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Abstract—In the paper, we introduce a new dermatological 

asymmetry measure, DASM. We analyze and present dermatologists’ 
approaches to melanocytic and non-melanocytic skin lesions. The 
asymmetry of skin lesion is described as a function of a shape, 
hue and structure.  In the paper, the shape symmetry/asymmetry 
of the segmented skin lesion is discussed and a new 
dermatological measure is defined. The results of the 
method/algorithm using PH2 dataset are presented. Mild and 
malignant skin lesions are often very difficult to diagnose because 
there are many factors that can lead to misdiagnosis, which often 
leads to very long and expensive clinical treatment  

Keywords—symmetry and asymmetry of skin lesion, 
dermatological asymmetry measure; dermatological features 
segmentation; skin lesions classification 

I.  INTRODUCTION  
In the paper, we introduce a asymmetry measure of skin 

lesions that can be applied in dermatology.  

Melanocytic and non-melanocytic skin lesions are often 
very difficult to recognize and diagnose [4][5]. Various sets of 
factors have to be taken into account so as to lead to proper 
diagnosis [4]. The proper dermatological diagnosis is based on 
clinical symptoms, experience of doctors and correct 
differentiation of skin lesions. Skin cancers may derive from 
the individual skin layers, the skin appendages, neurogenic 
blood, papilla and lymph derivatives [12][13]. One of the most 
difficult skin lesion to recognize is papilla which can vary in 
size, shape and appearance.  

In our research, we focus on automated segmentation and 
classification lesion and features inside lesion. Fig. 1 presents 
general approach to the skin lesions processing and 
classification. To achieve the final prediction 3 stages are 
involved from the raw RGB dermoscopic image [16][42] and 
patient data: 

Stage 1. Image processing to achieve lesions segmentation 
with their borders. Skin lesion is most often characterized by a 
texture or color different than in normal skin. Segmentation of 
lesions means finding lesions borders and it can be done by 

various well-known methods [19], [38]. Lesion segmentation 
is often very difficult problem depending on skin tone, 
aberrations, artifacts, lesion location etc. It is very important to 
take into account each of these factors [11], [15]. Many 
various segmentation method are used in this case e.g. 
histogram thresholding [14], [17], [18], clustering [25], [35], 
edge detection [1], probabilistic modeling [40]. A proper pre-
processing steps are very important for the segmentation 
process [2], [34]. The methods and algorithms that can be used 
in filtering skin are presented in e.g. [26], [36]. Commonly, at 
the end of segmentation process, post-processing as region 
merging or peninsula removal is necessary [20]. 

 
Fig. 1 The general approach to the skin lesions processing, segmentation and 
classification 
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Stage 2. Clinical feature segmentation [9] with resulting 
binary masks of clinical feature segments basing on the 
Stage1. Inside the image of skin lesion one can find multiple 
clinical features. Features may be global, local in the small 
area or can have multiple spots. Unlike lesion segmentation, 
each feature segmentation will have multiple segments. In skin 
lesion predicting [5] most commonly employed features are: 
streaks [27], [30], [31], pink shades [21], blotches [37], 
pigment network [32], blue-white veil [7]. These feature 
structures can also be categorized using their different patterns 
e.g. globular or homogeneous [33]. The main attributes used 
in clinical feature segmentation are hue/color, texture, 
structure, shape, location [10]. 

Stage 3. Final classification based on the feature selection and 
classifier model optimization taking Stage 1-2 into account as 
well as patient dermographic data [38], [39]. The raw images 
and dermographic data of the patient can be kept in a single or 
distributed database. Construction of classifier requires set of 
features characterizing the samples. Some features can be 
taken using dermoscopy images, but others have to be 
collected clinically. Final step is using this features in selected 
classification method. Commonly used classifiers are neural 
network [41], k-nearest neighbors [8], support vector 
machines [23] and ensemble learners [3]. 

In our research we use PH2 [24] and DermDB as the 
reference datasets. In the paper, we describe the part of the 
research that is finished at the Stage 3 in the point of classifier 
feature generation of shape asymmetry. 

II. DERMATOLOGICAL AND DERMOSCOPIC CHECKLISTS 
Skin is the largest organ in the human body. A physical 

examination of it without proper viewing is incomplete. The 
foundation of dermatological diagnosis is the ability to assess 
and differentiate correctly skin lesions. Sometimes, it is very 
difficult. In the case of primary skin eruptions, that are usually 
a direct result of the development of the skin disease in some 
cases, even in the early stage of the disease, we cannot find 
these efflorescence as they may occur for a short time.  

Therefore, it is not surprising, that in many disorders of the 
internal organs, changes occur in the skin, which precise 
knowledge often facilitates the correct diagnosis [4]. 

Mild and malignant skin lesions are very often very 
difficult to diagnose. There are many factors that can lead to 
misdiagnosis which often leads to very long and expensive 
clinical treatment [13]. 

Melanocyte is a benign melanocytic proliferation. It can be 
either malignant malformation (hamartoma, a malignant tumor 
that is a developmental disorder) or acquired neoplasia. In the 
last case, not only the number of melanocytes has increased, 
but they are also (at least partially) nests or cords (strings) 
[6],[12],[29]. 

To correctly identify the lesion we need to assign specific 
methods for diagnosis of disease symptoms. Such methods are 
ABCD evaluation scale, 3-point checklist of dermoscopy 
(3PCLD) and 7-point checklist (7PCL). 

Calculating asymmetry of shape, structures, and hue is one 
of the most important factors of correct diagnosis process of 
skin lesion [28]. In the paper, we focus on calculating 
asymmetry of shape. It is a starting point to asses asymmetry 
of the lesion because it is defined as asymmetry of shape, 
structures and hue. 

Asymmetry occurs in methods for diagnosis such as 
ABCD evaluation scale, 3-point checklist of dermoscopy or 7-
point checklist. We have carried out research concerning 
methods mentioned above. We have especially focused on 3-
point checklist of dermoscopy and 7-point checklist. 

TABLE I. 7- POINT CHECKLIST SCORING METHOD FOR DIAGNOSIS 

Major ELM Criteria Score 

Atypical pigment network 2 

Gray-blue areas 2 

Atypical vascular pattern 2 

Minor ELM Criteria Score 

Radial streaming (streaks) 1 

Irregular diffuse pigmentation (blotches) 1 

Irregular dots and globules 1 

Regression structures 1 

 

7-Point Checklist, 7PCL: a definition and histopathologic 
correlates of the 7 melanoma-specific dermoscopic criteria can 
be found in Tab. I. 

3-point checklist of dermoscopy, 3PCLD is defined as: 

• Asymmetry of shape, hue and structures in 1 or 
2penperdiciular axes; 

• Atypical pigment network with thickened lines and 
irregular distribution; 

• Blue-white structures (veil) - any blue and/or white color 
within the lesion. 

Two or more points suggest the diagnosis of 
atypical/malignant lesion. 

The score for criterion presence is determined on the basis 
of the odds ratio. Odds ratios measure the capacity of each 
criterion of increasing the probability of a positive melanoma 
diagnosis. By simple addition of the criteria scores, a 
minimum total score of 3 is required for the diagnosis of 
melanoma 

Odds ratios of each of the 7 criteria were calculated by 
multivariate analysis. 7-point score of 2 was given to the 3 
criteria with odds ratios more than 5, and a score of 1 was 
given to the 4 criteria with odds ratios less than 5.  

By simple addition of the individual scores a minimum 
total score of 3 is required for the diagnosis of melanoma, 
whereas a total score of less than 3 is indicative of a non-
melanoma. 
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TABLE II 7-POINT CHECKLIST, 7PCL: DEFINITION AND HISTOPATHOLOGIC CORRELATES OF THE 7 MELANOMA-SPECIFIC DERMOSCOPIC CRITERIA 

Criterion Definition Histopathologic correlates 
1. Atypical pigment 
network 

Black, brown, or gray network with irregular meshes and 
thick lines 

Irregular and broadened rete ridges 

2. Blue-whitish veil Irregular, confluent, gray-blue to whitish-blue diffuse 
pigmentation 

Acanthotic epidermis with focal 
hypergranulosis above sheets of 
heavily pigmented melanocytes in the 
dermis 

3. Atypical vascular 
pattern 

Linear-irregular or dotted vessels not clearly combined 
with regression structures 

Neovascularization 

4. Irregular streaks Irregular, more or less confluent, linear structures not 
clearly combined with pigment network lines 

Confluent junctional nests of 
melanocytes 

5. Irregular pigmentation Black, brown, and/or gray pigmented areas with 
irregular shape and/or distribution 

Hyperpigmentation throughout the 
epidermis and/or upper dermis 

6. Irregular dots/globules Black, brown, and/or gray round to oval, variously sized 
structures irregularly distributed within the lesion 

Pigment aggregates within stratum 
corneum, epidermis, dermo-epidermal 
junction, or papillary dermis 

7. Regression structures White areas (white scarlike areas) and blue areas (gray-
blue areas, peppering, multiple blue-gray dots) may be 
associated, thus featuring so-called blue-whitish areas 
virtually indistinguishable from blue-whitish veil 

Thickned papillary dermis with 
fibrosis and/or variable amounts of 
melanophages 
 

 
III. DERMOSCOPIC DATABASES 

Below we summarize briefly the accessible databases with 
images and their reference data on which we have conducted 
our research concerning asymmetry of shape, structures and 
hue. 

The presented below databases are effects of a joint 
collaboration between hospitals, dermatology departments and 
IT institutions. 

PH2 [24] contains 200 dermoscopic 8-bit RBG color 
images with a resolution of 768x560 pixels along with the 
corresponding medical annotations, comprising 80 common 
nevi, 80 atypical nevi, and 40 malignant melanomas acquired 
using a magnification of 20x under unchanged conditions. 

DB [22] of Warsaw Memorial Cancer Center (Poland) 176 
dermoscopic 8-bit JPEG color images with a resolution from 
465x599 to 1077x1899 pixels along with the corresponding 
medical annotations, comprising 92 non-melanoma and 84 
images of melanoma acquired using a dermoscope of the 
magnification of 20x. 

DermBD dataset is an outcome of a joint collaboration 
between Department of Dermatology and Venereology of 
Medical University of Lodz, Institute of Mechatronics and 
Information Systems of Technical University of Lodz and 
Faculty of Physics and Applied Informatics of University of 
Lodz. DermDB database contains images with the reference 
data prepared and validated by expert dermatologists from 
Department of Dermatology and Venereology of Medical 
University in Lodz. 

For each image in the DermDB database, the manual 
segmentation and the clinical diagnosis of the skin lesion as 
well as the identification of other important dermoscopic 
criteria are available. These dermoscopic criteria are based on 
3-point checklist of dermoscopy and 7-point checklist. As the 
most important factor, we took into consideration oportunity 
of calculating asymmetry of shape, structures, and hue in 
process of skin lesion diagnosis process. 

IV. DERMATOLOGICAL ASYMMETRY MEASURE, DASM 
For the purpose of this article, we have introduced DASM 

– Dermatological Asymmetry Measure – integral asymmetry 
measure depending on shape, hue/color and structure. 

In the above mentioned databases, especially PH2 the 
values for calculating asymmetry are given as follows 
encountered value 0 means fully symmetric, 1 means 
symmetric in 1 axes, 2 means fully asymmetric. 

To achieve more precision we have proposed specific 
values to perform DASM (Dermatological Asymmetry 
Measure). These values are continuous and are described as 
follows: 

• Shape < 0, 2 > 
• Color/hue < 0, 2 > 
• Structure < 0, 2 > 

We have also increased the asymmetry count by adding the 
asymmetry of hue and structure. Our method predicts the 
asymmetry division into asymmetry of shape, hue/color and 
structure. 
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a)  b)  

c)  d)  
Fig. 2 The binary masks of the selected lesions from PH2 dataset [24] with dermatological asymmetry DAS. 
a) IMD002 with DAS=1;  b) IMD035 with DAS=2;  c) IMD155 with DAS=0; d) IMD339 with DAS= 2 
 

V. DERMATOLOGICAL ASYMMETRY MEASURE OF SHAPE, 
DASMSHAPE 

After segmentation of the lesion and the features in the 
lesion, we have acquired binary masks, see Fig. 1. The next 
step is to select features for the classification of the lesion. We 
may use 3-point checklist or 7-point checklist. One of the 
features is asymmetry of the shape, hue and structure. Below, 
we present a new measure to estimate the asymmetry of the 
shape of the lesion. The shape in our case a shape of the lesion 
means a binary mask of the lesion. We propose the 
dermatological as a real value from <0,2>. 

In the first step let us define: 

• DAS – Dermatological Asymmetry, it is asymmetry of 
the shape, hue and structure. In dermatology, as we 
mentioned above, the value of the asymmetry can be: 0 
for fully symmetric shapes; 1 for symmetric ones in one 
axis or 2 for asymmetric ones. 

• DASM – Dermatological Asymmetry Measure – real 
asymmetry measure depending on shape, hue/color and 
structure; 

• DASMShape – Dermatological Asymmetry Measure of 
Shape symmetry/asymmetry; 

• DASMHue – Dermatological Asymmetry Measure of 
Hue/Color symmetry/asymmetry distribution; 

• DASMStruct – Dermatological Asymmetry Measure of 
Structure symmetry/asymmetry distribution; 

• GSSPT - a geometrical shape symmetry precision 
threshold of binary mask of the lesion is a threshold that 
after the axial transformation the original binary mask and 
mirror are the same in at least threshold value. PSSPT 
values are real values from <0,1>, e.g. 0.95 threshold 
means that the mirrored images are in 95% cover each 
other. The bigger the threshold the bigger similarity 
between mirrored images. The symmetry axis, SAx, 
depends on the GSSPT as well as the number of the 
symmetry axes for a given shape. 

• NSA – number of symmetry axes depending on GSSPT. 
• VoSS – a vector of shape symmetry, it as a vector which 

coefficients are equal to the number of symmetry axes. 
 

Figures 2a-d show different binary masks for lesions with 
their corresponding dermatological asymmetry values assessed 
by the dermatology experts [24].  

The method of deriving and estimating the new 
dermatological asymmetry measure value can be described as 
follows: 
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1. Calculate the number of symmetry axes for a given set 
of GSSPT thresholds n(ti), where ti is a given 
threshold. After our experimental research we propose 
to choose the threshold values as a subset of a set of: 

{0.9, 0.91, 0.92, 0.93, 0.94, 0.95, 0.96, 0.97, 0.98}. 

2. From the values of n(ti) construct a vector of shape 
symmetry (VoSS) W: 

  W = [n(t1), n(t2),…, n(tk)] ,  (1) 

where k≥2.  

3. Design the DASMShape, Dermatological Asymmetry 
Measure of Shape, as a function of VoSS. Because the 
values of DASM and DASMShape are real value from 
<0,2> we propose positive, normalized to maximum 
value of 2 and continuous measure as an exponent of 
function depending of a VoSS vector: 

DASMShape = 2 exp ( – f ( W ) ) ,  (2) 

where function f: Rk  R. 

VI. RESULTS AND CONCLUSIONS 
In our experimental research we have tested several 

versions of function f (W) in (2) and for a different subset of 
GSSPT thresholds. The smaller the number of thresholds the 
faster deriving of VoSS vector W defined as in (1). We have 
achieved the best results for the following subset of threshold 
values:  

{0.9, 0.93, 0.94, 0.95, 0.97}   (3) 

and function f(W) defined as follows 

∑
=

=
5

5

2)(
i

iinaWf    (4) 

where values n(t) defined for (3) are n1 = n(t1) = n(0.9), … , n5 
= n(t5) = n(0.95) and a vector of coefficients is defined as:  

a=[ a1, … , a5] = [0.004, 0.01, 0.17, 0.33, 0.5] (5) 

For the exemplary images in Fig. 2, the VoSS vectors W 
are presented in Tab. III. In the last left column, there are 
presented the values of the f(W) function defined in (4) with 
the coefficients as in (5) with 6 digit accuracy. 

TABLE III. THE EXPLAMPLES OF W VECTOR FOR IMAGES FROM PH2 DATASET 

Image 
ID from 

PH2 

VoSS vector W coefficient values 
f(W) 

n(0.9) n(0.93) n(0.94) n(0.95) n(0.97) 

IMD002 1 0 0 0 0 1.992016 

IMD035 8 3 3 1 0 0.226233 

IMD155 2 2 2 2 1 0.155229 

IMD339 12 12 7 6 0 0.000000 

 

In Tab. IV it can be seen that the values of f(W) function 
of the DASMShape measure do not always correspond with 

the values of the DAS values. The DAS values for the images 
presented in Tab. III are contained in the caption of Fig. 2. 

In Tab. IV we present the classification results for the 167 
cases from PH2 dataset out of 200. We excluded 33 of the 
cases because that images contain only part of the lesion. That 
is why in that cases asymmetry of their shape is impossible to 
derive automatically.  

TABLE IV. RESULTS OF CLASSIFICATION FOR PH2 DATASET 

DAS value 
PH2 

Number of 
images with 

DAS 

Number of misclassified images DASM  
 

0 1 2 

0 107  13 21 

1 31 11  8 

2 29 6 5  

Sum  167 17 18 29 
 

After optimization of the thresholds we have achieved the 
lowest value of incorrectly classified images for the thresholds 
{0.971,1.532}. Overall sum of images with a given DAS value 
shows that in the PH2 dataset we have 107 cases with DAS 
lesion asymmetry equal 0. The proposed dermatological 
asymmetry measure DASMShape takes into account only one 
type of asymmetry. We cannot judge that symmetry in shape 
can give symmetry in hue or structure. It can be seen that for 6 
cases from 29 with asymmetric lesions we achieved full 
symmetry in shape. 
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