {0.5, 0.65, 0.8}. Each of them is gener-

ated by using: 1. The data set used in this work (commented

in Section 2.1 ), consisting of 875 images, 326 “absent” and 549

“present” (this distribution of classes corresponds approximately

to the percentages of both classes in the atlas [32] ), from the

values extracted from the 5 features { probNetMax, probHolesMax,

numProbabilities, numHoles, numSubnets }; 2. The C4.5 decision tree

classifier [37] , a high-performance classifier with low computa-

tional cost, using the Weka implementation J48 [38] . 

In order to select the best model, the AUC (Area Under Curve)

and the accuracy measures are used as criteria for validating the

robustness and the reliability of the models, with the AUC proving

to be particularly relevant when the data set is not balanced, as in

this case [39] . 

Selection of the optimal subset of features so as to simplify

the resulting model is also subject to analysis. As just 5 features

are considered, instead of using the usual procedure (analysing

each classification model and selecting its best features), it is pos-

sible to validate the different possible subsets of features sepa-

rately by brute force. In order to do so, for each combination

of parameters, 31 = 2 5 − 1 classification models were generated,

each one corresponding to a subset of features. Therefore, a to-

tal of 5580 = 180 ∗ 31 models were evaluated, using 10-fold cross-

validation. 

The maximum values of AUC and accuracy obtained were 0.912

and 88.91%% respectively. In seeking the best robustness and relia-

bility, only the two models were selected that met the conditions

of having a high AUC ( ≥ 0.9) and great accuracy ( ≥ 88%%): 
Model 1 . AUC: 0.901, Accuracy: 88%%, (0.5, 20, 2, 0.65),

 numProbabilities, numHoles, numSubnets }. 

Model 2 . AUC: 0.912, Accuracy: 88%%, (0.5, 20, 2, 0.8),

 numProbabilities, numHoles }. 

Obviously, the one with the highest AUC was selected, which

as also the most simplified. This classification model corresponds,

s shown, to both the combination of parameters (0.5, 20, 2, 0.8)

nd the subset of features { numProbabilities, numHoles }, obtaining

.912 AUC (the maximum AUC of all models) and 88%% accuracy

very close to maximum accuracy), with 90.71%% sensitivity and

3.44%% specificity, which were selected as the method results. The

eature with the greatest importance was numProbabilities , obtain-

ng 0.876 AUC with the same combination of parameters (0.5, 20,

, 0.8). 

. Discussion and conclusions 

When analysing the diagnosis made in the 875 images, it can

e observed that the algorithm is highly reliable and robust, suc-

eeding even with difficult images. 

Most errors correspond to images of the type discussed in re-

uirement 6 of Section 2.2 , with the presence of “borderline im-

ges” being particularly relevant. This is an inevitable source of

rrors in this type of study of decision systems concerning sub-

ective patterns, as opposed, for example, to a diagnostic system

hich decides whether a lesion has melanoma or not, having been

iagnosed histopathologically, which is purely objective in nature.

ig. 8 shows some examples of the diagnosis made by this system.

Numerical comparison between the proposed method and the

ost important methods in the state of the art, described in

ection 1.1 , are shown in Table 1 . As can be seen, the proposed

ethod contains the largest number of images in the state of the

rt to detect pigment network, a total of 875, and also the best

esults, except partly for the work by Sadeghi et al. [20] , which

btains slightly greater accuracy. In order to make the most accu-

ate comparison with this work, further data would be required

egarding generation of the classification model so as to evaluate

ts robustness and, of course, the detailed design, the image data

mployed, the AUC, the sensitivity and the specificity. It should

lso be taken into account that –because of methodological rea-

ons as commented in Section 2.4.2 – this method performs from

lready segmented images, unlike the other three methods that

erform from non-segmented images, although as mentioned in

ection 2.4.2 the method is scarcely affected by this fact. Taking

nto account all these considerations –and also the innovative de-

ign of the algorithm and the other contributions– it is clear that

he proposed method is an important advance in recognition of

igment network. 

.1. Conclusions 

This paper describes a highly innovative method of pattern

ecognition for the detection of pigment network in dermoscopy

mages, based on fuzzy classification of pixels. This algorithm is

he main contribution, and it could also be used to deal with other

attern recognition problems of a similar nature. The method was
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ested on a database of 875 images –by far the largest in the state

f the art in the detection of pigment network– extracted from a

ublic Atlas of Dermoscopy, with AUC results of 0.912 and 88%%

ccuracy being obtained, with 90.71%% sensitivity and 83.44%%

pecificity, which proves its robustness and reliability. In addition,

he classification model generated is simplified, consisting of two

eatures { numProbabilities, numHoles }, with the feature numProba-

ilities proving to be particularly relevant. Some of the contribu-

ions made by the method in terms of the state of the art are the

ack of need for prior preprocessing (e.g. of hairs) and the improve-

ent in differentiation between the reticular structure and other

ermoscopic structures, both problems that arise in most previous

orks on the subject. Moreover, it puts forward a new method-

logical approach for work of this kind –that constitutes an at-

empt to formalise the design of dermoscopic pattern recognition

ethods in a more optimal way– introducing the system specifica-

ion as a required step prior to algorithm design, being this spec-

fication the basis for a required parameterisation –in the form of

onfigurable parameters (with their value ranges) and set thresh-

ld values– of the algorithm and the subsequent conducting of the

xperiments. This algorithm can be integrated into a CAD for the

utomated detection of melanoma –for example, using the “ABCD

ule”– and used in different environments: medical centers (eg 

rimary medicine), telemedicine web platforms, smartphone apps,

tc. 
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